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Abstract. This study focuses on modeling the fatigue crack growth rate of QSTE340TM steel using
a neural network. This material is a thermomechanically rolled high-strength, low-alloy steel with a yield
strength of at least 340 MPa, offering a combination of strength, weldability, and excellent cold-forming
properties. It’s a go-to material for automotive and structural applications where durability and lightweight
design are critical. The classical deterministic methods for assessing fatigue crack growth rates are often
quite expensive and require a well-equipped testing facility. In contrast, in recent decades, the methods of
machine learning have become widespread thanks to their ability to discover previously unobvious data-
driven dependencies. Machine learning is a part of artificial intelligence. It is trained on existing data and
improves over time without requiring explicit programming. The experimental dataset was taken from open
scientific sources. It contained the fatigue crack growth rate data for four stress ratios of 0.1, 0.3, 0.5, and
0.7. The input data comprised of the following features: stress intensity factor range AK (MPaNm), fatigue
crack growth rate da/dN, and stress ratio R. The target feature was da/dN, and the two rest were treated as
input features. The model was shown only the data with stress ratio R that was equal to 0.1, 0.3, and 0.7. The
model was tested on fatigue crack growth rate data with a stress ratio (R) of 0.5. The neural network model
in the form on multilayer perceptron was built. The model consisted of two hidden layers, each with 100 and
80 neurons, respectively. The activation function was RELU. The solver was chosen as Adam, and maximum
iterations parameter was 500. The model's errors were as follows: MSE = 1.238¢-10, MAE = 8.594e-06, and
R? = 0.95346. From the obtained results, neural network gives quite accurate prediction results and can
solve such kinds of problems.

Key words: OQSTE340TM steel, machine learning, fatigue crack growth rate; neural network,
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1. INTRODUCTION

QSTE340TM steel is a thermomechanically rolled high-strength, low-alloy steel
with a yield strength of at least 340 MPa, combining strength, weldability, and excellent
cold-forming properties [1]. It’s a go-to material for automotive and structural applications
where durability and lightweight design are critical. Its key advantages are as follows.
Initially, this steel is characterized by high strength and low weight. That makes it
ideal for automotive lightweighting. Secondly, it possesses excellent cold-forming
ability. This means it can be bent and shaped without losing strength. Also, it has good
weldability; therefore, it is compatible with standard welding processes. Lastly, but not
least, this material is corrosion-resistant, as it contains alloying elements such as Cr, Mo,
and Ti [2].

Mechanical properties are typically as follows: yield strength (co.2): > 340 MPa, ultimate
tensile strength cuts is in the range from 480 to 620 MPa. Its relative elongation (A): is
approximately equal to 22% depending on thickness. Its impact toughness is good, suitable for
dynamic loads [2].
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These properties make it suitable for bending, flanging, folding, and other cold-
forming operations without cracking. Chemical composition (approximate limits) are the
following: Carbon (C): < 0.12%, Silicon (Si): < 0.50%, Manganese (Mn): < 1.30%,
Phosphorus (P): <0.030%, Sulfur (S): <0.030%, microalloying elements: Nb, Ti, V, Al are
in small amounts to refine grain and improve strength [2]. This low-carbon composition
ensures good weldability and formability.

Among its typical applications, one can name the automotive industry, where it is
being utilized for chassis parts, reinforcements, and structural panels. Also, this material is
widely employed in construction for load-bearing profiles and beams. QSTE340TM steel is
being actively applied in machinery for components requiring strength and formability. It
can be seen in the energy sector as well, where it is occasionally used in pipelines and
oil/gas equipment [2, 3].

During the service life, the parts of machines undergo cyclic loading in a random
manner, which can lead to the initiation of cracks. These cracks gradually propagate and can
lead to failure of the respective structural elements or automotive components. Therefore, it is
crucial to study the available fatigue crack growth (FCG) data and build some accurate models
to describe the FCG rate at various stress ratio.

The classical deterministic methods for assessing fatigue crack growth rates are often
quite expensive and require a well-equipped testing facility. In contrast, in recent decades, the
methods of machine learning (ML) have become widespread thanks to their ability to discover
previously unobvious data-driven dependencies. ML is a part of artificial intelligence. It is
trained on existing data and improves over time without requiring explicit programming [4].

Recently, ML has become the mainstream of technological society and an inevitable and
ubiquitous part of everyday human life. The data emerges very rapidly, and there is a constant need
to process it to uncover hidden insights and learn something new and valuable from the data [5].

ML has found its numerous applications in different areas of science and technology [6, 7].
Its algorithms allow us to understand data and its nature [8]. Generally, these algorithms
fall into two categories: supervised learning and unsupervised learning. Overall, the primary
goal of ML methods is to develop a statistical model that enables predicting or assessing
the target feature based on at least one input feature. Such tasks often arise in various fields,
including medicine, finance, business, psychology, engineering, and others. On the
contrary, unsupervised learning employs the input features, though without the given target.
In the latter case, one can study the dependencies and structure of such kind of data.

