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Abstract

The estimation of the tooth root bending fatigue strength of gears is a topic of great interest in the field of mechanical
engineering. The assessment of this mechanical property is generally conducted through the execution of a series of tests
and, in many cases, a long-time experimental campaign is necessary for the bending fatigue strength evaluation. The present
study aims at the estimation of the bending fatigue strength in gears by using the well-known Thermographic Method
with integrated Machine Learning techniques implementing Gaussian process regression and artificial neural networks.
This approach allows for the combination of a Non-Destructive, green technique with Artificial Intelligence algorithms,
determining a rapid and reasonable estimation of the bending fatigue strength for gears. Among all methods, the statistical
analyses confirm that all models have high accuracy. However, Gaussian process regression and deep neural networks
may be superior in comparison with other methods, and their precision and reliability may be higher for advanced fatigue
assessment. This tool could be helpful to cut down experimental workload with the help of Thermographic Method for the
tooth root bending fatigue strength estimation, hence enabling very fast Non-Destructive evaluation of gear performance.
Thermography approach combined with Machine Learning agrees sustainability by saving critical resource-intensive testing
and leads to an advanced mechanical properties evaluation framework in gear systems, hence offering important alternative

to the classical methods.

1 Introduction

The application of Passive Thermography (PT) as Non-De-
structive Testing (NDT) technique presents numerous ad-
vantages, including non-contact, full field measurements
and reduced testing time. In the specific context of me-
chanical research, several studies were conducted by using
infrared (IR) detectors to investigate fatigue phenomena.
The feasibility of these detectors for temperature analysis
in fatigue tests was initiated around the 1970’s [1] and, ten
years later, the topic of the fatigue limit estimation attracted
significant interest. The earliest documented application of
the Thermographic Method can be found in [2, 3], where
the One Curve Method (OCM) was proposed as a novel
approach for a rapid fatigue limit estimation through the
utilisation of PT. The papers identified an empirical linear
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relation between stabilisation temperatures and the applied
stress amplitudes, allowing for the fatigue limit estimation.
Subsequently, various papers were published with the aim
of improving the OCM methodology, as an example re-
ported in [4, 5]. As a matter of fact, an accurate analysis
of the intrinsic dissipations generated during the fatigue
test was found to be crucial in identifying the fatigue limit.
A further analysis was proposed in [6], where the estima-
tion was obtained from an iterative process that examined
both low and high loads. More in detail, the fatigue limit
was identified using the intersection of two linear curves
approximating the surface temperature increment, starting
from an initial guess of the fatigue limit. This procedure
is known as the Two Curves Method (TCM). Furthermore,
other thermal parameters were presented for the purpose
of analysing the fatigue limit, which were derived from
temperature profiles recorded during fatigue tests [7]. In
a recent article [8], the focus of the Thermographic Method
moved towards its application in the analysis of a mechani-
cal component instead of classical samples. At the end, the
results regarding the fatigue resistance by using the Ther-
mographic approach were in good agreement with those
provided from consolidated approaches. So, the Thermo-
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graphic Method offers a rapid and economical alternative
to conventional methods, such as the Staircase analysis, for
the fatigue life estimation, although its primary application
remains the analysis of classical samples.

Over the last years, the advent of Artificial Intelligence
(AD) techniques, such as Machine Learning (ML), appears
to be a valid approach in the mechanical field, specifically
in the context of fatigue life prediction. Examples of this
approach can be found in the literature, such as in [9, 10],
where ML were widely used to predict the fatigue life of
materials, extend fatigue datasets and to identify significant
factors for improving prediction accuracy. One of the most
significant advantages of this approach is the possibility of
optimising computational time and cost, as demonstrated in
the work proposed in [11]. More in detail, the authors pro-
posed a simplified model for fatigue life prediction without
compromising accuracy. Another significant application of
ML is evidenced in the S-N curve prediction, as illustrated
in [12] for aluminium alloys or in [13] for high-strength
steel. The utilisation of ML for the fatigue life prediction
was further explored for particular materials, such as addi-
tively manufactured metals [14], with a focus on investigat-
ing the impact of defect location, size and morphology on
the fatigue life. Moreover, the possibilities offered by ML
techniques in terms of the estimation of low-cycle fatigue
life were also investigated for 316 stainless steel in [15].
Even though the low-cycle fatigue life of stainless steel is
affected by many factors, and the relationship between these
factors and fatigue life is complicated and nonlinear, a ML
algorithm was proposed for this purpose. On the basis of
these considerations, it is evident that the subject of fatigue
life prediction is of significant interest from a variety of
viewpoints. As a matter of fact, the demand for more ac-
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curate results is combined with the need for rapid and low-
cost analyses.

