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BJIA/TUCIIAB I'APKYIIIA

MOPIBHAHHSA MOXUBEOK MATEMATHYHUX MOJEJEN I HEHPOHHUX MEPEX JIJIS 3AJTAY
BU3HAYEHHA BY3JIOBUX IEPEMIIINEHD TA EKBIBAJIEHTHUX HAIIPYKEHb

IpeaMeToM JOCIIiUKEHHS € KOMIT FOTePHE MOJICIIFOBAHHS BY3JI0BHX MEPEMIIIICHb Ta CKBIBAICHTHUX HAIPYKEHb OAIKOBOT0 KOHCTPYKI[IHHOTO EJIEMEHTA.
Meroro po6GOTH € TOpPIBHSHHS TOYHOCTI mepeadadeHb, OTPUMAHUX 3a TOMOMOIOK MaTeMaTHYHHX MOJeiel i HeHpoHHHX Mepex. JlocimimkyBaHuii
CIIEMEHT XapaKTECPH3yEThCSl TCOMETPHYHUMH [TAPAMETPaMK, YMOBAMH 3aKpPIIUICHHs Ta PO3MOAUICHAM CTATHYHUM HABAHTA)XCHHSM, IO BU3HAYAIOTH
xapakrtep medopmauiii i HampyXeHOro craHy. BHXIZHHMH JaHHMH CIYIyIOTh pPe3yJbTaTH YHCIOBHX CKCIICPUMCHTIB, OTpPHMaHI B CHCTEMax
ABTOMATH30BAHOTO IIPOEKTYBAHHsS Ha OCHOBI BapilOBaHHS I'€OMCTPHYHMX ITapaMETpiB i 3Ha4YeHb NpHKIaLeHOro THCKy. Lle mae 3mory chopmysaru
HaBUYaJIbHY BUOIPKY IS TOAJIBIIOr0 aHati3y. JlOCSrHeHHS II0CTABICHOI METH 3a0e3I1edy€e MOXKINBICTh OLIHUTH IIOXHOKH MOJICNICH | BCTAHOBUTH, SIKUi
mijxig 3a0e3nedye BHILY TOYHICTh Hepeq0aucHHs] BY3JIOBHX HEPEMIICHb i €KBiBaJICHTHHX HAIpPYyXeHb 3a KputepieM ¢oH Miseca. s peamizaumii
JIOCITIJUKCHHS. BUKOHAHO MIATOTOBKY JQHHUX YHCIOBHX CKCIEPHMCHTIB, BU3HAYCHHs KJIFOYOBHX IapaMeTpiB, (OPMyBaHHs METanapaMeTpiB, a TaKOXK
[POEKTYBAHHS MaTeMaTHYHUX MOJENCH 1 apXiTeKTypH HeiipoHHOI Mepesxi. HaBuaHHs 31ifiCHIOETBCS 32 IPUHLMAIIOM HABYAHHS 3 YUUTEIIEM: BXiIHUMH
[apaMeTpaMyu € TeOMETPHUYHI XapaKTEPUCTUKU Ta HABAHTAXCHHSI, @ BUXIIHUIMH — MaKCHMaJIbHI 3Ha4YCHHS [IepeMillleHb 1 HanpyxeHs. [lepebadeHHs B
MaTEeMaTHYHHUX MOJAENIAX 0a3yeThcs Ha alTOPUTMI JIHIHHOI perpecii, ONTHMI3allis mapaMeTpiB BUKOHYETHCS 13 3aCTOCYBaHHIM anroputmy Adaptive
Moment Estimation. OuiHIOBaHHS TOYHOCTI 3/1iHCHIOETBCS 33 JIOMOMOTOK (YHKIII CepeIHbOKBaAPaTUYHOI MOXUOKK. Pe3ynbpraToM € peanizawis Ta
HaBYaHHS 000X THIIB MOieNIeH 1 IX MOPiBHAHHS 32 TOYHICTIO epe0aueHb BiJHOCHO €TAIOHHUX JaHUX YHCIOBOTO MOZe/foBaHHs. OTpUMaHi pe3ynbTaTu
(hOpMYIOTh OCHOBY IS NMOAQIBIIMX JOCITIIKCHb, 30KpEMa BH3HAYCHHS BJIACHHX YacTOT i aHATi3y AMHAMIYHHX XapaKTEPHUCTHUK KOHCTPYKLINHHX
@JICMCHTIB.

Ki1104o0Bi ci10Ba: HelipOHHI Mepexi, HABYAHHS 3 BUUTEINIEM, JIiHIHA perpecis, CTaTUYHIIM KOHCTPYKLIHUH MIITHICHUI aHaIi3, METO]| CKIHUCHHHUX
€JICMEHTIB, MaTeMaTHYHa MOJEIIb.

VLADYSLAV HARKUSHA

A COMPARISON OF ERRORS IN MATHEMATICAL MODELS AND NEURAL NETWORKS FOR
DETERMINING NODE DISPLACEMENTS AND EQUIVALENT STRESSES

The subject of this study is the computer simulation of nodal displacements and equivalent stresses in a beam structural element. The objective of this
work is to compare the accuracy of predictions obtained using mathematical models and neural networks. The element under study is characterized by
geometric parameters, fixing conditions, and a distributed static load, which determines the nature of deformations and the stress state. The input data
consists of the results of numerical experiments obtained in computer-aided design systems based on variations in geometric parameters and applied
pressure values. This allows for the formation of a training sample for further analysis. Achieving the set goal makes it possible to evaluate model errors
and determine which approach provides higher accuracy in predicting nodal displacements and equivalent stresses according to the von Mises criterion.
To carry out the study, data from numerical experiments were prepared, key parameters were determined, meta-parameters were formulated, and
mathematical models and the neural network architecture were designed. Training is performed using supervised learning: the input parameters are
geometric characteristics and loads, while the output parameters are the maximum values of displacements and stresses. Predictions in mathematical
models are based on a linear regression algorithm, optimization of parameters is performed using the Adaptive Moment Estimation algorithm. Accuracy
is evaluated using the mean squared error function. The result is the implementation and training of both types of models and their comparison in terms
of prediction accuracy relative to reference data from numerical simulations. The obtained results form the basis for further research, in particular the
determination of natural frequencies and the analysis of the dynamic characteristics of structural elements.

