DE GRUYTER

Materials Testing 2025; aop a

Testing Related to Production and Design

Enes Kurt*, Ali Riza Yildiz, Tiilin Inkaya, Ahmet Remzi Ozcan and Istemihan Gokdag

Lightweight design of lattice-embedded brake
pedals using artificial intelligence -based

optimization

https://doi.org/10.1515/mt-2025-0390
Published online November 19, 2025

Abstract: The application of lattice structures has become
increasingly important in designing complex components
due to additive manufacturing (AM) advancements. Various
types and design parameters of lattice structures allow
weight reduction while maintaining the required strength
and improving mechanical properties, with the strength
varying based on these parameters. One common approach
to calculating this strength is by using software solvers like
SimSolid, which employs the meshless analysis solution
(MAS). Considering the variety of parameters, the
complexity of lattice structures, and the computational dif-
ficulties in analysis methods, identifying the optimal lattice
structure for a design is highly challenging. To overcome this
challenge, artificial neural networks (ANNs) are integrated
into the optimization algorithm used in this study. The
training data for the ANN are obtained from the analysis
results of the designs generated using the design parameters
selected by the Latin hypercube sampling (LHS) method. The
ANN s integrated non-dominated sorting genetic algorithm II
(NSGA-II) optimization algorithm is used to minimize the
mass while ensuring the strength of the material by keeping
the maximum stress within the permissible limits. The
method is applied to the weight reduction of the brake pedal,
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approximately 26.96 % is achieved while maintaining the
required strength under existing conditions.
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1 Introduction

In recent years, the additive manufacturing (AM) method
has had a profound impact on the manufacturing sector,
facilitating the production of intricate designs with greater
ease than traditional methods. Furthermore, this method,
which adds flexibility to the design, is frequently used in
repair and prototype production. Widely adopted in in-
dustries such as biomedical, defense, and automotive, AM is
based on the principle of building 3D objects layer by layer
through 3D printing [1].

The potential for the creation of complex structures
through the adaptability of the AM method is exemplified by
lattice structures. These structures are three-dimensional
and composed of repeating unit cells. Lattice structures offer
notable advantages over solid, homogeneous structures,
including high energy absorption, effective sound insu-
lation, and efficient heat management. The necessity for
lightweighting and durable materials in sectors such as
aerospace and automotive has prompted manufacturers to
employ lattice structures [2].

The adoption of lattice structures in various engineering
applications is becoming increasingly prevalent, and advances
in AM technologies have significantly influenced this trend. In
particular, within the fields of aerospace and automotive en-
gineering, these lattice structures offer a valuable solution to
the critical issue of lightweighting while maintaining their
mechanical properties [3]. These properties render lattice
structures suitable for use in components such as brake pedals
in the automotive industry. Furthermore, it can reduce ma-
terial and energy consumption during production, thereby
facilitating a more sustainable manufacturing process [4]. The
versatility of AM technologies has made it possible to produce
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complex lattice geometries that are either near or impossible
to produce with conventional methods, thus enabling engi-
neers to develop new designs [5].

The selection of specific geometries, such as body-
centered cubic (BCC) or gyroid lattices in lattice structures
formed by the repetition of unit cells, directly influences the
mechanical properties of the lattice structure and the
component to which it is applied, including strength and
weight [6], [7]. For example [8], investigated the mechanical
performance of BCC truss structures and discovered that
these properties can be optimized to achieve a balance be-
tween structural integrity and lightweighting. The capacity
to alter the geometric parameters of lattice structures en-
ables engineers to conduct such optimization processes. The
design and optimization process for these structures pre-
sents a number of challenges, primarily due to their com-
plex geometry and the large number of design parameters
that can affect their performance. The aforementioned
challenges make the creation of efficient lattice structures
and the optimization of their design to fit the desired spec-
ifications a challenging and time-consuming exercise.

