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Abstract

Digital Twins (DTs) have become essential tools for the design, diagnostics, and prognostics
of mechanical systems. In gearbox applications, DTs are often built using physics-based
simulations guided by ISO standards. However, standards-based approaches may suffer
from complexity, licensing limitations, and computational costs. The concept of symmetry is
inherent in gear mechanisms, both in geometry and in operational conditions, yet practical
applications often face asymmetric load distributions, misalignments, and asymmetric and
symmetric nonlinear behaviors. In this study, we propose a hybrid method that integrates
data-driven modeling with standard-based simulation to develop efficient and accurate
digital twins for gear transmission systems. A digital twin of a spur gear transmission
is generated using KISSsoft®, employing ISO standards to compute safety factors across
varied geometries and load conditions. An automated MATLAB-KISSsoft® (COM-interface)
enables large-scale data generation by systematically varying key input parameters such as
torque, pinion speed, and center distance. This dataset is then used to train a neural network
(NN) capable of predicting safety factors, with hyperparameter optimization improving the
model’s predictive accuracy. Among the tested NN architectures, the model with a single
hidden layer yielded the best performance, achieving maximum prediction errors below
0.01 for root and flank safety factors. More complex failure modes such as scuffing and
micropitting exhibited higher maximum errors of 0.0833 and 0.0596, respectively, indicating
areas for potential model refinement. Comparative analysis shows strong agreement
between the NN outputs and KISSsoft® results, especially for root and flank safety factors.
Performance is further validated through sensitivity analyses across seven cases, confirming
the NN’s reliability as a surrogate model. This approach reduces simulation time while
preserving accuracy, demonstrating the potential of neural networks to support real-time
condition monitoring and predictive maintenance in gearbox systems.

Keywords: gears; diagnostics; prognostics; digital-twins; safety factors; ISO; neural networks

1. Introduction

The concept of symmetry plays a central role in gear design as geometrical regularity,
symmetric or asymmetric teeth profiles, and balanced loading are hallmarks of ideal
systems. However, in practical applications, these symmetries are often broken by factors
such as torque fluctuations, manufacturing tolerances, and boundary conditions, leading
to asymmetric stress distributions and degradation patterns. In our approach, the neural
network implicitly learns these asymmetries by being trained on a large and systematically
generated dataset that includes both symmetrical configurations and deviations from them.

Symmetry 2025, 17,1312

https://doi.org/10.3390/sym17081312


https://doi.org/10.3390/sym17081312
https://doi.org/10.3390/sym17081312
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/symmetry
https://www.mdpi.com
https://orcid.org/0000-0002-2316-0803
https://orcid.org/0000-0001-6206-2619
https://orcid.org/0000-0003-2465-6584
https://doi.org/10.3390/sym17081312
https://www.mdpi.com/article/10.3390/sym17081312?type=check_update&version=1

Symmetry 2025,17, 1312

20f27

This allows the model to recognize the underlying symmetric structure of the gearbox
while accurately accounting for asymmetric variations due to operational or structural
perturbations. This dual sensitivity makes it well-suited to deployment in intelligent
diagnostic systems, where the early detection of symmetry-breaking phenomena is critical
for predictive maintenance and creation of data-driven models.

Data-driven analyses for the diagnostic and prognostic of operating machines have
gained great attention the recent years due to the enormous research effort in the field of
Big Data and System Identification through machine learning algorithms. Having a huge
dataset is mandatory to train the algorithm and properly identify the model that is capable
of replicating and predicting the behavior of a system. This idea sounds perfect for solving
all the issues of mechanical systems that work under repetitive loading conditions, such as
gears, bearings, or shafts. But, as already pointed out by Randall [1] more than a decade
ago, this idea is affected by a significant weakness: huge datasets are available for working
conditions where the systems are free from faults, while experimental data measured
from sensors when systems are prone to break are limited and therefore not sufficient for
training a model using machine learning techniques. To overcome this limitation, Randall
proposed to generate synthetic data considering a wide range of possible cases to cover
as many conditions as possible. Within this context, recent studies have demonstrated
the effectiveness of hybrid approaches combining physics-based models and data-driven
techniques, such as the use of digital twins (DTs) for synthetic data generation. These DTs
enable the creation of extensive, high-fidelity datasets that are essential for training neural
network models capable of capturing and predicting the complex dynamic behavior of
mechanical systems [2-6].