Therefore, due to the practical use of QSTE340TM steel in structural engineering and
automotive technology, it is highly important to predict the FCG data of this steel based on the
available open dataset from scientific sources.

There are quite a lot of studies that deal with the FCG and fatigue lifetime of steels and
aluminum alloys using numerous methods of ML, for instance [9—11].

However, to the best of the author's knowledge, the study of the FCG rate of
QSTE340TM steel using supervised ML methods, specifically an artificial neural network in
the form of a multilayer perceptron, remains an uninvestigated task.

This work focuses on modeling the FCG curve of QSTE340TM steel for various stress
ratios using a supervised machine learning method.

2. EXPERIMENTAL METHODS

The specimens were machined from the plate made of automotive QSTE340TM with a
thickness of 2.5 mm. The mechanical properties were determined through a tensile test. Young’s
modulus E is equal to 194 GPa, yield strength 6o is 365 MPa, and ultimate tensile stress curs 1s
482 MPa [12]. The compact tension specimen (CT) was made according to ASTM E647
standard [13]. The chemical composition of QSTE340TM steel is given in Table 1.
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Table 1

The chemical composition of QSTE340TM steel

C Si Mn P S Al Nb Ti

0.12% | 0.50% | 1.3% | 0.03% | 0.03% | 0.015% | 0.09% | 0.22%

3. RESULTS AND DISCUSSION

The experimental dataset was taken from the study [14]. It contained the fatigue crack
growth rate data for four stress ratios of 0.1, 0.3, 0.5, and 0.7. The input data comprised the
following features: stress intensity factor range AK (MPavVm), fatigue crack growth rate da/dN,
and stress ratio R. The target feature was da/dN, and the other two were treated as input features.

The dataset was pre-processed using MinMaxScaler to transform the data into
the [0, 1] segment. This was done to better train the neural network.

In general, the train dataset contained 596 samples, while the test dataset comprised
171 samples. The model was shown only the data with stress ratios R that were equal to 0.1, 0.3,
and 0.7. The model was tested on fatigue crack growth rate data with a stress ratio (R) of 0.5. A
neural network model, in the form of a multilayer perceptron, was built. The model consisted of
two hidden layers, each with 100 and 80 neurons, respectively. The activation function was RELU.
Solver was chosen as Adam, and the maximum number of iterations was set to 500.

The modelling was performed in a script written in Python 3.13 programming
language. The MLP was constructed by utilizing the scikit-learn library, especially suited
for ML tasks.

Fig. 1 shows the experimental data and the prediction results of the FCG rate of
QSTE340TM steel at R = 0.5 obtained by using a multilayer perceptron.

Experimental and predicted FCG data for R = 0.5

—— experimental data
predicted data
1074 1 7~
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Figurel. Experimental and predicted FCG data of QSTE340TM steel at R = 0.5
The model's errors were as follows: MSE: 1.238e-10, MAE: 8.594¢-06, R?: 0.95346

As shown in Fig. 1, the predicted results are quite accurate. Fig. 2 shows the actual
versus predicted plot for the FCG rate of QSTE340TM steel at R = 0.5.
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Figure 2. Actual versus predicted plot for FCG rate of QSTE340TM steel at R =0.5

The red line is the bisector of the first coordinate angle. The blue points correspond
to the abscissa equal to the actual value of FCG and the ordinate equal to the predicted value
of FCG. The closer the blue points are to the red line, the better the prediction is.

As shown in Figure 2, neural network prediction results can effectively solve such problems.

4. CONCLUSIONS

In the current study, the modeling of the FCG rate of QSTE340TM automotive steel at
R = 0.5 was performed using a supervised machine learning method, specifically an artificial
neural network, considering the stress ratio.

The dataset contained the FCG curves for four stress ratios of 0.1, 0.3, 0.5, and 0.7. The
input data comprised of the following features: stress intensity factor range AK (MPavm), fatigue
crack growth rate da/dN, and stress ratio R. The target feature was da/dN, and the other two were
treated as input features. The model was shown only the data with stress ratios R that were equal to
0.1, 0.3, and 0.7. The model was tested on fatigue crack growth rate data with a stress ratio (R) of
0.5. A neural network model, in the form of a multilayer perceptron, was built. The model contained
two hidden layers with 100 and 80 neurons, respectively. The activation function was RELU. The
solver was chosen as Adam, and the maximum number of iterations was set to 500. The model's
errors were as follows: MSE: 1.238e-10, MAE: 8.594e-06, R% 0.95346. From the obtained results,
neural networks give quite accurate prediction results and can solve such kinds of problems.