Traditional density-based optimization algorithms, one of
the most frequently utilized methods in optimization applica-
tions, have yielded successful outcomes in numerous engi-
neering applications. However, challenges emerge when these
algorithms are applied to truss structures with periodic and
discrete designs. These methods, which are primarily designed
for continuous material distributions, have difficulty accu-
rately describing the arrangement and size of unit cells in
lattice structures. Consequently, the optimization results in an
optimal design that fails to achieve the desired goal while
preserving the mechanical advantages [9]. demonstrated the
necessity of optimizing the geometric parameters and the type
of unit cells in lattice structures in a design using lattices and
underscored the shortcomings of traditional density-based
methods in this context. In order to overcome this problem,
designers have attempted to employ new methods and algo-
rithms in the optimization of lattice structures. For instance
[10], employed a genetic algorithm to enhance the topology and
dimensions of lattice structures, showcasing the efficacy of
sophisticated computational techniques in attaining an optimal
design. Additionally [11], posited that topology optimization for
heterogeneous lattice structures could be a fruitful approach,
potentially enhancing the mechanical attributes and func-
tionality of lattice structures. Ultimately, while traditional
density-based topology optimization techniques have been
employed in lattice structure design, they are inadequate for
achieving more successful and optimal designs. In the optimi-
zation of these structures, more advanced optimization algo-
rithms or more innovative methods integrated into these
algorithms are required. For instance, the wuse and
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development of current computational methods, such as
meshless analysis solution (MAS) and artificial neural net-
works (ANN) techniques integrated with genetic algorithms,
can facilitate efficient lattice structure design.

MAS calculation methods allow for the analysis of the
mechanical properties of truss structures; however, the
analysis times may vary depending on the complexity of the
truss structures and the size of the design. In instances
where the requisite analysis times are excessively lengthy,
machine learning techniques such as ANNS may be
employed. ANNs can be trained to predict the mechanical
properties of new lattice designs using data from previous
analyses, thereby significantly reducing the time required
for optimization [12], [13].

In order for an ANN model to be effectively utilized
following its creation, it is essential to train the model using
relevant data from the specific application for which it will be
employed. Obtaining training data through MAS can be a
time-consuming process, dependent on the length of the
analysis. In such cases, to ensure optimal model performance
at a reduced cost, it is essential to ensure an even and
appropriate distribution of the training data, with the objec-
tive of maximizing the model’s learning potential. A variety of
methods exist for the efficient selection and distribution of
this data. These include experimental design techniques such
as Taguchi methods, response surface methodology, and
Plackett-Burman designs [14], as well as sampling strategies
such as Monte Carlo sampling, Latin hypercube sampling
(LHS), and Quasi-Monte Carlo (QMC) sampling [15].

A number of studies in the literature have concentrated
on the objective of optimizing brake pedal designs with a view
to achieving a reduction in weight. For instance [16], applied
topology optimization to a brake pedal design and successfully
reduced its weight by 22 % while maintaining the required
strength under existing conditions. Similarly, [17], for the same
purpose, used BASF Ultrafuse 316L metal-polymer composite
filament and applied topology optimization to the brake pedal
produced with FDM technology and achieved a weight
reduction of 55 %. The brake pedal produced with the new
optimal design obtained in his study was tested with finite
element analysis (FEA) and compared with physical pro-
totypes. As a result of the comparison of analysis and test
results, a safety difference of 9 % was found. In another study
by [18], deterministic and reliability-based design optimization
methods were compared and it was shown that reliability-
based design is more successful in achieving lightweight and
robust brake pedals. However, these studies were carried out
by traditional topology optimization methods and did not
address the issue of optimizing lattice structures.

In this study, lattice structures with a geometry based on
the BBC unit cell are implemented in a specific region of the
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brake pedal. The region in which the BBC lattice structures
are applied represents a strategic area for reducing the
overall weight of the brake pedal while maintaining opera-
tional functionality within the existing design parameters.
In order to achieve the lightweighting process, a number of
geometrical parameters of the BCC lattice structure are
considered and optimized with various design variables.
These include the diameter thickness and the number of
cells, among others. The objective of this optimization pro-
cess is to identify the design parameters that will minimize
the total weight, while ensuring that the MVM stress crite-
rion value obtained as a result of MAS of the targeted po-
tential optimum design does not exceed the yield strength of
the material used in the brake pedal.