Keywords: neural networks, supervised learning, linear regression, static structural strength analysis, finite element method, mathematical model.

Introduction. Modern engineering design of  structural strength analysis is based on the principles of

structural elements is impossible without the use of
established approaches to determining the stability and
strength of structures based on the scientific principles of
applied mechanics. The synergy of using -classical
mechanical approaches to determine the structural force
parameters and the latest innovations in information
technologies makes it possible to perform calculations for
complex structural elements and determine the key strength
characteristics of assembled mechanism assemblies both as
separate independent modules as well as parts of complex
machines. It should be noted that the complexity and speed
of such calculations currently remain at a sufficiently
acceptable level for their widespread use by design bureaus
and companies manufacturing various machines and
assemblies. The approach makes it possible to determine
the limit values of loads and safety factors for each specific
structure in accordance with its operational requirements
within a relatively short period of time. Linear static

elasticity theory, in which a body in equilibrium—taking
into account its constraints—is subjected to time-
independent concentrated or distributed loads. Under the
action of these loads, the body (the object of study)
undergoes deformation. According to the theory of
elasticity, the sought-after quantities describing the
deformed state of the body are the displacements of its
points, strains, and stresses. The calculated values of the
latter, reduced to an equivalent value according to a specific
strength criterion (in particular, the von Mises criterion),
when compared with the limit values for this material
obtained experimentally, allow conclusions to be drawn
regarding the strength of the structure and its ability to
withstand loads.

Elasticity theory approaches are based on analytical
relationships and consist of differential equations of

equilibrium with respect to stress components,
relationships  between displacements and Cauchy
deformations, and Hooke’s law, which relates
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deformations and stresses. Boundary conditions are added
to these equations, where the main challenge is the
analytical description of the body’s boundary, as well as
initial conditions that describe the values of loads or other
influences on the body at the start of the calculation or
experiment. Therefore, numerical methods are used to
simulate processes or states in complex structures or
elements.

The most common numerical approach to solving
problems of this kind is the finite element method (FEM).
FEM is a numerical method used to approximate the
solution of differential equations in complex geometric and
engineering problems. The main principle of the method
lies in dividing the body into simple geometric elements
(finite elements), which are connected to each other only at
a limited number of nodal points, and applying simple
functions to approximate the sought quantities
(displacements, deformations, stresses) within them. Thus,
initially, based on the principle of minimizing the potential
energy of the deformed body, a system of equations is
formulated regarding nodal displacements, taking into
account loads and constraints. Next, taking these values
into account, displacement approximation polynomials are
formed for each element, after which the distributions of
deformations and stresses within each finite element of the
mesh are determined using Cauchy’s relations and Hooke’s
law. Thus, by not solving for the entire geometry at once,
but rather performing the solution step by step for each
element  separately, the desired displacements,
deformations, and stresses are obtained for all points of the
object under study.[1]

This paper compares the errors in predicting
maximum stresses according to the von Mises criterion and
the values of nodal displacements under load in a structure
with predefined fixations and a static load, obtained using
a linear regression model (hereinafter RM) and neural
networks (hereinafter NN). By linear regression model
should interpreted a linear regression based mathematical
model, optimized with ADAM algorithm, which will be
proved and described below.

Analysis of recent studies and publications. Novel
approaches to calculations based on machine learning
models make it possible to adapt mechanical engineering
problems for processing using polynomial, linear, and other
types of regression algorithms, depending on the domain
and nature of the problem facing the engineer. However, it
should be noted that certain approaches and software tools
have greater error or provide only approximate results in
mechanics problems compared to others. Such tools
include neural networks (NNs), which receive vectors of
several key variables as input data, allowing for the
identification of implicit dependencies between parameters
using activation functions, such as ReLU or the linear
activation function. In contrast, the use of mathematical
models to make predictions based on input parameters
presented as vectors, which include more obvious (linear)
dependencies between key parameters, can provide
predictions with lower error.

In [2], the authors present a new approach within the
framework of probabilistic interpretation modeling, namely
Profile-Wise Analysis (hereinafter PWA). This approach is
proposed for use in mathematical models with full or partial
uncertainty. The method involves the use of profile
functions for forecasting without the need to fix key
parameters.

This approach allows for predictions that are close to
the results of a full probabilistic interpretation, but with
lower time and computational costs. To demonstrate the
effectiveness of this approach, the application of PWA in
biological models with structural parameter uncertainty
was investigated.

In [3], an approach was developed for measuring error
in mechanistic mathematical models within a single
probabilistic framework. The method allows for the
estimation of system parameters and error models via a
likelihood function. As alternatives to the Gaussian noise
model, multiplicative, Poisson, and log-normal models are
proposed.

As in the previously discussed study, this work
applies the PWA method to assess the information content
of parameters and their impact on predictions. The
predictions themselves are generated using the estimated
parameters and a mechanistic mathematical model.

In [4], the authors developed a modified hyperelastic
model to describe the behavior of HMPE and PET fibers
under cyclic loading. The model is based on the use of a
modified Yeoh function to predict the nonlinear behavior
of materials using linear, quadratic, cubic, and exponential
terms that depend on the strain invariants 7, and 7, .