In this work, the Thermographic Method was applied
to a mechanical component such as gears with the aim of
performing a rapid and economical estimation of the tooth
root bending fatigue strength. The proposed fatigue life pre-
diction was improved with ML techniques such as Gaus-
sian Process Regression (GRP), Artificial Neural Networks
(ANN) and Support Vector Regressor (SVR), which also
allowed in minimizing the number of experimental tests.
The proposed methodology, specifically the combination
of Thermographic and ML approaches, made it possible
to determine the tooth root bending fatigue strength using
only one gear with a significant reduction in testing time
and number of samples compared to the classic Staircase
approach, providing comparable results.

2 Fatigue limit estimation with the
Thermographic Method

In this activity, the Thermographic approach adopted for
the evaluation of the tooth root bending fatigue strength is
the “Two Curves Method” [6, 7, 16], in the specific case
for the estimation of the endurable pulsating force (Fp-).
Figure 1 aims to give a brief description of the Thermo-
graphic Method and how this methodology was properly
adapted in case of gears. Figure la shows a generic tem-
perature profile recorded with an IR camera during a fatigue
test. The thermal evolution is typically characterized by an
initial heating followed by a stabilized trend. The observed
stabilization trend is indicative of a steady-state thermal
equilibrium, which is typically exhibited by samples due to
their limited volume involved in thermal exchange with the
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surrounding environment and the gripping mechanism of
the testing apparatus. Additionally, the number of cycles at
which the temperature reaches a stabilized trend is also re-
lated to the testing frequency. Then, if the load value applied
during the fatigue test is higher than the corresponding en-
durance limit, an abrupt thermal increment is observed im-
mediately before the failure of the material (solid red line).
On the other hand, for load value below the fatigue limit,
the thermal profile remains stabilized (dashed red line). So,
from a temperature profile generated for a given load value,
specific thermal parameters can be defined for the purpose
of fatigue limit estimation. In particular, the temperature
increment (thermal increment, A T*), or the area subtended
to the temperature profile (thermal area, A*), can be con-
sidered for a given time (the number of cycles, N*).

The fatigue limit estimation is performed according to
Fig. 1b. In this process, a series of loading conditions are
examined, starting with a low load level and increasing the
load when a specified number of cycles is recorded with
the IR camera. Before the application of another loading
condition, particular attention must be paid to the necessity
of cooling the sample. This is a crucial step in order to ac-
curately detect the intrinsic dissipations that are produced
during the execution of the fatigue test. The procedure con-
cludes when an abrupt thermal parameter increment (illus-
trated by the blue circles in Fig. 1b) is detected for a certain
number of load levels. So, a flat trend is obtained for low
load values and, from a certain level, a change in the evolu-
tion of the thermal parameters is observed. The two differ-
ent evolutions of the thermal parameters enable the deter-
mination of a transition zone in which the fatigue limit can
be estimated. One advantage of the proposed methodology
(TCM) is that the thermal parameters necessary for the in-
trinsic dissipation evolutions, and the corresponding fatigue
limit estimation, can be evaluated directly from temperature
profiles without the necessity of a steady-state evolution.
This is due to the fact that the thermal parameters obtained
from different stress amplitudes are investigated over the
same number of loading cycles.

During the years, a number of combinations of approxi-
mating curves were proposed in literature. These combina-
tions included linear approximating curves, as well as com-
binations of linear, parabola and power law approximating
curves. The reason for these possibilities in the approx-
imating curves is attributable to the intrinsic dissipations
evolution that can occur during the fatigue damage process.
In general, if the approximating curves provide variability
in the endurance limit values, the choice of the fatigue limit
is based on the most conservative estimation.

In the specific case of tooth root bending fatigue strength
estimation, presented in this work, the TCM methodology
was adapted on the basis of the nominal pulsating force
rather than the amplitude stress (F, as reported in Fig. 1b),

as specifically adopted in case of fatigue limit estimation
for classical samples. Concerning the thermal parameter
(TP* as reported in Fig. 1b), the thermal profiles from both
the lateral faces of the tested gear were integrated over
time, resulting in integrated areas of the lateral faces for
each specific loading condition. Then, this approach allows
for the estimation of the Fy,., providing a rapid and non-
destructive procedure as an alternative to that estimated by
means of the Staircase methodology.

3 Materials and methods
3.1 Samples

The tooth root bending fatigue strength was estimated for
two spur gears of identical geometry, manufactured from
20MnCr5 and 18NiCrMoS5 steels, which were subjected to
a carburizing surface treatment.