In order to accelerate the optimization process, ANN
models must be trained using training data generated
through MAS. The selection of appropriate training data can
enhance the efficacy of ANN models and minimize the
quantity of training data required. Accordingly, the LHS
method is used to generate well-distributed input parameters
and then training data is collected by obtaining the results of
MAS analysis of different designs obtained with these pa-
rameters. The ANN models created with the collected training
data are trained to predict both the weight and the MVM of the
design. The integration of trained ANN models into the opti-
mization algorithm serves to accelerate the optimization
process, obviating the necessity for time-consuming MAS in
order to identify the optimal brake pedal design parameter.

With these methods, the potential optimum design pa-
rameters, the weight and MVM value of the design with these
parameters are estimated. To find the error of the optimiza-
tion using ANN models, the parameters obtained as a result of
the optimization are analysed by MAS method and the actual
weight and MVM output results are obtained. By comparing
the optimization and MAS output results obtained with the
same parameters, it is calculated how much error is made as a
result of using ANN models. Finally, the potential optimum
design is compared with the initial design before optimization
to calculate how much lightweighting is achieved.

Overall, the integration of MAS, ANNs and optimization
used in this methodology provides a robust framework for
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design optimization to generate efficient designs. Especially
in optimization processes targeting different objectives, such
as design lightweighting using complex lattice structures,
the development of successful ANN models and the use of
this integration can greatly accelerate the process.

2 Materials and methods
2.1 Design

In order to create an optimized brake pedal design for use in
FSAE vehicles, the brake pedal design example presented in
the study by [19] is reviewed and a solid model with a similar
design is created in the Altair Inspire pro- gram. The solid
model is divided into three parts to accurately represent the
study and is shown in Figure 1.

Part A, which is the main design; part B, where the lat-
tice structures are applied; and part C, which forms the shell
structure of the lattice structure. Part A is the main part of
the solid model and remains unmodified. The Inspire pro-
gram needs a solid model in the area where the lattice
structures are created. Part B is the part that is used to create
the lattice structures to lighten and optimize the design as
well as maintain the strength. The last part, C, forms the shell
of the lattice structure to strengthen the connection between
B and A, eliminate design defects, and prevent problems
when applying the MAS method. This shell is designed to
have a thickness of 1 mm and surrounds part B.

2.2 Meshless analysis solution

SimSolid uses the MAS method, which differs from conven-
tional finite element methods (FEM) in that it does not require
a structured mesh. The MAS method is particularly advanta-
geous for complex geometries where mesh generation can be
cumbersome and time consuming. Another important
advantage is its ability to handle large deformations and
complex boundary conditions without the problems associ-
ated with mesh distortion. MAS methods, including those used

Figure 1: Initial brake pedal design.
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by SimSolid, rely on a set of distributed nodes to represent the
domain of interest, allowing for greater flexibility and effi-
ciency in computational modelling.

In the literature, these features are emphasised in some
studies. For example [20], emphasises in his study that the MAS
method can quickly evaluate crack propagation in materials
and the efficiency of these methods in dynamic analysis sce-
narios. In another study [21], shows that the MAS method can
reduce the analysis time by up to 92.5% compared to con-
ventional FEM, making it particularly suitable for fast iterative
design processes. This computational efficiency of the MAS
method is due to the elimination of the meshing stage, which is
often a bottleneck in finite element analysis. The ability to
apply boundary conditions directly and to simulate with
dispersed nodes further contributes to the speed and accuracy
of the results obtained with meshless methods [22].

In order to perform the MAS method, analysis condi-
tions specifying the current conditions of the system to be
analysed and a solver are required. SimSolid solution in
Altair Inspire software is used as the solver in this study.
While determining the analysis conditions, the forces and
constraints that the brake pedal in FSAE vehicles is subjected
to during braking are examined and the conditions for MAS
are determined. The determined analysis conditions are
applied to the CAD model and shown in Figure 2.

The force applied surface and the fixed connection S are
shown in red in Figure 2. The direction of force is indicated
by an orange arrow perpendicular to the surface to which
the force is to be applied. According to the [23] rule book,
2000 N, which is the limit force that the designed brake pedal
must withstand, is defined as the force value.