As a result, it was found that taking both invariants
into account improves the accuracy of the hysteresis
approximation. Errors of approximately 0.52% and 1.77%
were achieved for HMPE and PET materials, respectively,
ensuring high accuracy in modeling fibers under conditions
of long-term cyclic operation.

In [5], the authors developed an extended friction
model that accounts not only for the normal load but also
for the sliding speed, contact area, and microstructure of the
surfaces. The model is based on decomposing the normal
force into external and internal components and describes
the coefficient of friction as a function of load and speed.

Additionally, the model accounts for the stages of
contact, namely: adhesion, sliding, and wear. This ensures
a more accurate reproduction of the actual behavior of
surfaces compared to Coulomb’s classical law. As a result,
the accuracy of predicting the friction force under
conditions of varying loads and speeds is improved. Among
the model’s limitations, it is worth noting the lack of
consideration of thermodynamic effects and the assumption
of a constant contact area.

In publication [6], the authors examine the application
of models in robotics. The review covers kinematic and
dynamic models of manipulators, mobile robots, flexible
structures, and complex systems. The shortcomings of
using classical models, caused by simplifications and
linearization that reduce accuracy under real operating
conditions, are highlighted separately.
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The paper also presents an approach to combining
mathematical modeling with artificial intelligence
(hereinafter referred to as AI) methods, in particular hybrid
approaches that enhance the accuracy and adaptability of
mechanisms and structures.

Thus, based on the works discussed above, it can be
concluded that this study is relevant, scientifically valuable,
and appropriate in terms of comparing mathematical
models with machine learning methods within the
framework of determining the static load of beam structural
elements.

Study purpose and objectives. The objective of this
paper is to conduct a comparative analysis of the prediction
errors generated by RM and NN in order to determine
which of the two approaches yields a smaller error
magnitude within a series of validation experiments. The
results of computer simulations of mechanical experiments
in the ANSYS Mechanical Enterprise Academic Student
automated engineering analysis system (hereinafter
referred to as ANSYS) were selected as training and
validation data. The initial data for the experiments are
presented in the form of geometric parameters of the beam
structural element under study, values of the distributed
pressure acting on the structure, and the resulting values
from the computer simulations — the maximum value of
equivalent stresses according to the von Mises criterion and
the maximum value of nodal displacements. The data for
the experiments were generated using a series of
engineering calculations, the input parameters for which
were prepared using a pseudo-random algorithm and
proportional correspondence of geometric configurations
for beam structures.

The solution to the problem is focused on the design
and preparation of regression models and neural network
models, and on comparing the accuracy of their predictions
with the initial data obtained through computer experiments
solved using the FEM approach. The use of alternative
approaches, as opposed to the FEM method, in determining
structural characteristics is intended to accelerate the
process of solving and determining the structural force
parameters, namely, predicting the maximum values of
equivalent stresses and the maximum values of nodal
displacements. Additionaly prepared analitical solution
regarding the general mathematical queations for beam
calculation. Such approach will provide source of trouth
regarding prepared dataset and trained models.

To achieve this goal, the following problems were
solved:

e aggregation of the dataset;

e preparation of key parameters and meta-

parameters based on them in the datasets;

e preparation and training of regression models;

e preparation and training of neural networks;

e preparation and formulation of analytical

approach;

e analysis and comparison of the results obtained.

Mathematical formulation of problem.
Mathematically, we have the following configuration for
performing engineering calculations of the stress-strain

state of a beam structure. We will create a beam structure
with predefined geometric dimensions—width, length, and
height—in accordance with the proportional values of the
beam structure. The structural element is rigidly fixed at the
side edge. The following length-to-height ratio has been
selected as the proportion of the beam structural element
under investigation:
L
A=t (1)
where: A — the basic geometric proportion of a rectangular
cross-section in a beam structure;

L — beam length;

h — beam height.

Parameter A for a steel beam structure, the value must
be within the range 20-30.

The beam structure is rigidly secured along its edge
0Y and is subjected to a static pressure on the face
perpendicular to the fixed face.

The form of the matrix equation to be solved for static
strength analysis using the FEM is given by:

[K]{u} = {F},

where: [K] — system stiffness matrix;

{u} — column vector of nodal displacements;

{F} —a column vector of known components of the
nodal forces.

In this case, Hooke's law, mentioned above, is
expressed mathematically as follows:

)

& = do,

G)

where: € — column vector of deformations;
® — a 6x6 matrix of contracted four-rank tensors;
o — column stress vector.
To prepare the initial parameters for the experiments,
a series of computer simulations was conducted to
aggregate the required amount of data. Three iterations of
calculating the stress-strain state of the structure were
performed in ANSYS using the FEM. The variability of the
simulation is due to the following constraints:
e variable geometric characteristics of the cross-
section of the beam structural element;
e variable geometric characteristics of the cross-
section and length of the beam structural element;
e variable geometric characteristics of the cross-
section and length, as well as the pressure value to
which the beam structural element is subjected.
The solution to the numerical experiment involves a
calculation using FEM, which is based on the approach of
dividing the body into a structural mesh of elements and
finding the solution in each individual element using a
simple approximation function. Figure 1 illustrates an
example of a mesh applied to a structural element in the
ANSYS CAE software.
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Fig. 1 — An example of calculating the stress-strain state and a
specified FEM mesh as part of a computer simulation of a beam
structural element.

The solution to this problem involves the
development and calibration of finite element and finite
volume methods capable of providing predictions, based on
the input geometric and physical parameters of a beam
structural element, in the form of values for maximum
equivalent stresses and nodal displacements, and to
compare the magnitude of the prediction error of both
approaches for each specific variant of computer simulation
data. The novelty lies in comparing and determining a more
accurate approach for predicting the stress-strain states of a
beam structural element. The practical value lies in
identifying an approach capable of determining the
maximum value of equivalent stresses in a beam structural
element with correspondingly smaller error values.