Neural networks have been widely developed and increasingly employed in recent
decades since they are potentially able to create links between input and output quanti-
ties without knowing the laws connecting these quantities [7]. However, in some cases
where the dependency of the output on the input is not trivial (no direct and smooth
proportionality), the NN could succeed or fail in building the link. The determination
of the accuracy of an NN in reproducing the standards is of paramount importance for
enabling its use in the creation of digital twins. Some of the main benefits of NN use
include a faster, more portable response to inquiries, as well as the fact that it could be
implemented in open-source software (e.g., Python). A digital twin is a virtual model
of an actual mechanical device, which reproduces the static and dynamic features of the
device [8]. Digital twins are often created by engineers for the design of optimized, effective
gearboxes, by leaning on the ISO standards and codes, which are based on analytical formu-
lae and tables taken from theories, experiments, and experience [9]. Even though accurate
gear models are still objects of research (see e.g., [10,11]), during the design process, these
formulae and tables are used to extract many safety factors (SFs) and/or parameters (PAs)
regarding the gears, shafts, bearings, and other gearbox elements. For instance, designers
are usually concerned about the bending safety factor, related to the bending of the gear
tooth root, the pitting safety factor, related to the pitting generated on the flank, or the
bearing lifetime parameter [12]. The governing laws that provide these safety factors and
parameters can be complicated and unphysically discontinuous and nowadays one can
find the aforementioned standards in different software, for example, KISSsoft®.

The utilization of physics-based simulations, particularly through tools like KISSsoft®,
provides a robust framework for calculating safety factors amidst varying geometries and
load conditions. The integration of ISO standards further guarantees that these simulations
conform to recognized methodologies, adding credibility to the findings derived from such
an approach [13]. However, standard-based methodologies often face challenges, including
complexity, licensing issues, and high computational costs and time [14]. By leveraging
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the capabilities of KISSsoft® in conjunction with an automated data generation process
through MATLAB®, the proposed method ensures that large datasets can be efficiently
created. This allows for systematic variations in critical input parameters such as torque,
pinion speed, and center distance, facilitating extensive coverage of operational scenarios
relevant to gearbox performance. The generated dataset serves as the foundation for
training a neural network designed to predict safety factors. The process of hyperparameter
optimization contributes substantially to the model’s predictive accuracy, showcasing the
adaptability of machine learning models in interpreting complex relationships within the
data [13]. In comparative analyses, this trained NN demonstrated strong concordance with
safety factors computed via KISSsoft®, specifically regarding root and flank safety metrics.
Such consistency underscores the NN’s potential as a surrogate model to enhance the
computational efficiency of digital twins without compromising accuracy [15]. Moreover,
performance validation through sensitivity analyses across various scenarios corroborates
the NN's reliability. Such analyses are critical as they provide insights into how variations
in input parameters influence gearbox performance and associated safety factors [16].
This capability not only accelerates the overall simulation process but also supports real-
time condition monitoring and predictive maintenance initiatives, marking a significant
advancement in the operational management of gear transmission systems [17].