Another necessary condition that can be considered as
one of the analysis conditions is the material definition. The
brake pedal material used in the study is Al 7075 T6, which is
preferred in the study by [19] and is suitable for the brake
pedal part in FSAE vehicles and AM. The material properties
[24] are shown in Table 1.

In this study, the results of MAS analysis are evaluated
according to the Von Mises (VM) criterion. The VM criterion
is used to measure yield and ultimate strength in ductile
materials. In the VM stress, the normal stress and shear
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Table 1: Mechanical properties of Al 7075 T6 material.
Modulus of Poisson’s Density Tensile yield
elasticity ratio strength
71.7 x 10° MPa 0.33 2.81gcm™ 503 MPa

stress are averaged, and information about the stress dis-
tributions and intensities on the part is obtained [25]. For a
ductile material under existing conditions not to undergo
plastic deformation and to show the expected strength, the
maximum Von Mises (MVM) value obtained as a result of the
analysis must be lower than the yield strength of the
material.

2.3 Lattice structure

Lattice structures can be categorized into three different
categories according to their shape: strut-based lattice
structures, ternary periodic minimal surface lattice struc-
tures, and shell lattice structures [2]. There are various types
of lattice structures under these three main categories, and
this diversity brings advantages and disadvantages. Apart
from these three shape classifications, the Altair program
categorizes lattice types differently. These categories are
named surface, strut, and planar [26]. Surface lattice struc-
tures are lattices generated from trigonometric equations.
Changing the equation controls the shape, size, and density
of the three-dimensional structure. The second type of lattice
structure, strut lattice structures, consists of rod-like struc-
tures joined in different directions and has various unit cells.
Finally, planar lattice structures are structures that are
formed as a periodic pattern in a two-dimensional plane and
extruded in a single direction to form a three-dimensional
structure. In addition, the distribution of these lattice
structures can be homogeneous and heterogeneous. Het-
erogeneous lattice structures generally offer more design
freedom than homogeneous lattice structures [27]. In this
study, the lattice structure with homogeneous distribution is
preferred.

Figure 2: MAS loads.
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For part B shown in Figure 1, the strut lattice structure
category and the body-centered cubic (BCC) unit cell in this
category are preferred. This preferred BCC lattice structure
is shown in Figure 3.

There are different parameters to create the desired
structure in the area where the lattice structure is applied.
Strut diameter (D) refers to the diameter of a strut in the
lattice structure. In addition, since the number of cells is not
designed uniformly in this study, a separate variable is
assigned to represent the number of cells for each of the
three dimensions. These three variables, cell size-X (CSX),
cell size-Y (CSY), and cell size-Z (CSZ), represent the number
of cells on the x, y, and z axes, and together with D, there are
a total of four parameters that affect the design. It is aimed to
find the MVM strength and weight of the truss structure by
keeping the other settings at the recommended level, except
for these four main parameters determined specifically for
the design. In line with this goal, the four parameters
determined as variables and the other settings to be kept
constant are shown in Table 2.

2.4 Meta model
2.4.1 Artificial neural network

ANN models are systems inspired by the way the human
brain processes information. They are computer systems
that mimic the human brain, can learn from complex data,
and can be programmed to perform classification, predic-
tion, and different functions. ANN models, which provide
more effective results on more complex data structures than
machine learning methods, are considered more appro-
priate for this study. There are various ANN algorithms such
as multi-layer perceptron (MLP), linear regression, gradient
boosting regression, decision tree regression, and so on for
function estimation [28]. Among these various ANN models,
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Table 2: Mechanical properties of Al 7075 T6 material.

Parameter Value

Cell type Body-centered cubic
Strut diameter (D) 1<D<2(mm)

Cell size-X (CSX) CSX€{2,3,4,56,7}
Cell size-Y (CSY) 6<CSY<24

Cell size-Z (CSZ) 3<(CSZ<10

the MLP algorithm, which is frequently used in complex
function estimation, is chosen for the realization of the
research.