The main parameters of the tested gears are listed in
Table 1. More in detail, the geometrical data are reported
on the left column, where both geometrical (normal modu-
lus, m,, number of teeth, z, pressure angle, o, face width, b,
shift profile, x) and mechanical (tooth root roughness, R,
and tooth root hardness, HV) parameters are illustrated. The
hardness analysis was conducted on the external surfaces of
the gear with the objective of verifying the uniformity of the
surface treatment. This way, the endurable pulsating force
estimated with the proposed method by using just one gear
is representative of the investigated surface treatment and
gear geometry. Moreover, the ISO 6336 Standard coeffi-
cients [17, 18], properly evaluated for the tooth root bending
fatigue strength computation, are presented on the right side
of Table 1. The gears examined in this study were classified
as Eh typology. With regard to the material quality, the ML
grade was selected since not all the requirement indications
provided in [18] were available for verification. These clas-
sifications permitted an assessment of the minimum load
for the Thermographic Method starting from an indication
of the endurable pulsating force obtained from computa-
tions (see Sect. 3.2). The obtained hardness measurements
revealed values that exceeded the maximum recommended
value of [18]. Consequently, the maximum value presented
in [18] was adopted for the computations.

The tooth root bending fatigue strength of each gear was
also evaluated with the Staircase methodology in order to
provide a comparison with the proposed approach. The en-
durable pulsating force was found to be the same for the two
tested gears, 14.60kN with a standard deviation of 1.06 kN
respectively. As a result of the Staircase, the obtained value
was considered with a 50% of failure probability. The sub-
sequent step was to calculate the corresponding stress (per-
missible bending stress). This was achieved by using the
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Table 1 Gear parameters.

Geometrical and mechanical data ISO 6336 coefficients

Parameter Value Parameter Value
Normal modulus, mp 2.2mm Ys 1.59

N° of teeth, z 30 Y 1.75
Pressure angle, o 17° Y srelT 0.99
Face width, b 20mm YRrelT 1.05
Shift profile, x 0.25 mm Zflim 312MPa
Tooth root roughness, 4.3 - -

Rz

Tooth root hardness, 970 - -

HV

equation proposed in ISO 6336—Part 3 (Method B) (see
ISO 6336 coefficients in Table 1; [17]). This computation
was also corrected considering 1% of failure probability
and with a factor of 0.9 adopted in case of pulsator tests
[19]. At the end, a result of 683 MPa was obtained for both
the gears.

In order to measure the thermal emissions during the
bending fatigue tests, the gear was carefully painted with
black paint, which allows to set a known emissivity value
of 0.95 according to the value suggested in the reference
tables [20].

3.2 Thermal signals processing

The thermal profiles used to estimate the tooth root bend-
ing fatigue strength were acquired by using two IR cameras.
The bending fatigue tests were carried out using the Single
Tooth Bending Fatigue (STBF) configuration, and a dedi-
cated equipment was developed to perform bending fatigue
tests at high testing frequency (174 Hz) with a mechanical
pulsator.

Figure 2 shows the experimental setup adopted at the
mechanical pulsator. In particular, the thermal emissions
detection was performed by means of two FLIR A700 IR
cameras (see Fig. 2 n°1), located at the opposite site. The

Experimental setup

Fig.2 Experimental setup at the
mechanical pulsator

aim was to acquire thermal emissions produced by both lat-
eral faces of the gear (see Fig. 2 n°2) under testing. Further-
more, the environmental temperature was monitored during
the entire fatigue test using thermal emissions data acquired
from the reference sample (see Fig. 2 n°3).

The thermal signals processing, which was crucial for
the thermal parameters computation, was performed from
both lateral faces of the upper tooth. The temperature evolu-
tion during the bending fatigue tests was extracted from the
thermogram in a Region Of Interest (ROI, see Fig. 2 n°4)
located at the tensile tooth root near the 30° tangent lines
[17]. The temperature evolution produced from the refer-
ence sample (see Fig. 2 n°3) was also processed in order
to consider the relative temperature of the tensile tooth root
as a temperature profile.

The thermal emissions of the tested gears were acquired
for different loads, and a total number of cycles equal to
100,000 was considered during each fatigue test. In the spe-
cific case of application of the Thermographic Method to
a mechanical component, it is difficult to achieve a steady-
state thermal profile for a low number of cycles, as is gen-
erally the case for samples (see Sect. 2). As a matter of
fact, the gear has a significant volume which results in an
increased exchange of heat with the environment, and the
presence of the equipment influences the thermal equilib-
rium with the grip of the testing machine. In any case, the
proposed thermal parameters (the integrated area calculated
from both lateral faces of the gears, see Sect. 2) enabled
the analysis of the intrinsic dissipation evolution and the
estimation of the endurable pulsating force by using the
Two Curves Method, taking into account solely the thermal
emissions produced for 100,000 cycles. In order to define
the nominal pulsating forces to be used in the proposed
Thermographic approach, the lowest value of the loading
had to be determined. This was based on an estimation
of the endurable pulsating force obtained from ISO 6336
Part 3 (Method B) and Part 5 computations (see ISO 6336
coefficients in Table 1; [17, 18]). In particular, the obtained
value was subjected to further correction, which involved