Recent studies emphasize the role of gear meshing excitations in fatigue damage,
particularly at high speeds. Liu et al. [18] demonstrated that even low-amplitude stresses
near meshing frequencies can cause ultra-high-cycle fatigue due to resonance, indicating
that traditional standards may underestimate fatigue risk under dynamic conditions. This
underscores the need to incorporate dynamic effects into fatigue prediction models using
large-scale simulation datasets and neural networks. However, as simulations become
more complex, challenges in Big Data analytics—such as preprocessing and computational
efficiency—must be addressed, as noted by Yoo et al. [19], with solutions like parallel
computing enabling more effective neural network-based diagnostics. Lightweight deep
learning models using simple acoustic features have achieved 95.5% fault detection accu-
racy with minimal resources [20], supporting real-time applications. Recurrent architectures
have also proven effective in degradation prediction, with Deep Layer Recurrent Neural
Networks outperforming traditional models in estimating turbofan engine life [21], align-
ing with this study’s goal of using machine learning for safety factor estimation in digital
twins. In cases where labeled data are scarce, unsupervised methods like deep sparse
autoencoders have successfully detected gear faults directly from raw vibration signals [22],
highlighting the potential of adaptive feature learning. Hybrid approaches combining
signal decomposition with neural networks have also shown strong performance, achieving
100% classification accuracy in gear diagnostics [23]. Structured deep learning pipelines
applied in other domains, such as fishing gear classification from AIS data, further demon-
strate the value of robust preprocessing and dual-module architectures [24], offering in-
sights transferable to gearbox diagnostics. Data augmentation through automated systems
simulating varied operational conditions enhances model robustness and generalization, as
shown in visual inspection tasks [25]. Additionally, support vector machines with medium
Gaussian kernels have provided resilient fault classification under noisy conditions [26],
emphasizing the importance of model selection and feature representation. Finally, while
deep learning models like CNNs offer high performance, traditional feature-based methods
may deliver better interpretability for long-term monitoring, as demonstrated in train
door diagnostics [27], reflecting a trade-off relevant to the development of transparent and
effective digital twins for gearbox health monitoring.

In this study, we investigate a simple gearbox composed of two identical gears and
demonstrate that, with proper training, a neural network can accurately replicate the com-
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plex behavior of certain safety factors. The NN is trained on a large dataset generated
using an automated MATLAB script interfaced with KISSsoft®. This approach represents
a model-based framework aimed at enabling diagnostics and prognostics in gear transmis-
sion systems; it goes beyond the methods based on environmental data like vibration of the
housing or the current absorbed by the electric motor [14]. A digital twin of the gearbox is
developed in KISSsoft® to produce a comprehensive dataset under varying operational
conditions. The generated data are then used to train the NN, with machine learning tech-
niques employed to optimize its hyperparameters. The results section presents a detailed
comparison between the safety factors computed by KISSsoft® and those predicted by the
trained neural network.

2. Dataset Generation

Training the algorithm requires obtaining the safety factors under different initial con-
ditions, a process that is accomplished through initial simulations. Based on the parameters
that we want to explore their effect on the lifetime; these simulations are conducted by
setting different values for those parameters. To achieve this goal, a platform is needed
to simulate the same model but with different values for a specific parameter, e.g., center
distance. Thanks to the communication ability of KISSsoft®, i.e., COM interface, with
other external programs, a code is written in MATLAB [28] to integrate KISSsoft® into the
training process chain. KISSsoft® is a program that could calculate the safety factors based
on ISO standards. To create the spur gear pair model by KISSsoft®, setting parameters are
divided into three groups:

e  Basic input data of gear pair model (see Table 1 and Figure 1).
e  Oil characteristics: “Shell Omala S2 G 68” with the properties presented in Table 2.
e  The specific parameters to represent their effects on the lifetime or safety factors.

N —————___ Basecircle

- Pinion

2D-Meshing

3D-Geometry

Figure 1. The considered gear pair model in KISSsoft®.

Table 1. Gear pair characteristics.

Content Pinion Gear
Number of teeth 62 62
Profile correction factor 0.5 0.5
Module [mm] 2.0

Face width [mm] 12

Pressure angle [deg] 20

Material 20MnCr5
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Table 1. Cont.

Content Pinion Gear
Crowning CB 0.1 mm on both sides
Mounting distance [mm] 125.9

Quality DIN 3962 [29-31]
Pinion torque for pitting safety factor [Nm] 180

Power [kW] 11.31

Pinion revolution [rev/min] 600

Table 2. Oil characteristics of “Shell Omala S2 G 68”.