Numerical experiments data. Conducting a
comparative analysis between RM and NN approaches
requires prepared datasets that will be used as input and
output parameters for the models—that is, in their training
and validation. To prepare the data, it is necessary to
perform computer simulations, determine the parametric
characteristics of the structure under study, and
subsequently aggregate the parameters of the beam
element. To implement this, chosed to use a prototype
structural analysis approach within an automated design
system, with typical parameters and subsequent translation
into a high-level programming language script, specifically
Python, and the corresponding modules of the ANSYS
software suite—the gRPC server and the PyMAPDL
translator. These modules are used to ensure iterative
behavior and the stability of aggregating large amounts of
training data. As a prototype of a numerical experiment, a
typical static analysis of the stress-strain state of a beam
element was performed, followed by the solution of a
strength problem: determining the maximum nodal
displacements and maximum values of equivalent stresses
according to the von Mises criterion.

In accordance with the aforementioned data
preparation requirements, the engineering design
environment in ANSYS was configured with the Structural
Analysis setup to determine the strength characteristics of
the beam structure. A separate step involves initializing the
software environment, starting the recording of actions
within the design system, and translating them into Python
directives, which will subsequently be used to iteratively
perform model analysis with different parameters and
collect the results of the calculations. A similar operation is
also performed during the specification of engineering data,

the creation of a geometric prototype, and the analysis of
the structural element itself.

Regarding the engineering values, the material
properties corresponding to the parameters of structural
steel were specified, namely Poisson’s ratio, density, and
Young’s modulus, after first enabling the recording of
actions in the environment. The properties of the
surrounding environment are not critical in this study, so
they were set to standard values. These include atmospheric
pressure of one atmosphere and a room temperature of 22
degrees of Celsius.

The next step was to create a geometric model of the
beam structure in accordance with the above-mentioned
research conditions, which included the explicit
specification of the cross-section and length as mandatory
conditions for the geometric shape of the body.

For the analysis itself, an FEM with a mesh consisting
of hexahedral quadrilateral elements (hex20) was used,
which have 3 degrees of freedom in the longitudinal
displacement directions of the coordinate axes—UX, UY,
UZ. This element also supports elastic-plastic and visco-
elastic nonlinearities and is oriented toward a brick-shaped
mesh of elements. A uniform division of the body into such
elements was performed, and a mesh network was created.

In accordance with the physical conditions, the
boundary conditions for the beam element are specified: the
plane of the side face is fixed with zero structural mobility
along the axes, and the opposite face is free. The initial
conditions were set to zero, i.e., the structure has no prior
loading conditions. A uniformly distributed pressure across
the entire plane of the upper face of the beam structure was
specified as the load.

The next step involves specifying the criteria for
analyzing the structure, namely determining the total
deformation and equivalent average stresses (according to
von Mises) of the element. The results of the analysis are
presented in figure 2.

The accuracy of the calculations and, accordingly, the
quality of the mesh division of the body into a FEM grid
must be verified using the relative difference between the
dominant stress components on the element and its limit, or
between the equivalent stress and its limit in the local
region of high values, the maximum deviation of which
should not exceed 7 %:

(SMXBgsgqv—SMXsgqv)
SMXSEQv

* 100%, (4)

where: SMXBggq, —the upper limit of the equivalent
stress according to the von Mises criterion, calculated
taking into account the stress values from adjacent elements
at a specific mesh node;

SMXpoy —the maximum value of the equivalent
stress according to the von Mises criterion in the
localregion of high stress values [7].

Based on the formula described above, calculations
were performed and a result of 5.77% was obtained, which
satisfies the condition for the accuracy of the mesh division
of the body into elements, i.e., its sufficient discretization
in the regions of highest stress in the beam structure.
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Regarding the suggested approach of aggregating data from
numeric experiments based of FEM via aggregation script
decided to control results based on convergency value in
region. Prepared aggregation script will automatically
ignore result of experiment convergency values more than
7%, according to Equation 4.

The results of a common calculation for a beam
element are placed in Table 1.

221018
5116168 Min

Fig. 2. — Example of a solution to a static structural analysis of a
beam structure showing the distribution of equivalent stresses

Table 1 — Values of typical parametric characteristics and results
of the numerical experiment

Parameter Value
Width 1,2m
Height 0,06 m
Length 0,06 m
Load 9E+6 Pa
Elasticity module 2E+11 N/m2
Poisson's ratio 0,27
Density 7850 kg/m3
The average maximum value of 2,1355E+10 Pa
equivalent stresses according to the von
Mises criterion
Maximum nodal displacements along the 4,7819E-5 m
OY axis
Conducting multi-parameter computational

experiments with varying parameters makes it possible to
identify key aspects for developing specialized software
code designed for repeated iteration of the experiment, with
the aim of generating a dataset.

Based on the results of a typical calculation, basic
parametric characteristics were identified that are essential
for model training and, accordingly, vary from one iteration
of the experiment to another.

The following design parameters were identified:

1. Width;

2. Height;

3. Length;

4. Load,

5. Maximum value of equivalent stresses values in

the structure by the von Mises criterion;
6. Maximum value of nodal displacements;

Data aggregation and preparation. After
performing a standard calculation in the computer-aided
design system, all actions carried out during the main stages
of the analysis were saved, namely: setting the engineering
parameters of the structural material, creating a geometric
prototype, and the analysis of the structural element itself,
including the definition of the FEM mesh conditions, the
initial and boundary conditions of the experiment, and so
on. Accordingly, the actions were recorded in the design
system and translated into Python directives using
PyAPDL.