Thermal emissions detection Thermal signals processing

I.IR Camera 2. Gear 3. Reference sample 4. Region Of Interest
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the transformation of the result to the real testing condi-
tions of the experimental activity, in terms of 50% of failure
probability, and with consideration of the STBF testing con-
ditions by using the 0.9 coefficient [19]. The final result of
this calculation resulted in an indicative value of 13.86kN,
which was adopted for the experimental plan definition at
the mechanical pulsator. It is important to note that this
value is intended as an indication, selected for the purpose
of identifying the lowest nominal pulsating force for the ap-
plication of the proposed Thermographic Method starting
from an indication of the endurable pulsating force evalu-
ated from computations. So, the experimental campaign for
the endurable pulsating force estimation was carried out
as follows. An initial load below the aforementioned esti-
mated force (13.86kN from ISO 6336 Standards computa-
tions [17, 18] and corrections [19]) was considered. Then,
the loads were increased until an abrupt increment in the
thermal parameters evolution was detected. In conclusion,
a total of seven nominal pulsator forces were considered
for each gear, according to the possible gear tooth combi-
nation available from the gear geometry. In this activity, the
endurable pulsating forces were estimated from the thermal
parameters evolution by using three possible combinations
of approximating curves: linear-linear, linear-power law and
parabola-power law.

At the end, the corresponding tooth root bending fatigue
strength was calculated, starting from the endurable pulsat-
ing force and by using ISO 6336—Part 3 (Method B) com-
putations [17]. The value was also corrected considering
the pulsator test and the failure probability [19]. The com-
putation was performed for the endurable pulsating forces
estimated from each combination of approximating curves
adopted in this work, and a mean value was adopted as an
indication of the tooth root bending fatigue strength of the
tested gear. The stress calculation was also performed from
the endurable pulsating force obtained from the Staircase
methodology in order to compare the results obtained with
the proposed approach.

3.3 Machine Learning implementation

Essential elements of material science are material analy-
sis and design; without any of these, long-term success is
scarcely possible. Fortunately, with current development,
experimental data is starting to flow in by volume, and

Fig.3 Interpolation process
using an SVR method to produce
interpolated outputs

Define modified
regression function

function

Objective Function

regularization

major characteristics of materials are found in enormous
databases. When utilized sensibly with the ML solution,
such massive datasets show enormous potential for en-
hanced material manufacture and general efficiency [21].

3.3.1 Supported Vector Regression (SVR)

Support Vector Machines (SVMs) have changed categoriza-
tion in areas related to data analysis, although their initial ar-
chitecture was inadequate for regression problems. Support
Vector Regression (SVR) was designed to expand the SVM
framework for continuous output evaluations, enabling the
resolution of intricate regression problems. SVR has essen-
tial hyperparameters, including the epsilon-insensitive zone,
which permits minor deviations, function approximation for
mapping inputs to higher-dimensional spaces, and the ap-
plication of kernel functions (such as linear, polynomial,
and radial basis function kernels). These hyperparameters
are used to find both linear and non-linear relationships.
The technique also works based on support vectors and op-
timizes the regression function to minimize error, which is
used by the other hyperparameters such as C and epsilon
adjusted to balance model complexity and error tolerance
(Fig. 3; [22, 23]).

SVR is a nonlinear issue handling extension of linear
regression. It exploits kernel functions to convert data into
a higher-dimensional space, therefore facilitating linear sep-
aration. Aiming to obtain the flattest feasible function in the
feature space for best regression performance, Fig. 3 shows
the SVR interpolation method (Eq. 1; [24]).

N
Y@ =f ) =) (¢ —ai)k(xi,x) +b (1)

i=1

o} and a; represent Lagrange multipliers. The kernel func-
tion is defined by a linear dot product of the nonlinear
mapping k(x;, x). The coefficients o« and «; in Eq. 4 are pro-
duced by minimizing the following regularized risk func-
tional.

i
Rree [f1= 5 ol +€ 3 Lo () @

i=l1

Interpolation Process
[ Interpolate Outputs ]
’ ‘ Find coefficients and }

intercept factors

Use selected
standard solver to
solve objective
function

@ Springer



122 Page 6 of 13

Forschung im Ingenieurwesen (2025)89:122

Table2 A common SVR kernel functions.

Kernel Function Typical Formula Description
Type
Linear K (x;,x;) = (xFx;) -

Polynomial de-
gree 3 (Cubic)

Gaussian

c Is set to 1 in most implementations

The definition of o is kernel width. It regulates the Gaussian func-
tion’s width, influencing the decision boundary’s flexibility and
smoothness

The trade-off is defined by the constant (C), whereas the
quantity @ describes the model complexity. The following
definition relates to the e-insensitive loss function, denoted
as L.(y) [25].