The input data consisted of the next features: stress s (MPa), cycle number N, and
loading frequency f (Hz). Based on these data, for each loading cycle, and for each loading
cycle, the dissipated energy was calculated.
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MOJEJIOBAHHS JIIATPAMUA BTOMHOI'O PYHHYBAHHS CTAJII
QSTE340TM HEMMPOHHOIO MEPEKEIO

Outer SAcuiii; JIroooB LlnmoOanok; Harauis baamak; Anapiii baoii

Tepnoninbcokuu HayioHanrbHUU mexHiuHuu yHigepcumem imeni leana Ilynios,
Tepnoninw, Yrpaina

Pezrome. [locnioswcenns cmocyemvca mooemosanns pocnmy emomuux mpiwun y cmani QSTE340TM 3a
00noMo2or0 HellpoHHOT Mepedici. Lleti mamepian € mepMoMeXanHiuHO NPOKAMAHA 8UCOKOMIYHA, HUSLKOIC208AHA CIMAIL
3 epanuyero naunnocmi 340 MIla, sixa noeonye miynicmo, 30amHicnms 00 36aPIOBAHHSL | 4yO08I 61ACMUBOCH X0T00HO20
@opmyeanna. Lle mamepian, AKkuil YCHiWHO 3aCMOCO8YIOMb Y ABMOMOOINCOYOYBAHHA MA eleMEHMAX KOHCMPYKYIll,
ONlA AIKUX pecypc ma Jecke NPOEKMY6anHs € kpumudnumu. Knacuuni oemepminosani memoou oyinoeanms pocmy
6MOMHUX MPIWYUH € HACO O00CUmMb 00po2UMU | uMazaroms 00bpe 0baadHanoi 1abopamopii 011 nposedenHs
excnepumenmie. Ha npomueacy num, 3a ocmanHi OecAmunimms Memoou MAWUHHO20 HAGUAHHS CMANU WUPOKO
NOWIUPEHUMU 3A60AKYU IX GIACMUBOCII GUABIAMU HEOYEGUOHI 3ANIEICHOCMI HA OCHOGI Oanux. Mawunne HaguanHs €
YACMUHOIO WIMYYHO20 IHmenekmy. Bono nasuaemuvcs Ha iCHYIOUUX OaHUX i YOOCKOHAMOEMbCA 3 Yacom be3 nompebdu
AA6H020 npozpamysanus. Excnepumenmanvhuil Habip OaGHUX 835MO 3 GIOKPUMUX HAYKOGUX Odcepein. Bin micmue oani
WBUOKOCMI pOCIY 8MOMHOL mpiuunu 011 Yomupvox acumempiii yuxiy Hasaumaicenns: 0,1; 0,3; 0,5; i 0,7. Bxioni
Oani CKAA0amUCs 3 HACMYNHUX O3HAK: PO3Max Koegiyicnma inmencusnocmi nanpyoicenv AK (MHa\/M), weUoKicmo
pocmy emomnoi mpiwunu da/dN ma xoegiyiecnm acumempii yukny naganmagicennsi R. 3a euxiony sminmny eubpano
da/dN, a 06i inwi cryayeanu @ AKOCMI 6XIOHUX 3MIHHUX MOOeN MAWUHHO20 HagyanHs. Modens mpenyeanu minoku Ha
OaHux 3a Koegiyicumom acumempii yuxiy naganmaoicerns R, sxuil oopisuiosas 0,1; 0,3;ma 0,7. Moodenv nepegipsiiu
HA OQHUX WEUOKOCMI pOChy 6MOMHOI mpiwunu 3 Koe@iyicHmom acumempii yukiy Hasanmaxgcenus R, xompuil
Oopientogas 0,5. [1obyoosaro modens y suenadi bazamouiapogoeo nepcenmpona. Moodens micmuna 08a nPUXO8AHUX
wapu 3 kinokicmio netiponie 100 ma 80, 8ionogiono. @yuxyis akmusayii 6yna RELU. B akocmi onmumizamopa 06pano
Adam, a napamemp maxcumym imepayii dopieniogas 500. Iomunxu moodeni 6yau nacmynuumu: MSE = 1.238e-10,
MAE = 8.594e-06, R? = 0.95346. 3 ompumanux pe3yiomamis, MONCHA NOOAYUMU, WO HEUPOHHA Mepedca 3a0e3neyye
00CUmMb MOYHI Pe3yIbMamu HPOSHO3Y6AHH [ MOJICE PO36 A3Y6amil 3a0ai MaKo2o muny.

Knwuoei cnoea: cmanve QSTE340TM, mawunne nagyamws, weuOKiCmb pocmy 6MOMHOI mpiujunu,
HeUpPOHHA Mepedica, 3a0aia pezpecii.
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