However, the directives generated in ANSYS are not
sufficient to perform experimental iterations in a standard
Python execution environment; so, it is brought necessity
to install additional libraries that provide access to the
APDL API for proper interaction with the aforementioned
directives and the design system as a whole. The ANSYS
Python library [8] was installed.

The ANSYS library provides an API for interacting
with ANSYS Mechanical to perform direct analysis and
with ANSYS Geometry Service to create geometric design
prototypes. All interaction will be based on the gRPC
protocol, which is included in the ANSYS suite and is
responsible ~ for  performing  so-called  headless
computations.

During the preparation of the data collection program,
the number of experiment iterations was calculated to
aggregate the number of records using the following
formula:

N=CZ, (5)
where: N — the number of data points (vectors) required to
train the model;

P — the number of trainable parameters;

¢ —relative value of the total error;

C — control constant, inductive bias.

Accordingly, we must calculate the parameter using
the given formula:

P=%i(n_4 +ny, (6)

where: L — model layers number;

n —number of neurons per model layer;

Based on the formulas listed above, for training the
model with an input vector containing 15 parameters
(including meta-parameters), the optimal amount of data is
1000 records (vectors), respectively.

Based on the aforementioned mathematical
conditions of the study, three cycles of data aggregation
were performed according to three design analysis
scenarios.

Important part of study is tracking amount of time that
system spent for preparing and aggregating data for
alterantive metods models. According to emperical
observations was defined that single iteration of simulation
takes about 7-10 seconds, which extrapolated to numer of
records shows time frame from 116 to 166 minutes per
single dataset preparation, which necessary unique for each
of 3 experiment conditions. In total was spent from 348 to
498 minutes to aggreate necessary amount of data.
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After collecting a sufficient amount of data and
forming arrays in accordance with the specified conditions,
it is necessary to create meta-parameters, which are derived
values from the values aggregated directly during the
experiments. To facilitate faster formation of meta-
parameters, without complicating data types and program
code, and to enable convenient work with large amounts of
data, an analysis of ready-made solutions for working with
aggregated data was conducted.

The Pandas [9] and Keras [10] libraries were selected
for comparison. The comparison focused on the libraries’
ability to work with tabular data, performance, and
compatibility with ML and ML systems. Pandas offers a
wide range of capabilities for working with tabular data,
specifically filtering and sorting functions, as well as
performing certain types of mathematical transformations
on dataset vectors. It is a specialized tool for more advanced
use in research and feature engineering. One of its
drawbacks is its use of an in-memory data storage
approach, meaning it stores data in RAM, which can
impose certain limitations when working with large
datasets. Keras, on the other hand, has fewer functions and
capabilities for working with data compared to the first
library, and offers poorer functionality for reproducing
results, which is important when conducting various
experiments and can complicate the program code.
However, it is worth noting that Keras offers native
integration capabilities when working with data and
directly training models. But this feature is not key, since
Keras is specifically designed for working with neural
networks [11]. Based on the analysis, comparison, and
characteristics of the research subjects, the Pandas library
was selected for data processing and the formulation of
meta-parameters.

Table 2 presents an example of aggregated data for the
first dataset (variable beam cross-section parameters).

Table 2 — Aggregated data examples for problem No. 1

BIOCkﬁfzumng’ Max_VMIS, Pa Max_Delta, m
7,6176 5 42E+08 0,0146765
6,5536 1,48E+09 0,0692422
7,4529 8 98E+07 0,000751757
4,8841 2,91E+08 0,0046644
1,8225 3,55E+08 0,00576457
3,1684 1,15E+08 0,00101172
2,6244 9,24E+08 0,0313842
1,9321 6,97E+08 0,0180675
4,7961 1,21E+08 0,00112887

Explanation for table 2:

e Block cutting —the cross-sectional area of the
beam,;

e Max VMIS —values of maximum equivalent
stresses using the von Mises criterion;

e Max Delta—the value of maximum node

displacement along the OY axis;

In accordance with the mathematical problem at hand,
the data presented in Table 2 pertain to Problem No. 1, i.e.,
the cross-sectional parameters are variables, while the
length and pressure remain constant.

The next step in data preparation involves the process
of so-called feature engineering [12]. The idea behind this
procedure is to identify key parameters in the dataset that
will be crucial for training the models. A separate aspect of
this process is the creation of meta-parameters—derived
data—to improve the identification of key parameters in the
dataset. The key data in this case are those that will have a
clear dependence on the initial parameters of equivalent
stresses and nodal displacements.

After performing the data analysis, we can summarize
the following list of parameters available at the start of the
feature engineering process:

e Length — beam length;

e  Width — beam width;

e Height — beam height;

e Pressure — the value of the distributed pressure on

the beam

e Horizontal section —the plane of the top face OX.

Based on the listed parameters, meta-parameters have
been defined to enable a more comprehensive analysis of
the relationships between parameters. List of meta-
parameters:

e Aspect ratio — the ratio of the length to the height

of the structural element;

e Inertia — the moment of inertia;

e Total force — the total applied force to the area of

the top face of the structure;

e Vertical section — the cross-sectional area of the

beam element;

e Moment max — the maximum value of the

bending moment

e Theta — structural stability under bending;

e Sigma — stress intensity under bending.

e The initial parameters are listed below:

e Max VMIS — maximum value of equivalent
stresses according to the von Mises criterion;

e Max Delta — maximum value of nodal

displacements along the OY axis.

After finalizing the dataset, an analysis was performed
of the relationships between parameter values and key
(input) parameters. It should be noted that, given the
presence of several key parameters in the problem
conditions, it is necessary to identify dependencies for all
of the listed parameters.