If (x)=yl-e<0

@) -y-ez0 O

0,
L.(y) =
D=7 0=yl -e.

SVR is particularly useful at interpolation areas, which
enables it to forecast values within the confines of exist-
ing data points, especially when the data displays complex
patterns. SVR’s kernel technique makes it a flexible and
reliable way to interpolate, modelling data well even when
it is scattered in an uneven or sparse way. It is very impor-
tant to choose the right kernel code. As shown in Table 2,
the linear, polynomial, and Gaussian (RBF) kernels are the
most common ones used for SVR. However, some materials
list up to 12 different kernel functions [26-35].

3.3.2 Gaussian Process Regression (GPR)

Gaussian Process Regression (GPR) is a powerful, non-
parametric Bayesian method for regression problems. It is
reported that this method is more useful for both exploration
and exploitation. When combined with Bayesian optimiza-
tion and hyperparameter tuning, GPR provides probabilistic

Table 3 Frequently used kernel functions for GPR.

interpretations and guide the search for the best solution.
Function for GPR is defined as the weighted sum of the
basic functions [36].

N
yx)=f(x)= ZWﬂﬁi (X)+ore=WT¢p(x)+0se (4)

i=1

It has three parts: W is the weight matrix for the output,
¢(x) is the set of values for the N basis functions at x and
¢ is the white noise model with correlation ¢(x) over noise
models.

The kernel function, which is also called the covariance
function, is a way to figure out how linear or nonlinear
raw data maps to a feature space. The function values for
any two inputs are shown below, and two common kernel
functions are shown in Table 3. In the end, the probability
of a given function (f(x)) is supplied, and the optimal weight
value is obtained by solving it while accounting for system
noise and uncertainties. This model, in contrast to the SVR
model, also has a robust solution [37].

cov(f (), faMN=¢®) Y W (x)=k(x,x)) (5)

The kernel futures of GPR are flexible and could fit many
kinds of data in various situations. Even in cases of com-

Description

Kernel Function Typical Formula
Type

V= g2 1 (=) (uimxp)
Squared Expo- K(xi,xj) =07exp|—3 o
nential ‘ !

v . T Xi—Xj ¢

Rational K(xi,x;) = a} [1 + (ll ]Z)M(z ])q
Quadratic !

a Is a scale-mixture parameter
with a positive value

Fig.4 Interpolation process
using an GPR method to produce
interpolated outputs

Define modified
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Fig.5 Feed-forward ANN ar-
chitecture used for interpolation

Input Vector

Inputs

Input layer

Interpolated :
outputs !

Output layer

plicated or non-linear patterns, it is particularly useful for
interpolation tasks, and value prediction within known data
points ([37, 38];. Fig. 4) also shows the GPR interpolation
process [37].

3.3.3 Artificial Neural Network (ANN)

Training lets a neural network (NN) change the weights and
strengths of its connections as it learns. Predicting future
results from input data by means of an artificial neural net-
work (ANN) is a formidable instrument. It establishes links
between input and output parameters according to prior pat-
terns, as much as human intelligence does [39].

ANNs include many hidden layers and linked neurons
to solve problems accurately. This directly depends on the
complexity of the problems. Basic ANNs are appropriate
for less challenging tasks, which usually have one hidden
layer. On the other hand, deep ANNs have many hidden
layers (deep architectures) in order to solve complex tasks
and interpolations. Therefore, they are very successful for
challenging uses such as image and natural language pro-
cessing. Since ANNSs interpolate values within the range of
available data points, they are particularly useful for inter-
polation. This ability is especially important when handling
complex or non-linear patterns, as the network can learn
underlying trends and provide accurate estimations even in
challenging situations ([40];. Fig. 5) shows the architecture
of the ANN method for interpolation in this study.

Feed-forward Network

3.3.4 Accuracy metrics

Essential tests in approaches such as regression analysis
and ML interpolation models are performance measures,
also referred to as evaluation or error metrics. These are the
kinds of logical and mathematical instruments. These in-
struments are meant to evaluate the correctness of expected
results by means of comparison with the actual outcomes.
The models’ interpolations, whether they are ANN, GPR,
SVR, or comparable models, cannot always be precise. The
purpose of this little error is to avoid overfitting. These
models need to be measured in order to compare the per-
formance of various ones and assess their usefulness since
each interpolation has some mistakes [41].