2.4.2 Multi-layer perceptron

As mentioned elsewhere [29], MLP algorithms are models
with one or more hidden layers between the input and
output layers. Mimicking biological neural networks in the
human brain, these MLPs take the sum of the weights of the
neurons in each layer and apply an activation function to
this sum. In this way, they accurately model complex re-
lationships such as classification, function approximation,
and regression analysis through a large number of neurons
and hidden layers [30]. Research shows that MLPs are
achieving very high performance in various applications
with accuracies ranging from 62.89 to 100 % [31].

In many studies and applications, MLPs show better
performance than traditional statistical models, especially in
complex problems. MLPs are ap- plied to multi-objective
optimization algorithms. For example, it is shown in additive
manufacturing applications that complex geometries benefit
from optimized material distribution to improve mechanical
properties and reduce waste [32]. As a different example [33],
uses MLPs integrated with optimization techniques for the
optimal design of large-scale suspensions and shows that
efficient designs are achieved within geometric constraints.

CSZ

Figure 3: Unit and multiple BBC lattice
structure. (a) Unit cell BBC lattice structure
represented by strut diameter D, (b) lattice
structure consisting of 2 x 2 x 2 = 8 BCC unit
cells with CSX = 2, CSY = 2 and CSZ = 2 criteria.
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In addition, MLPs have hyperparameters such as the num-
ber of layers and neurons that can significantly improve
prediction accuracy. Techniques such as tuning these
hyperparameters and feature selection further improve the
power of MLP models [34]. As the field of artificial intelli-
gence continues to evolve and be used in various sectors,
MLPs continue to be used as a critical tool. For these reasons,
MLP as an ANN model is deemed appropriate for the MVM
prediction targeted in this study, as it is a complex data
structure and a difficult model to compute.

There are hyperparameters such as the number of
layers, learning rate, and number of neurons required to
create an MLP model. For the model to give a good result,
appropriate hyperparameters need to be found and these
hyperparameters are used in model training. To find these
suitable hyperparameters, grid search method is used. This
method aims to find the optimum among the selected
hyperparameters. The hyperparameters tested for the
model are shown in Table 3.

In addition, there are different methods for separating
training and vali- dation data in ANN models. Split method,
cross-validation (CV), and leave- one-out are among the most
well-known methods. In this study, considering the number
of data, computer processing power, and working time, it is
decided that the most appropriate training method is the
k-fold CV method. This method divides the data into k parts
and performs a total of k training. During each training, one
of the partitions is reserved as validation data, and the other
partitions are used for training. In each training, the part
that was not previously selected as validation is selected as
validation data. In this way, each data point is used for
training and validation. The model performance is evaluated
by averaging the model results obtained from k training.
According to [35], 5 and 10 values are commonly used for k.
For this reason, the k value is chosen as 5 for the models that
use grid search in the study.

There are different performance criteria for evaluating
ANN models. These criteria vary depending on whether the
model is a classification or function estimation model. Since

Table 3: Hyperparameters of MLP.

Hyperparameters Value

Layer size L 2<l<4

Neurons N N=2"and4<n<8
Activation relu

Solver adam

Alpha a {0.001, 0.01, 0.1}
Learning rate n {0.001, 0.01, 0.1}
Max iteration 10,000

Random state 42
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the MLP used in this study is a regression model, the per-
formance of the model is evaluated based on four perfor-
mance measures commonly used in this field. These four
performance measures are discussed below [36]:

N2
RE—1- >0 -3) )

Y i-y)

The R* measure represents how much of the total vari-
ance in the output values is explained by the input variables.
The closer the R? value is to 1, the better the model fits the
data.

n _ U 2
Zi:l (yi yl) (2)

n

RMSE =

The RMSE measure represents the average error of the
model’s predictions relative to the actual values. This mea-
sure is very similar to MAE, but it is more sensitive to large
errors, penalizing errors more than MAE. For this reason,
RMSE usually takes a higher value than MAE. A smaller value
means that the model performs better.

1z N
MAE = n Zlyl —y,-| &)
i=1

The MAE measure represents the average absolute error
of the model’s predictions relative to the true values. MAE is
less sensitive to large errors than RMSE. Similar to RMSE,
smaller errors indicate better performance of the model.

MAPE = 20 il’v—j i
noal Yy

@

The MAPE measure is the average of the errors in per-
centage terms. It indicates how much the model’s pre-
dictions deviate from the true values in percentage terms.
The smaller this value, the better the model performance.