Properties Method Shell Omala S2 G

ISO viscosity grade ISO 3448 [32] 68
Kinematic viscosity at 40 °C, [mm?2/s] ISO 3104 [33] 68
Kinematic viscosity at 100 °C, [mm?2/s] ISO 3104 [33] 8.7
Viscosity index ISO 2909 [34] 99

Density at 15 °C [kgm?] ISO 12185 [35] 887
Flashpoint (COC) [°C] ISO 2592 [36] 236

Pour point [°C] ISO 3016 [37] —24

To create the gear pair model, “Standard Tool 1.25/0.38/1.0 ISO 53.2:1997 Profile
A” [38] is considered as the reference profile. Crowning modification is applied to the
pinion and gear teeth with the same value on both sides (see Figure 2).
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Figure 2. Applied crowning modification on the left and right sides of the pinion and gear.

Finally, the last part of the required data is specific parameters whose influence we
explore on the different safety factors, i.e., lifetime, input torque, speed, center distance,
Kinematic viscosity at 100 °C, core hardening, and teeth surface roughness.

3. Safety Factors

Safety factors are fundamental indicators used in mechanical design to quantify the
reliability and durability of components under operational conditions. In gear transmis-
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sions, safety factors represent the ratio between the permissible load and the actual load
applied to the system. They provide a margin of safety to account for uncertainties in
material properties, manufacturing tolerances, load variations, and environmental influ-
ences. According to ISO standards, different types of safety factors are defined for various
failure modes, such as tooth root fatigue, pitting, and scuffing. These factors are crucial in
ensuring that the gear system performs within acceptable limits over its intended service
life, and they form the basis for assessing both the design quality and remaining useful life
in prognostic applications. In the following, we introduce and describe the specific safety
factors considered in this study, which are used to evaluate the performance and durability
of the gear transmission system under various operating conditions.

3.1. Safety Factors to Protect Against Scuffing

Scuffing consists of local welding due to poor lubrication, resulting in the removal
of material from the meshing teeth [39]. Adhesive wear can occur not only when the
lubricant film is not thick enough to separate roughness asperities, but also in full lubricant
film conditions. In the latter case, wear mechanisms are activated by thermal instabili-
ties. According to the literature, scuffing depends on several parameters related to the
gears, such as the material and teeth surface finishing, and a role is also played by the
lubricant. Scuffing phenomena can be classified as cold and warm (or hot). Considering
warm scuffing, this phenomenon takes place when the dynamics between mating teeth are
characterized by high contact temperatures, pressures, and sliding velocities. These condi-
tions lead to sharp temperature peaks in localized areas, resulting in welding between the
asperities. The temperature gradients are so sharp that globally the temperature remains
low. In the literature, two different methods are available for calculating the warm scuffing
load-carrying capacity of gears:

e  The flash temperature method is based on Blok’s local temperature along the contact

path (see ISO 6336:20 [40]).

e  The integral temperature method is based on the weighted average temperature along

the contact path (see ISO 6336:21 [41]).

The contact temperature is given by the sum of the internal bulk temperature (tempera-
ture of the teeth before entering into contact, almost constant even during the meshing), and
the flash temperature (temperature increment along the contact path, fluctuating during
the meshing). According to ISO 13989:1 [42] (replaced by ISO 6336:20 [40]), no ranges
are given for scuffing safety factors based on the flash temperature method. The integral
temperature is given by the sum of the bulk temperature plus the weighted average of
the flash temperatures integrated along the contact path. According to ISO 13989:2 [43]
(replaced by ISO 6336:21 [41]), the scuffing safety factors based on the integral temperature
method are related to scuffing wear, as shown in Table 3.

Table 3. Range of scuffing safety factors based on the integral temperature method.

Sgimt <1 High scuffing risk
1< S5 <2 Critical range with moderate scuffing
Ssint > 2 Low scuffing risk

In addition, scuffing safety factors are calculated according to DIN 3990, Part 4 [44]:

e  Minimum safety for scuffing (integral temperature): 1.8.
e  Minimum safety for scuffing (flash temperature): 2.