Mean Squared Error (MSE), or Mean Squared Deviation
(Eq. 6), quantifies the squared discrepancies between actual
and projected values. The line of best fit corresponds with
the data points. A reduced MSE, approaching zero, signifies
enhanced predictive accuracy. A reduced MSE, approach-
ing 0, indicates enhanced predictive accuracy. Root Mean
Squared Error (RMSE), also known as Root Mean Squared
Deviation (Eq. 7), is the square root of the average of the
squared errors. RMSE is the standard deviation of the er-
rors, indicating the degree of alignment between the line of
best fit and the data points. Mean Absolute Error (MAE)
measures the average absolute deviation between expected
and actual values. While MSE indicates the deviation of
residuals, MAE offers a clear representation of the average
error in the same units as the target variable. This facilitates
comprehension and communication (refer to Eq. 8). The
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mean absolute percentage error (MAPE) is a performance
metric that shows relative error for regression models. It is
helpful when sensitivity to relative changes is more impor-
tant than sensitivity to absolute changes. However, MAPE
has several limitations. Two of them are that it can only be
used for trustworthy data and often generates lower projec-
tions. Because of these limitations, they are less effective
for models that are likely to make serious errors [42, 43].
The Coefficient of Determination (R?) is more complex
when applied to nonlinear regression models or nonlinear
methods like ANN-based interpolations and ML methods
such as GPR and SVR. In certain cases, R? can result in
the normal O to 100% range and even assume negative val-
ues (Eq. 9). A negative R? value suggests poor interpola-
tion ability since the model does not match the data cor-
rectly. This often is when the model fails to find underlying
patterns in the data. This would result in significant inac-
curacies in interpolation tasks. On the other hand, highly
flexible models sometimes overfit training data. Overfit-
ting would result in a low R? score on unseen data. In
such cases, other evaluation metrics such as MSE, MAE,
and RMSE could provide more reliable criteria. This hap-
pens frequently when interpolating data does not follow
a straightforward trend. Therefore, the models struggle to
find the rule behind the input trend, leading to poor R? [44].
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In the above equations, Y. represents the actual output
value from the dataset, Y, denotes the predicted value gen-
erated by any machine learning algorithm, Y ., signifies the
mean of the actual outputs, and Y pre indicates the mean of
the anticipated outputs [45-47].

4 Results

The results of the proposed approach are presented in this
section.

The experimental data is optimized and augmented by
Al-driven interpolation techniques to enhance precision and
provide a more comprehensive analysis. More specifically,
the experimental data set adopted is the evolution of the
thermal parameters obtained after testing the gear at seven
nominal pulsating forces. The calculation of the thermal
parameters (integrated area) was performed from the ther-
mal profiles acquired from both the lateral faces of the gear
(see Sect. 2) during each testing condition. Regarding the
thermal profiles, the maximum temperature increment that
was observed for both gears was approximately 1-1.5°C in
the maximum loading conditions. By interpolating between
actual data points, additional points are generated, allowing
for deeper analysis. The purpose of this attempt is that the
more points available, the more detailed the analysis can be,
making it easier to identify critical points and trends in the
dataset. Then, the accuracy metrics of ML-based interpola-
tion will be discussed the impact of additional interpolated
points, and how the TCM method benefits from the en-
hanced dataset in improving overall analysis and prediction
accuracy.

Figures 6 and 7 show the interpolation results for
20MnCr5 and 18NiCrMo5 gears using three different
ML techniques. More specifically, the experimental data
reported in the graphs refer to the thermal parameters
evolution extracted from both lateral faces of the tested
gear.

Table 4 shows the average accuracy metrics of three ML
interpolation methods for 20MnCr5 and 18NiCrMo5. The
GPR model has an R? value of 1 for both gears, meaning
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Fig.6 20MnCr5 interpolation with ML methodology: a ANN, b GPR and ¢ SVR

71 Springer



Forschung im Ingenieurwesen (2025)89:122

122 Page 9 of 13

ANN Interpolation b

®Experimental data

Y
-3
=3
k=3
@
3
=

@®Experimental data

= m
5 500 - eInterpolated points N < 500 | eInterpolated points
& . g
U 400 > O 400
o L4 * f
P s I
£ 300 e o 2 300
< o ¢ 0o * =
3 200 $ 2 200
e o © & O £ * o o
by 8 -« @ *® g s . e o
g 100 E 100
0 0
11500 12500 13500 14500 15500 16500 17500 11500 12500 13500

Nominal Pulsating Force (N)

Nominal Pulsating Force (N)

GPR Interpolation c SVR Interpolation
600
_ ® Experimental data
° —-‘-;‘ 500 # Interpolated points 5
g
.o .o
b4 g 400 *
i P g
* o9 2 300 e ¢
o ¢ o ¢ < o ¢ o
o
3 200 . !
£ ¢ © o
& ] °
o * O *
Z 100
0
14500 15500 16500 17500 11500 12500 13500 14500 15500 16500 17500

Nominal Pulsating Force (N)

Fig.7 18NiCrMo5 interpolation with ML methodology: a ANN, b GPR and ¢ SVR

it perfectly fits the data, though this could indicate over-
fitting. However, based on the figures, GPR still provides
reliable interpolation. ANN does better than SVR com-
pared to the other methods, especially for 18NiCrMoS5,
because it has a higher R? and lower error values (MSE,
RMSE, and MAE). From this, it is accepted that ANN
is the more accurate method for interpolation, especially
for 18NiCrMo5, while all of the methods show higher error
values for 20MnCr5.