In the creation of the training, validation, and test data
required for the creation of MLP models to be used in opti-
mization, different designs are obtained by creating lattice
structures on the B section shown in Figure 1 using the pa-
rameters in Table 2 as input, and the MAS method is applied
to these designs within the framework of the analysis con-
ditions specified in Figure 2. As a result of the MAS, the
weight of the part and the MVM stress value on the part are
recorded as output.

While creating the training data, the number of data
points is preferred to be 240, considering many factors that
increase the complexity of the MLP model, such as the
complexity of the structure in the design, the input param-
eters potentially incomplete in terms of representing the
MLP model, and the effect of mesh structures on the model in
the MAS part. While determining the parameters of these
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Figure 4: (a) Normal distribution histogram of the training data, (b) normal distribution histogram of the validation data.

240 training data points, the LHS method is preferred. LHS is
a sampling method that divides the sample space into equal
probability intervals and selects a sample from each inter-
val, thus covering all intervals of the parameters [37]. In this
way, it increases the performance of the model by distrib-
uting the sample space in the training data in a
balanced way.

Looking at the histogram graph in Figure 4a of the
training data generated with the LHS method, it is observed
that the MVM output value is not evenly distributed. The
MLP model, Model-Stress, which is used to predict the MVM
value in the optimization algorithm, is required to make
better predictions around the critical region containing
values of 350-650 MPa, which is close to the yield strength
value of the material set as a constraint in the optimization
algorithm. In line with this request, instead of selecting the
validation data to be used by the model during training from
the training data, it is necessary to create 40 new data points
generated in the critical region and to show a normal dis-
tribution. Considering the unbalanced output distribution of
the training data generated by the LHS method, it is
concluded that a different algorithm should be used to
generate these validation data instead of using the LHS
method. Based on this information, an ANN model, model-V,
with inputs D, CSX, CSY, CSZ, and output MVM, and model-
mass with the same inputs but output mass, are created
using 240 training data points to generate validation data.
While creating these two models, grid search algorithm is
used to maximize the R* value for model-V and minimize the
MAPE value for model-mass using the hyperparameters
specified in Table 3. Subsequently, an input combination
pool containing all combinations of the lattice structure
parameters specified in Table 2 is created. All combinations
in this pool are estimated with model-V, 40 combinations are
selected from the combinations whose MVM values are
within the critical region and then analyzed with MAS, and

the actual MVM values are obtained. As a result of this
method, a validation dataset with 40 data points is created
with a normal distribution in the critical region, and the
MVM distribution is shown in the histogram graph in
Figure 4b.

Using the split method logic, 240 training data points are
retrained with the model hyperparameters specified in Ta-
ble 3, in a way to minimize the MAPE performance criterion
on the validation data. Model-stress is created by selecting
the hyperparameters with the best model performance. The
models are shown in Table 4 with their methods.

The test data required to test the performance of the
generated models is created in the same way as the valida-
tion data and in 25 % of the training data, amounting to 60
pieces. Since it is generated similarly to the validation data, a
balanced MVM output distribution is achieved, and the
performance of the models in the critical region can be
better measured. In this way, the number of data points in
the critical region in the test data is selected as 30, and the
remaining 30 data points are produced with a balanced
distribution between the values in the range of 0-349 MPa
and 651 MPa and above. Test data MVM distribution is shown
in the histogram graph in Figure 5.

In order to optimize the brake pedal, it is required that
an optimization algorithm be employed to utilize the
models created with the data generated as a result of the
various methods employed. There are numerous optimi-

zation algorithms currently available [38]-[48]. For
Table 4: Models.

Model-V Model-stress Model-mass
Train data 240 240 240
Method CV (k=5) Split CV (k=5)
Validation data - 40 -
Strategy R? maximize MAPE minimize MAPE minimize
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Figure 5: Normal distribution histogram of the test data.

example, in [38] comprehensive study on the classification,
applications, and challenges of meta-heuristic algorithms,
he discusses 540 different optimization algorithms. Among
these various optimization algorithms, non-dominated
sorting genetic algorithm II (NSGA-II) is chosen for
this study.