Standards do not explicitly define this value for precision gears with modules below
1.5. Nonetheless, empirical data indicate that the necessary safety factors are significantly
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lower compared to those used for gears with larger modules (typically around 0.8 for
root and 0.6 for flank). This discrepancy arises because the strength calculation methods
and formulae are primarily based on tests conducted with larger gears, leading to overly
conservative safety factors when applied to small-module gears [45].

3.2. Safety Factors to Protect Against Micropitting

The micropitting phenomenon follows the same mechanisms as macropitting (or just
pitting), but it takes place on a small scale. It results in increased dynamic loads and
noise and, if not tackled, it continues to propagate, leading to macropitting or other gear
fault mechanisms. Depending on the application, a small degree of micropitting may be
tolerated. Following ISO 6336:22 [46], the safety factor against micropitting is given by
the ratio of the minimum lubricant film thickness in the contact area and the permissible
lubricant film thickness in the contact area. Unfortunately, the ISO provides only guidelines
for the safety factor S), but no numerical values are given. A technical report [47] based on
the values reported in ISO 6336:22, identified the safety factor ranges shown in Table 4.

Table 4. Safety factors to protect against micropitting.

Sy <1 High micropitting risk
1<5,<25 Moderate micropitting
Sy >25 Low micropitting risk

3.3. Safety Factors to Protect the Hardened Layer

Surface-hardened gears are employed in high-power transmission. The thermal
treatment improves the durability and the bending strength of gear teeth. The hardening
depth is of utmost importance, and if it is not sufficient, cracks might develop at the
transition between the hardened layer and the gear core. The DNVGL-CG-0036 [48] (which
replaces DNV 41.2), implemented in KISSsoft®, does not provide any indication of safety
factor values or ranges.

3.4. Flank Fracture Safety Factors

Tooth flank fracture is a critical fatigue failure mode in gears, characterized by crack
initiation beneath the flank surface. These subsurface cracks typically result from shear
stresses induced by Hertzian contact on the flanks. According to ISO/DTS 6336-4 [49],
a minimum safety factor of SFF (min > 1.2) should be applied when detailed calculations
are feasible (i.e., using Method A). However, if the analysis involves uncertainties—such as
rough estimations of hardness or residual stress depth profiles, as in Method B—a higher
safety factor is recommended to account for these approximations.

3.5. Flank and Root Safety Factors

Determining the required safety factors for tooth root and flank strength is a crucial
part of gear design, especially for applications such as industrial gear units, vehicles, and
presses. However, the DIN 3990 and ISO 6336 standards provide limited guidance on this
aspect. According to DIN 3990, Part 11 [50], which pertains to industrial gear units, the
following minimum safety factors are recommended:

Flank safety: 1.0.

Root safety: 1.4.

The AGMA 6006 [51] guideline, which applies to gear systems in wind turbines, states
that for calculations based on ISO 6336, a minimum root safety factor (SFmin) of 1.56 should
be used. In contrast, for AGMA-based calculations, an SFmin of 1.0 is considered adequate.
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This aligns with our observations that AGMA-based evaluations typically yield lower root
safety factors compared to those calculated using the ISO standard [45].

4. Data-Driven Neural Network Model

In this section, a neural network-based causal model has been proposed in order to
obtain a digital twin for gear safety factor estimation. Such a mode is composed of a shallow
feed-forward neural network [7] (with setting parameters shown in Table 5), which can be
described as a series of functional transformations of the input features by using nonlinear
basic functions with adaptive parameters, which can be expressed as:

M
y(x,w) = f| Y wip(x) (1)
j=1

where f(-) is a nonlinear activation function, and ¢;(x) are the basis functions, which
depend on parameters, and must be adjusted along with the neural network coefficients w;
during training. The schema of the proposed causal model is depicted in Figure 3, whilst
the input and output parameters are reported in Table 1. In particular, the feed-forward
shallow neural network is composed of three layers: an input layer with 7 units, and
a hidden layer with 21 units using a sigmoidal activation function and an output layer with
11 units. The neural network parameters have been adjusted during a training procedure,
in which the half sum-of-square error function is minimized by the use of the stochastic
gradient descent algorithm [52]. The minimized error function is:

N
E(w) = 3} Iy, @) — b @
n=1

where N is the number of training points, y(x,, w) are the neural network output values,
and t, are the corresponding known target values. 157,500 values for each input and
output feature were generated by the KISSsoft® model; half of them were used for training
whilst the remaining portion was used for validation. The number of units in the hidden
layer that better approximate the safety factors were obtained via an iterative procedure.
Such a procedure consists of training a series of models with different numbers of units
in the hidden layer; the optimal hidden layer unit number is the one that minimizes the
error. Due to the stochastic nature of the gradient descent algorithm, each model is trained
20 times and the training that gives the minimum error is selected. In this work, 19 different
models have been taken into account for a total of 380 training processes. Figure 4 depicts
the result of this analysis. It is possible to see that the minimum error is obtained with
a model composed of 21 units in the hidden layer. This causal model has been selected as
a data-driven digital twin.

Table 5. Setting parameters of considered neural network, feed-forward neural network.

Command Line Frequency 25 Function parameters ‘trainbfg’
Maximum Epochs 50,000 Activation function ‘tansig’
Minimum Gradient 1076 Line search function ‘srchbac’
Maximum Validation Checks 6
Scale Tolerance 20
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Neural Network input features
x1 [Nm] = [100, 150, 200, 250, 300]
x2 [rpm] = [500, 700, 900, 1100, 1300, 1500]
x3 [h] = [1000, 4000, 7000, 10000, 13000, 16000, 19000]
x4 [mm] =[125.1, 125.5, 125.9, 126.3, 126.7, 127.1]
x5 [mm?/s] = [16, 20, 25, 37, 45]
x6 [HBW] = [166, 266, 366, 466, 566]
x7 [um] =[0.7,0.9,1.1,1.3]

Input Layer
Torque of pinion [Nm]: X1 )
Speed of pinion [rpm]: X5 ()
Lifetime [h]: X3 ()
Center distance [mm]: X4}
Viscosity @100°C [mm?/s]: X5 C)
Core hardening for pinion [HBW]: x6

Mean roughness value flank (pinion) [um]: x7

Figure 3. Causal model schema.

Hidden Layer

Output Layer

O yl: Safety against scuffing (integral temperature)
y2: Safety against scuffing (flash temperature)
O y3: Safety against micro-pitting (Method B)
(D Y4 Safety of hardened layer (DNV 41.2) pinion
/ yS: Safety of hardened layer (DNV 41.2) gear
Y- Flank safety pinion

(O Y7: Flank safety gear

(O Yg: Root safety pinion

Yog: Root safety gear

y10 + Flank fracture safety pinion

y11 : Flank fracture safety gear
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Figure 4. Mean square error of units in the hidden layer.

5. Neural Network Results

For testing the accuracy of the NN applied to DTs of gearboxes, we first created a huge

database by varying different features of a simple gearbox, then we employed this dataset

for training an NN, and finally, we compared the performance of this NN concerning

the standards. We chose a pair of identical gears as representative of a simple gearbox.

Then we selectively varied seven of its features to create a database of 4400 different gear

pairs/operation conditions by using KISSsoft®. The seven parameters were pinion torque,

pinion speed, lifetime, center distance, oil viscosity (at 100 °C), pinion core hardening, and

pinion mean roughness value flank. For each combination of the 7 features, we stored

the value of 11 safety factors/parameters, calculated by the software through S-standards,
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namely, safety against scuffing (integral temperature), safety against scuffing (flash temper-
ature), safety against micropitting, pinion safety of hardened layer, gear safety of hardened
layer, pinion flank safety, gear flank safety, pinion root safety, gear root safety, pinion flank
fracture safety, and gear flank fracture safety. Then, we took half of the produced database
for the training of supervised NNs, whereas the second half was kept for testing. The data
were scaled and standardized, and different NNs were trained: the NN with one 20-unit
hidden layer was proved to provide the best performance. For the test, we first used the
7 features of the second half of the database as an input for the NN and we compared
its output with the stored value of the 11 safety factors/parameters for each case (i.e., a
combination of the 7 features). In total, there are seven cases; in each case, one parameter
is varied within a specific range while the others remain fixed at their nominal values, as
defined in Table 6.