The TCM estimations (the endurable pulsating force)
for both the tested gears are reported in Fig. 8. In partic-
ular, the results estimated with the original data sets are
compared with the results obtained by adopting the en-
hanced datasets provided by ML techniques (ANN, GPR
and SVR). Furthermore, the results obtained by using dif-
ferent approximating curves (linear-linear, linear-power and
parabola-power law), adopted for both original and en-
hanced datasets, are also illustrated. The results derived
from the Staircase methodology [40] (illustrated as dashed
lines, with mean value and upper and lower limits) are also
reported, with the objective of comparing the endurable
pulsating forces obtained with the Thermographic Method.
On the basis of the obtained results, it can be seen that the
TCM with the original data set (white bar charts) is capable
of providing comparable results with the Staircase method-
ology. A variability in the obtained estimations is apprecia-
ble on the basis of the approximating curves adopted for
the endurable pulsating force estimation. In contrast, the
enhanced datasets derived using different ML techniques
(grey—ANN, red—GPR and black—SVR bar charts) ex-
hibited similar results in the estimation of endurable pulsat-
ing forces, regardless of the approximating curves adopted
in TCM. However, it should be noted that the investigated

Table4 Accuracy metrics for comparing 20MnCr5 and 18NiCrMo5.

ML technique led to different enhanced data sets (see Fig. 6
and 7), and in one case, the enhanced thermal parameters
evolution was found to be unsatisfactory in the estimation of
endurable pulsating force (Fig. 8b, Linear-Power approxi-
mating curves with dataset optimised with SVR technique).
It is necessary to emphasize that the ANN method had
the most precise results for both 20MnCr5 (Fig. 6) and
18NiCrMo5 (Fig. 7), slightly better than GPR. However,
GPR showed superior accuracy metrics, which suggested
a more robust fit to the data, whereas ANN exhibited su-
perior interpolation behaviour. SVR, in contrast, exhibited
the lowest accuracy, indicating that it was less effective at
interpolation than ANN and GPR respectively. So, the vari-
ance in the TCM results (on the basis of the approximating
curves adopted for the endurable pulsating force estima-
tion) is a critical factor in this comparison, and it will be
further examined in the subsequent section.

Figure 9 presents an example of the procedure for the
endurable pulsating force estimation performed with the
Thermographic Method. More in detail, the thermal pa-
rameters evolution (Integrated Area 100,000 cycles) on the
basis of the nominal pulsating force adopted during the
fatigue test is reported for the worst-case scenario of vari-
ability obtained from the different approximating curves
(18NiCrMo5 gear), referring the analysis to the parabola-
power law approximating curves. A comparison of the in-
tersection of the approximating curves derived from both
the original (red colours) and the enhanced (green colours)
data sets using artificial neural networks (ANN) is reported.
The enhanced data sets (green cross) are comparable for
certain loads with the original ones (red circles) due to the
high quality of the ML regression (see Table 4). Then, the
intersection obtained from the approximating curves pro-

20MnCr5 18NiCrMo5

MSE RMSE R? MAE MSE RMSE R? MAE
GPR 6E-06 0.002 1 0.001 5.7E-06 0.002 1 0.001
ANN 352.554 18.776 0.973 12.746 51.220 7.156 0.995 6.287
SVR 406.315 20.157 0.969 15.741 95.204 9.757 0.991 9.406
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duced by the enhanced dataset (green colour) allows for an
improvement in the endurable pulsating force estimation
as a result of well-defined thermal parameters evolution. In
conclusion, the lowest variability in the endurable pulsating
force, among the tested approximating curves, was obtained
by implementing an ANN as ML technique.

Focusing the attention on the stress (permissible bend-
ing stress [17]), the computation was carried out from the
endurable pulsating forces estimated with the proposed ap-
proach. Box and whisker charts, which show the variance
within the dataset related to 20MnCr5 and 18NiCrMo5
gears, are shown in Fig. 10. Results from the Thermo-
graphic Method is compared in these charts using both ex-
perimental and ML techniques. The computation was per-
formed in accordance with ISO 6336 Part 3 [17] with the
endurable pulsating forces reported in Fig. 8. The values
were then transformed to take into account the 1% failure
probability and the STFB tests [19]. Subsequently, a mean
value was calculated between the results produced by apply-
ing the different approximating curves (linear-linear, linear-
power and parabola-power). The lines in the chart show the
distribution and general range of the data, the dot () de-
notes individual data points, and the cross (x) represents
the mean. ML produces more reliable results by lowering
variance and limiting the range of outcomes. When choos-
ing the best technique, this decrease in variance is crucial.
Ultimately, the benefit of ANN is obvious, compared to
other methods.