The NSGA-II algorithm is a multi-objective optimization
algorithm with strong efficiency and effectiveness in various
domains, especially in complex problems. Developed by [39]
in 2002, NSGA-II employs a fast non-dominated sorting
approach and an elitist strategy to maintain diversity among
solutions while converging towards the Pareto-optimal
front. This multi-objective algorithm is advantageous in
scenarios where multiple objectives must be optimized
simultaneously [40]. The ability of NSGA-II to handle large
populations and its reduced computational complexity are
some of the features that make the algorithm stand out. For
these reasons, it is used in many applications [41].

Figure 6: MAS result of initial brake pedal design.
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NSGA-II is widely applied in various fields and suc-
cessfully demonstrates these features. For example [42],
study on optimizing the production process of metal mines
uses the NSGA-II optimization algorithm to improve solu-
tion quality. Another study uses NSGA-II to reduce costs
and increase efficiency in the design of solar cells [43].
Overall, NSGA-II proves to be a reliable and successful
optimization algorithm for various optimization applica-
tions [44], [45].

After the choice of the NSGA-II algorithm, the previously
created models are used as constraints and objective func-
tions in the NSGA-II algorithm, and the optimum parameters
are reached as a result of the optimization. When using the
NSGA-II algorithm, population size 1,000 and number of
generations 5,000 are preferred. These values are chosen
high because ANN models integrated into the NSGA-II algo-
rithm can make predictions very quickly.

3 Result and discussion

To compare the design obtained as a result of the optimi-
zation with the initial design, the mass of the initial design is
calculated to be 401.642 g and is analysed by the MAS method
and the MVM value is recorded as 245.5 MPa. For a better
understanding of the analysis result, the MAS result is shown
in Figure 6.

The models shown in Table 4 are created in line with the
methods described previously, and the hyperparameters
with the best performance of the models are shown in
Table 5.

The performance of the obtained optimum models on
the test data and their performance in the critical region of
the test data are evaluated and shown in Figure 7.

Max: 2.455e+02 MPa
— 2.455e+02 MPa
— 2.210e+02 MPa
— 1.964e+02 MPa
— 1.719e+02 MPa
— 1.474e+02 MPa
— 1.228e+02 MPa
— 9.830e+01 MPa
— 7.377e+01 MPa
— 4.924e+01 MPa
— 2.471e+01 MPa
— 1.808e-01 MPa
Min:  1.808e-01 MPa
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Table 5: Hyperparameters of models.

Model Hidden layer sizes n a
Model-V (64, 64, 16, 256) 0.1 0.01
Model-stress (256, 32, 16, 128) 0.01 0.01
Model-mass (128, 256, 32, 64) 0.01 0.1

Figure 7 clearly shows that model-stress outperforms
model-V in all performance measures in the critical region.
From this point of view, it is concluded that the generation of
validation data in the critical region has a positive effect on
the predictive power of the model in this region and the
method is successful. Overall, model-stress achieves a high
MAPE value of 29.4 %. However, this model, which will be
used as a constraint function in the optimization algorithm,
achieves alow error rate of 8.9 % in the critical region where
the optimization algorithm will focus. Model-mass, which
will be used as the objective function in the optimization
algorithm, gives a very successful result in all performance
measures.

Since the models perform well, the potential optimum
lattice structure parameters and their outputs, mass and
MVM, are quickly estimated using these models integrated

RMSE
M Test " Critical region
300 v 273493 270938
250
200 4
150 1
100 4
61.120 57972
30 4
’ 8.963
0 . J
Model-V  Model-stress  Model-V  Model-stress Model-mass
(Crifical (Crifical
region) region)
R’ e
B Test " Critical region
112
. 0.964
0.8
0.6 0.523 0.532
0.4 0277
0.196
02 9
04
Model-V  Model-stress  Model-V  Model-stress Model-mass
(Crifical (Crifical
region) region)

Figure 7: Performances of models.
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into the NSGA-II optimization algorithm without the need for
further analysis. A new design is created with these opti-
mally estimated parameters and analysed by MAS method to
obtain the actual output values.