Key dependencies were found for the dataset with
variable cross-sections:

e between the maximum equivalent stress and the
cross-sectional areas of the side faces of the beam
structure in a dataset with variable cross-sections.
A graphical representation of this relationship is
shown in figure 3.
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Fig. 4 — Example of the relationship between the area of the
lateral face (x-axis) and the maximum nodal displacements (y-

axis) for a variable cross-section

In addition, dependencies were identified for datasets

with varying cross-sectional areas and lengths:
[ ]

and the maximum equivalent stress.
relationship is shown in figure 5;

e the relationship between the values of bending
stress  intensity and  maximum
displacement.

The relationship is shown in figure 6.
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Fig. 5 — Example of the relationship between length and height
(x-axis) and maximum equivalent stress (y-axis)
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Fig. 8 — Example of the relationship between stress intensity
values during bending (y-axis) and maximum nodal
displacements (x-axis).

Based on the mentions above, drew the following
conclusions. A specialized program for ANSYS was
developed using the APDL API for data aggregation. After
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collecting the data and performing all necessary data
processing, and having identified key dependencies
between the parameters and key variables, three datasets
were formed, each containing a sufficient amount of data to
achieve the established research objective, namely the
preparation of RM and NN for their subsequent comparison
and tracking amount of time spent for aggregating
necessary amount of data.

Model preparation. Based on the mathematical
formulation of the problem, we designed two models each,
in accordance with the research objective—to compare the
prediction errors of RM and NN. The comparisons were
conducted on progressively more complex data, grouped
into datasets:

e a dataset with variable cross-sectional area

characteristics of a beam element;

e adataset with variable characteristics of the cross-
sectional area and length of the beam element;

e adataset with variable characteristics of the cross-
sectional area, length of the beam element, and
uniformly distributed pressure supported by the
beam element.

The next step was to determine which approach would
be used in the abstractions under study: networks or
regression models. In the practice of designing artificial
intelligence models, two distinct problems can be identified
that the models are intended to solve:

e linear regression problems — predicting a scalar

based on input parameters;

o logistic regression problems — classifying vectors
according to input parameters, or the so-called
Bernoulli probability.

Given the nature of the engineering problem, we can
conclude that this problem falls under the category of linear
regression problems—using the input parameters to predict
the scalar nodal displacement and the maximum value of
equivalent stresses. This type of problem has established
solution approaches in both model variants—RM and NN.

Given the need for models to predict not just one but
several values, it is necessary to create not simple NN and
RM models, but so-called parametric surrogate models,
which will include two independent generalized linear
models for predicting each individual structural parameter.

Additionally, based on the input data—specifically
the values of nodal displacements and maximum equivalent
stresses—it is advisable to use special approaches for
scaling the values. This approach aims to approximate the
values to the origin of the coordinate system, which will
accordingly decrease or increase the values of the dataset
parameters. This scheme allows for a significant increase
in the accuracy of the model’s predictions if the values have
a substantial range of variation, i.e., values that are too large
or too small [13] The StandartScaler function from the
sklearn library is used as the actor in this aspect [14].
Additionally, for node displacement values, an approach
using logarithmic transformation, the so-called z-index (7),
is employed.

z=LF (7

where: y — the actual initial value of the vector;

p — the mean of the logarithmic shift in the dataset;

o — standard deviation of the logarithmic shift;

When creating a mathematical model in accordance
with the conditions defined above—specifically, a linear
regression model trained using a teacher—it is necessary to
use a formal definition of the training and optimization of
this model. The formal definition is described in Equation
8.

0 € argminy I, L, f5(x)) +20(0),  (8)

where: x; € R? — vector of parameters (input values) for
the dataset;

y; — a vector of key features (initial values) of the
dataset;

L — loss function;

Q — control function;

A —regulation sensitivity coefficient.

The function for training the model using linear
regression is described by the formula 9

f(x) = wTx + b, 9)

where: w! — weight vector;

x — vector of input parameters;

b — shift in values.

Creating a neural network requires the approach
described in Equation 10. That is, summing the results of
the activation functions across layers based on the input
data and without directly modifying the activation function
itselfly.

fo(x) =1, (fL—I("' f; (x))),

fy(h) = o;(W;h + by), (10)

where: W, — weight matrix;

o; — layer activation function;

b, — vector of value shifts;

0 = {W,, b;}i—, — training settings.

Based on the formal definition of the model, it is
necessary to select a software implementation for RM and
NN to facilitate their accelerated and unified development
and training. For the RM, the Python library sklearn was
selected. This library provides a wide range of ready-made
interfaces for interacting with various types of models,
predefined optimization functions, error estimation
functions, and more.

For creating neural networks, the PyTorch[15] and
TensorFlow[16] frameworks were selected for comparison.
The key characteristics identified include the ability to
reuse model training and optimization descriptions, the
formality of neural network specification, and the
availability of an ecosystem of ready-made solutions for
implementation. PyTorch offers a wide range of
capabilities and flexible solutions, but provides more tools
for low-level optimization for various types of network
tasks and is used specifically for neural network research.
TensorFlow, on the other hand, offers capabilities for
working with high-level abstractions and a wide range of
ready-to-implement solutions, supporting various types of
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neural networks. Given the above, TensorFlow is the
optimal choice for creating neural networks.

The design and description of the RM, in accordance
with Equation 6, also requires a loss function, which is
intended to evaluate the accuracy of predictions regarding
the input values and the output during training, testing, and
direct application in the RM. The mean squared error
function is used as the loss function for the RM. A formal
description of the function is given in Equation 11.

Lw,b) = 1, = Wx + b))% (1D)
where: wT — weight vector;

x; — vector of input parameters;

y; — the value of the output parameter (actual);

b — bias values.