The optimal values in terms of permissible bending stress
that leads to a 1% failure probability results and consider-
ing the correction coefficient for STBF tests were obtained
with the ANN ML technique. The 20MnCr5 gear resulted
in a opp1e=656MPa with a standard deviation of 5MPa
among the three approximate curves combinations. On the

other hand, the 18NiCrMo5 gear showed a value of Ogp14=
644 MPa with a standard deviation of 13 MPa. The obtained
estimated results were in good agreement with that obtained
considering the endurable pulsating force evaluated with the
Staircase methodology, 683 MPa for both the gears respec-
tively (see Sect. 3.1). Furthermore, the enhanced data sets
were able to reduce the variability of the estimated results
compared to those obtained without the ML techniques im-
plementations, providing similar results with different ap-
proximation curves.

5 Conclusions

The present study investigates the implementation of ML
techniques to improve the estimation of the tooth root bend-
ing fatigue strength by using the Thermographic Method,
the TCM respectively. The investigation was carried out on
a very common mechanical component such as gears.

The TCM results obtained from the original data set
were found to be in good agreement with the Staircase
methodology. However, it was also observed that results
obtained by using different approximation curves can lead
to variability in the endurable pulsating force. In this case,
in order to estimate the life prediction of the material or
component, a conservative value was chosen.

The implementation of ML techniques resulted in the
enhancement of the original data sets (thermal parameters
evolution), with respect to those obtained from the original
experimental campaign. In particular, the optimal accuracy
metrics were obtained from the GPR and the ANN ML
techniques.

The enhanced thermal parameter data sets were adopted
in the TCM routine, which resulted in an enhancement of
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TCM.method d.ata.obtamed from 3 115660  Lincar-Lincar | Linear-Power | Parabola-Power Upper Level
experiments with interpolation 815000 Tide00- """ TTTT o CooooooooToTTTTTTTT B Fones
results using three ML methods: © 13sho |7 T R T T e Lower Level
. - | 1
a 20MnCr5 and b 18CrNiMo5 210000 1 : ! OWithout Al
Gears _z ] E E ANN
< 5000 | | mGPR
E ! ' ESVR
5 1 |
Z.
E 18NiCrMo5 Gear
< | 15660 _ Lincar-Linear i Lincar-Power . Parabola-Power ___| Upper Level
g 15000 14600 i ¥ v Fonen
24 1733 1 e Bl - R Lower Level
-;;n 13340 i 2 i erter |
= 10000 4 : & : OWithout AI
= ! g ; ANN
é 5000 ] E E E B GPR
5 : 4 ' ESVR
= 0 : Z. :

@ Springer




Forschung im Ingenieurwesen (2025)89:122

122 Page 11 of 13

TCM: 18NiCrMo5 Gear -174 Hz - R=0.1

500 | | |
O Experimental Data - Original
aso 1" =Parabola - Original 13935N 15728 N ® |
- Power Curve - Original
---- Endurable Pulsating Force - Original
400 X Experimental Data - with ANN

= = =Parabola - with ANN
—Power Curve - with ANN
----- Endurable Pulsating Force - with ANN

) =
S 2
|

Integrated Area 100000 cycles [°C s|
o L
T

200 |- -]
e 0‘ - -
150 i = e =
g e x @
100 — -
50 - -
0 I I I !
1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8
Nominal Pulsating Force [N] x10*
Fig. 9 Endurable pulsating force estimation with the Thermographic Method
a 20MnCrS Gear b 18NiCrMo5 Gear

[ Stair Case JTCM E ANN [l GPR H SVR

760

740
' 720
oy
= 700
£ 680 —%—| X
-9 | o
& 660 ) I g
s 640 X
2]
(]
5 620
"/) "
600
580

560

[ Stair Case [:] TCM [ ANN [ GPR

760

740
‘720
(=%
= 700
S 680 X X
t;: 660 "
A 640 | X
o
[}
= 620
L/’ "
600
580

560

Fig. 10 Box and whisker plot across experimental and ML-based interpolation methods: a 20MnCr5 gear and b 18NiCrMo5 gear

the obtained results. As a matter of fact, a reduction in the
variability of the tooth root bending fatigue strength values
was observed among the approximating curves adopted for
the analysis.

The Thermographic approach, which facilitates rapid and
non-invasive analysis, in conjunction with ML techniques,
which reduce testing time, enables for an alternative tooth
root bending fatigue strength assessment. Furthermore, the
enhanced data sets reduce variability in results among the
approximating curves adopted for analysis, leading to more
consistent estimations.
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