Table 6. Nominal values of seven parameters and the range of each parameter at a specific case.

Range of Specific

No. Parameters Nominal Values Parameters in Each Case Step Size
1 Torque of pinion [Nm] 100 Case 1: 100-300
2 Speed of pinion [rpm] 500 Case 2: 500-1500 5
3 Lifetime [h] 1000 Case 3: 1000-19000 50
4 Center distance [mm)] 125.1 Case 4: 125.1-127.1 0.01
5 Viscosity at 100 °C [mm?2/s] 16 Case 5: 1645 0.25
6 Core hardening for pinion (HBW) 166 Case 6: 166-566 2.5
7 Mean roughness value flank 05 Case 7: 0.5-1.3 0.005

(Pinion) [um]

Figure 5 illustrates the predicted safety factors (in red) against the KISSsoft® reference
values (in black) across a range of input torque from 100 to 300 N-m. Each subplot corre-
sponds to a different safety factor considered in the study. A consistent trend is observed
across all the plots: the neural network can closely replicate the decreasing behavior of
the safety factors as the pinion torque increases. The agreement between the two curves
is particularly high for safety factors related to root and flank strength, as well as the
DNV 4.1.2 hardened layer assessments, indicating that the neural network has successfully
learned the relationship between the operating conditions and these mechanical indicators.
However, a slight deviation is noticeable for more complex failure modes, i.e., micropit-
ting and scuffing, where the red curve (neural network) diverges marginally from the
KISSsoft® predictions. This divergence aligns with the error analysis presented earlier and
highlights the greater sensitivity of these safety factors to nuanced parameter variations,
which may require denser or more diverse training data to capture fully. Nonetheless, the
overall strong agreement across the board confirms the capability of data-driven models to
emulate standard-based digital twins with high accuracy and efficiency, especially when
well-trained on a wide and representative dataset.

To evaluate the performance of the trained neural network, two error metrics were
calculated for each safety factor: the maximum error and the root averaged squared error
(RMS). As shown in Figure 6, the highest errors are observed for safety against scuffing
(flash temperature) and safety against micropitting (Method B). These metrics exhibit
a maximum error of approximately 0.0833 and 0.0596, respectively, suggesting that the
model struggles to accurately capture the complex interactions influencing these failure
modes. In contrast, the safety of the hardened layer and flank safety factor for both pinion
and gear show excellent predictive accuracy, with errors remaining below 0.01. Flank
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fracture and root safety factors exhibit moderate accuracy, with relatively low RMS values
and acceptable maximum errors. These results indicate that while the neural network
performs well for most safety factors, specific modes such as micropitting and scuffing may
require enhanced input representation, additional training data, or tailored network tuning
to improve accuracy.
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Figure 5. Predicted vs. reference values of safety parameters as a function of pinion torque; Case 1:
torque of pinion [Nm] = [min 100, max 300]; - Neural network model, - KISSsoft®.

The lower prediction accuracy for safety factors related to micropitting and scuffing
is attributed to the complex, multi-scale nature of these failure mechanisms and their
sensitivity to subtle input variations, as shown in Figures 5 and 6. Additionally, limited
representation of critical cases in the training dataset likely contributes to the higher
prediction errors, which future work aims to address through targeted dataset expansion.
Therefore, while the proposed approach demonstrates strong predictive capabilities, its
accuracy is inherently limited by the complexity of certain failure mechanisms and the
representativeness of the training data.