The development of a neural network requires the
definition of a specific architecture consisting of
sequentially connected layers, where each layer contains a
corresponding number of neurons and activation functions
used for processing input data and generating output
predictions. In addition, the training process requires the
selection of both an optimization algorithm and a loss
function.

In this study, the Mean Squared Error (MSE) function
was selected as the loss function due to its suitability for
regression-based  engineering  problems  involving
continuous output parameters. The formal definition of the
MSE function is presented in Equation 12.

Several optimization approaches were analyzed in
accordance with the characteristics of the investigated
problem. In particular, the ADAM optimization algorithm
and the least squares method were considered and
compared. The selection criteria included the ability of the
optimization method to efficiently explore the solution
space, provide stable convergence during the training
process, and ensure applicability for both regression
models and neural network architectures. Such an approach
allows a consistent optimization framework to be applied
across all investigated model types.

Based on the obtained results, the ADAM
optimization algorithm was selected due to its faster
convergence rate compared to the least squares method, as
well as its ability to achieve lower prediction error values
during the training process. The mathematical formulation
of the selected optimization algorithm is presented in
Equation 13.

(12)

where: N — the number of input data vectors in the dataset;
Yfact — the value of the output parameter (actual);
Ypreaict — the value of the predicted output parameter.

ge = VoL(8y),
me = Byme_y + (1 —B1)Ge.
Ve = Bovemg + (1= B2)g:%

where: g, — backpropagation gradient descent function;
m; — exponential sliding average of the gradient;

1
Lysg(8) = ;Z?Izl(ylcact - Ypredict)za

(13)

B,, B, € [0,1) —pulse decay time;

v, —root mean square exponential sliding of the
gradient;’

Now that we have prepared the necessary components
of the neural network, we will move on to using the dataset
in accordance with the research objectives. Prior to
beginning the model training process, the task datasets were
divided into appropriate parts:

e Training set — data used directly to train the

models (70% of the total);

e Test set — data used to verify the accuracy of the

model’s predictions (30% of the total data);

This approach, which involves splitting the data in
this way, aims to create competitive conditions for training
the model. In other words, the training and test sets are used
directly during the creation and optimization of the model
to verify its accuracy.

Having outlined the approach to splitting data for
training and validating models, the next step is to set the
key parameters according to the conditions of the problem
under study. These conditions are the same for both types
of models under study. The approach involves investigating
the prediction accuracy of both model types under
essentially similar key parameters and tracking their
behavior with increasingly complex (less explicit) data.
The following parameters were selected as input data for
the models:

e aspect ratio;
inertia;
width;
height;
length;
total force.

After running the training, the models produced the
following predictions. Tables 3 and 4 present the results of
the mathematical model’s predictions for each of the
datasets described above (Model No. 1 corresponds to
Dataset No. 1, and so on).

Additionaly was tracked time alocation to learn
regression model. It takes less than 5 sec. to learn single
model which is preatty fast but regarding to moder laptop
resources.

Table 3 — Accuracy of regression models in determining
maximum node displacements

Error value in Error value in
Ne RM RRMSE RRMSE
(Training set), % (Test set), %
Model Ne 1 >0,01 0,43
Model Ne 2 0,09 1,89
Model Ne 3 0,29 7,24
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Table 4 — Accuracy of regression models in determining the
maximum equivalent stress

Table 6 — Accuracy of neural networks in determining maximum

equivalent stresses

Ne RM Meani.ng of RRMSE Err}glr{VMalsug in
(Training set), % (Test set), %
Model Ne 1 0,01 0,62
Model Ne 2 >0,01 0,60
Model Ne 3 0,08 6,17

No NN RRMSE Error value | RRMSE Error value
(Training set), % (Test set), %
Model Ne 1 13.60 13,47
Model Ne 2 14,29 15,24
Model Ne 3 13,23 13,46

After training and testing the RM, similar steps were
performed for the NN.

To design the network, we will refer to the data
aggregation principle described above, which determines
the number of layers and neurons in the NN. Based on the
aggregated data, we have 4 hidden layers with 64 neurons
in each layer. Based on this description, an MLP perceptron
is formed. The design of the MLP is based on the idea of
creating a surrogate model, which involves specifying two
competing networks for the simultaneous determination of
equivalent stresses and nodal displacements. In this case,
the input layer will be common to both circuits, while the
output layers will be defined separately.

After designing the MLP, activation functions for the
hidden layers were selected. These functions influence the
input parameters received from the previous layers of the
network, along with the neuron’s weight coefficients in a
specific layer. Thus, a cascading effect occurs on the input
data through the network layers. The ReLU function,
described in Equation 14, was chosen as the activation
function for the layers of the feedforward networks. For the
output layer, the Linear activation function was used.

ReLU(z) = max(0, z),
z<0-ReLU(z) =0,
z 20— RelLU(z) =z,

(14)

where: z — input parameters that are passed to the layer;

The epoch-based approach was chosen as the training
method for the models. The idea behind epochs is to
gradually optimize the model after the data has been fed
into the model and the optimization function has been
executed at the end of the epoch, with the optimization
results carried over to the next epoch. Based on the
complexity of the task and the volume of data, we set the
number of epochs to 300.

From learning time perspective been spent about 18
sec. to learn single NN with modern laptop resources,
which is not so important from process perspective.

Table 5 — Accuracy of neural networks at determining maximum
node displacements

Ne NN Val.uef RRMSE Value RRMSE
(Training set), % (Test set), %
Model Ne 1 3,51 3,24
Model Ne 2 7,94 8,85
Model Ne 3 14,98 15,02

Additionally, as a part of verification process been
prepared analytical solutions based on Cantilever beam
under distributed pressure theory, which fits for FEM
verification and works by Euler—Bernoulli bending beam
approach for verification maximum equivalent stress by
von Misses criterion which described at equation 15. For
nodal displacement been taken Euler—Bernoulli bending
beam theory with Timoshenko shear correction for
rectangle beams described at equation 16.