Since the models perform well, the potential optimum
lattice structure parameters are quickly estimated by using
these models in the optimization algorithm NSGA-II without
the need for further analysis. To obtain the actual results of
these optimally estimated parameters, they are analyzed by
the MAS method. The comparison of the prediction results
obtained through optimization and the true results obtained
as a result of MAS is shown in Table 6.

Table 6: Comparison of the MAS and optimization results for the NSGA-
1L

Optimization MAS Error (%)
D (mm) 1.688 1.688 -
CSX 2 2 -
csy 6.001 6.001 -
Sz 9.999 9.999 -
Mass (g) 297.017 293.345 1.252
MVM (MPa) 502.999 499.356 0.730
MAE
180 B Test " Critical region
1 15542 5519
— 155426 155.231
140 4
120 4
100 4
80 4
60 4 46.995 45851
40 1
20 A 7.114
0 4 .
Model-V  Model-stress  Model-V  Model-stress Model-mass
(Crifical (Crifical
region) region)
MAPE
) B Test " Critical region
0.33
0.294
0.3 0.267
025
02
0.15
a1 0.091 0.089
0.05 0.024
0 N
Model-V  Model-stress  Model-V  Model-stress Model-mass
(Crifical (Crifical
region) region)
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Figure 9: MAS result of potential optimum brake pedal design.

When Table 6 is examined, it is observed that the predic-
tion value obtained as a result of the optimization algorithm is
very close to the actual value, the 503 MPa constraint value,
which is the yield strength of the material, is achieved, and the
initial weight of the brake pedal is reduced from 401.642 to
293.345 g, which is approximately 26.96 %. The potential opti-
mum design obtained as a result of the optimization is shown in
Figure 8, and the MAS result is shown in Figure 9.

4 Conclusions

The study presents an optimization approach is presented to
reduce the weight of the brake pedal by integrating ANN
models into the NSGA-II algorithm. The findings of the study
show that the design obtained as a result of the optimization
is 26.96 % lighter compared to the initial design. This is
achieved without exceeding the yield limit of 503 MPa of Al
7075 T6 material. In this way, the brake pedal design is
lightened in such a way that it can successfully continue its
operation without plastic deformation under current oper-
ating conditions.

DE GRUYTER

Figure 8: Potential optimum brake pedal
design.

von Mises Stress:
4.994e+02 MPa
— 4.99%4e+02 MPa
— 4.494e+02 MPa
1 — 3.995e+02 MPa
— 3.496e+02 MPa
— 2.997e+02 MPa
— 2.498e+02 MPa
— 1.998e+02 MPa
— 1.499%+02 MPa
— 1.000e+02 MPa
— 5.010e+01 MPa
— 1.785e-01 MPa
1.785e-01 MPa

Max:

Throughout the study, the performance of the ANN
models is taken into extra consideration in the critical region
where the optimization algorithm focuses in the search for
the potential optimum design. For this reason, in the Model-
Stress model that predicts the MVM stress, the prediction
ability of the model in this region is increased with the
validation data created specifically for the critical region. As
a result of this approach, an MLP model with a low MAPE
error value of 8.9 % in the critical region is developed for use
in the optimization algorithm.

With the ANN models created with the correct training
data and the models developed by employing additional
methods to increase the model performance, the optimiza-
tion algorithm is able to predict the mass and MVM values
with a very low error of 1.252 and 0.730 %, respectively,
without the need to analyse the new designs containing
complex lattice structures. This success demonstrates how
effective ANNs can be in the process of optimizing designs
with such complex lattice structures. Finally, the methodol-
ogy applied in this study proves successful. To advance and
refine these methodologies, the following strategies can be
investigated:
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— The efficacy of ANN models can be more rigorously
assessed by applying them to diverse lattice structures
and designs, thereby facilitating a more comprehensive
evaluation of their performance across a range of
complex geometries.

— The employment of various experimental design meth-
odologies and sampling techniques can facilitate the
creation of more reliable and diverse training, valida-
tion, and test datasets, thereby enhancing the overall
robustness of the model.

— The efficacy of meta-models developed using different
ANN architectures or other machine learning algo-
rithms can be evaluated in order to identify the most
effective approach for a given application.
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