The remaining six safety metrics included in Appendix A—speed of pinion, lifetime,
center distance, viscosity at 100 °C, core hardening for pinion, and mean roughness value
flank (pinion)—further confirm the predictive strength of the neural network model.
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Figure 6. Comparison of prediction accuracy for various gear safety factors using the neural network
model of Case 1; e RMS of error, ® Maximum error.

6. Conclusions

This study explored the potential of neural networks as predictive tools for digital
twins of gearboxes, using a comprehensive dataset of 4400 gear pair configurations gen-
erated via KISSsoft® under ISO-based standards. By varying seven key input parameters
and evaluating eleven safety factors for each case, we created a robust dataset that enabled
supervised training and testing of multiple NN architectures. Although this study focused
on spur gears to demonstrate the feasibility of the proposed neural network approach,
the methodology is inherently extendable to other gear types including helical, bevel, and
planetary systems.

The trained network showed strong predictive capability, particularly for the safety
of the hardened layer and flank safety—both for pinion and gear. More complex failure
modes such as scuffing (flash temperature) and micropitting exhibited higher maximum
errors, reaching 0.0833 and 0.0596, respectively, indicating that these outputs are more
sensitive to subtle variations in the input space and may benefit from additional training
data or targeted model refinement. Case-specific evaluations (e.g., Case 1: varying pinion
torque from 100 to 300 Nm) demonstrated the NN’s ability to replicate the nonlinear
trends of safety factor degradation under increasing load. The close match between the
NN predictions and KISSsoft® outputs underscores the network’s capacity to generalize
from training data and capture complex interactions between design parameters and
mechanical performance.

The model achieved very low root averaged squared errors (RMSs) and maximum
errors for most outputs, including safety against scuffing (integral temperature), with
a maximum error of 0.0085 and RMS of 0.0039; safety of the hardened layer (DNV 41.2)
for pinion and gear, with maximum errors of 0.0057 and 0.0046, and RMS of 0.0022 each;
and flank safety for pinion and gear, with maximum errors of 0.0032 and 0.0024, and
RMS of 0.0015 and 0.0012, respectively. Root safety and flank fracture safety factors also
showed good accuracy, with root safety (pinion and gear) having maximum errors of 0.0153
and 0.0106, and flank fracture safety (pinion and gear) with maximum errors of 0.0117
and 0.0134. The more complex phenomena—safety against scuffing (flash temperature)
and micropitting—had the highest errors, with maximum errors of 0.0833 and 0.0596,
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and RMS values of 0.0584 and 0.0517, respectively, indicating their higher sensitivity to
input variation.

A key limitation of the current study is that the neural network models are trained
based on simulation data generated via KISSsoft® according to ISO standards. Therefore,
it should be noted that the model is currently trained on simulation data. While this
approach enables systematic exploration of system dynamics and potential faults, it may
not encompass all the uncertainties present in real operating conditions. For predictive
maintenance applications, future work will focus on validating and adapting the model
using experimental data to ensure its reliability and effectiveness in real-world scenarios.
The study validates the use of data-driven models as efficient surrogates for standard-
based simulations in gearbox design and health assessment. The integration of NN-based
prediction into digital twin frameworks enables faster, scalable, and cost-effective tools for
real-time diagnostics and prognostics.
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Appendix A. Error Analysis of Neural Network Predictions and Influence of Parameters on Safety Factors
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Figure A1. Comparison of prediction accuracy for various gear safety factors using the neural network model of Case 2; ¢ RMS of error, ¢ Maximum error.
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Figure A5. Comparison of prediction accuracy for various gear safety factors using the neural network model of Case 4; ¢ RMS of error, ¢ Maximum error.
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Figure A7. Comparison of prediction accuracy for various gear safety factors using the neural network model of Case 5; ¢ RMS of error, ¢ Maximum error.
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Figure A11. Comparison of prediction accuracy for various gear safety factors using the neural network model of Case 7; « RMS of error, ¢ Maximum error.
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