_ Mmax*y _ 3PL2
Omax = I ~ p2?

(15)

where: M,,,, — bending moment produced by a uniformly
distributed load over a beam,

I — second moment of area for a rectangular cross-
section about its neutral axis.

__ 3pL*
= 2ER?

b

V(x) =q(L - x),

__ 6pL%(1+v)
= sEmn

O (16)

Stotar = 05 + 6y,

As results of this section of the study include the
design of NN and RM models, the identification of the main
mathematical functions used in the models for
optimization, and the verification of prediction error values.
It was determined how the input data will be divided prior
to model training and which input parameters will be used
during model training. Additionally, the accuracy of
different types of models (NN and RM) was trained and
investigated using prepared data, in accordance with the
conditions of the tasks and the datasets associated with
them. The prediction error of RM and NN on the training
dataset was identified when determining the maximum
nodal displacements and maximum equivalent stresses of
the beam structure. Prepared analytical solution to verify
obtained results from both models.

Verification of model predictions. After preparing
the necessary datasets for numerical experiments,
designing and training models in accordance with the tasks
described above for determining the structural parameters,
it is advisable to verify the accuracy of the models’
predictions and compare the RM approaches themselves on
the NN, namely, the accuracy of their predictions relative
to the values of calculations performed in the ANSYS
system, calculated by FEM numerical method and to
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compare it with analytical approach values which will
indicate any kind of anomalies in prepared data and trained
models. To ensure impartiality in the verification and to
prevent issues related to pre-learned model responses,
additional data collection based on prepared aggregation
script, which calculates elements via FEM. Procedures
were performed for data that the models had not previously
encountered, corresponding to each of the investigated
loading conditions and structural element fixations.

Figure 9 shows: the predicted values of maximum
nodal displacements and maximum equivalent stresses for
Problem No. 1 for regression models (square, rubin), neural
networks (circle, triangle) and analytical approach (cross,
plus) based on MSE. DISP — values of maximum nodal
displacements, VMIS — values of maximum equivalent
stresses.

Accuracy (%)

50 e Ou I
E X
k.
—A- Neural Network - D

—O- Neural Netwiork - VMIS (u=90.6%) S {p=9s.3%)
- Regression - DISP (4=99.8%)

. O reqression -V, 1=90.9%)

) X Analytical -vMIS (=60.9%)
Analytical - DISP (1=97.0%)

%0 1 w7 a3 aa a5 26 w1 u5
sample

Fig. 9 — Graph of models predictions for Problem No.1

Figures 10 and 11 show the graphs of the predicted
values from regression models, neural networks and
analitical approach for problems No. 2 and No. 3,
respectively.
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Fig. 10 — Graph of model predictions for Problem No. 2
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Fig. 11 — Graph of model predictions for Problem No. 3

Results analysis. After conducting a series of
validation experiments on the RM and NN models, will
draw conclusions regarding the magnitude of the prediction
errors for these models.

The values average accuracy of regression model,
neural networs and analitical solution for determing
maximal equvaltent stress values by von Misses criteria
presented at Figure 12. The accuracy average values of
regression model, neural networs and analitical solution for
determing maximal nodal diplacement values presented at
Figure 13.

100 VMIS Mean Accuracy by Phase

Il Neural Network
EZZ1 Regression Model
E=8 Analytical

VMIS Accuracy (%)

Case 2

Fig. 12 — Charts of model’s accuracy for von Misses criterion

Based on the data presented in charts few conclusions
detected. Variety and compexity of data don’t affect
predictions by models dramatically. From accuracy
perspective for problem No. 1 best fit provided by
regression model, but from analitical model perspective
might be determed as a overfiting for von Mises criteria
values. Other point is that analitical solution showed 60%
of accuracy on FEM prepared data which might inform
about not clear or consistent data from beam proportions
perspective for this specific problem.
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DISP Mean Accuragy, by Phase

99.7%
EEl Neural Network
Regression Model
Analytical

100

DISP Accuracy (%)

Case 1 Case 2 Case 3

Fig. 13 — Charts of model’s accuracy for nodal displacement

Although, for problem No. 2 and No. 3 obtained
convergency between neural network model percent of
accuracy and analitical solution, which describes that NN
model does not trained with overfiting as a regression
model which showed more than 95% accuracy for von
Mises criteria.

For nodal displacement values, for problem Nel

regression model shows overfiting, analitical approach
indicates about inconsitent data. But for problem Ne2 and
Ne3 obtained correct values and from this perspective
regression model showed better accuracy than NN.
The obtained results indicate that further improvement in
prediction accuracy requires a substantial increase in
dataset size and greater variability of the training data.
Based on the presented results, it can be concluded that NN
models provide a more accurate approach for determination
of maximum equivalent stresses according to the von Mises
criteria structural analysis problems, but for maximum
nodal displacements determination fit regression model
approach. This picture shows additional impovements of
aggregated data that necessary to prepare. Also need to
mention about time spent on data preparation. From this
perspective to generate datasets for all mentioned problem
been spent from 6 to 8 hours which is not so effective and
need to be improved as workflow. Other important part is
the training time for regression model requiers less aboumt
of time than a neural network

Conclusions. The objective of the presented study
was to evaluate the applicability of artificial intelligence
methods for predicting the strength characteristics of a
structural beam element based on its parametric properties,
including geometric parameters, material properties, and
mechanical loading conditions. The investigated output
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