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On the Detection and Quantification of Nonlinearity via Statistics 
of the Gradients of a Black-Box Model 

Georgios Tsialiamanis and Charles R. Farrar 

Abstract Detection and identification of nonlinearity is a task of high importance for structural dynamics. On the one hand, 
identifying nonlinearity in a structure would allow one to build more accurate models of the structure. On the other hand, 
detecting nonlinearity in a structure, which has been designed to operate in its linear region, might indicate the existence 
of damage within the structure. Common damage cases which cause nonlinear behaviour are breathing cracks and points 
where some material may have reached its plastic region. Therefore, it is important, even for safety reasons, to detect when 
a structure exhibits nonlinear behaviour. In the current work, a method to detect nonlinearity is proposed, based on the 
distribution of the gradients of a data-driven model, which is fitted on data acquired from the structure of interest. The 
data-driven model selected for the current application is a neural network. The selection of such a type of model was done 
in order to not allow the user to decide how linear or nonlinear the model shall be, but to let the training algorithm of the 
neural network shape the level of nonlinearity according to the training data. The neural network is trained to predict the 
accelerations of the structure for a time-instant using as input accelerations of previous time-instants, i.e. one-step-ahead 
predictions. Afterwards, the gradients of the output of the neural network with respect to its inputs are calculated. Given that 
the structure is linear, the distribution of the aforementioned gradients should be unimodal and quite peaked, while in the 
case of a structure with nonlinearities, the distribution of the gradients shall be more spread and, potentially, multimodal. 
To test the above assumption, data from an experimental structure are considered. The structure is tested under different 
scenarios, some of which are linear and some of which are nonlinear. More specifically, the nonlinearity is introduced as a 
column-bumper nonlinearity, aimed at simulating the effects of a breathing crack and at different levels, i.e. different values 
of the initial gap between the bumper and the column. Following the proposed method, the statistics of the distributions of 
the gradients for the different scenarios can indeed be used to identify cases where nonlinearity is present. Moreover, via the 
proposed method one is able to quantify the nonlinearity by observing higher values of standard deviation of the distribution 
of the gradients for lower values of the initial column-bumper gap, i.e. for “more nonlinear” scenarios. 

Keywords Structural health monitoring (SHM) · Structural dynamics · Nonlinear dynamics · Machine learning · Neural 
networks 

1.1 Introduction 

In the pursuit of making everyday life safer, humans have extensively tried to model the environment around them. Structures 
are an important part of the environment, in which humans live. They are man-made and should be safe throughout their 
lifetime. Structures are exposed to numerous environmental factors, which may cause them to fail. Moreover, during 
operation, structures are subjected to dynamic loads, which, in time, may cause failure. Such failures will most probably 
result in economic damage to society and may even result in loss of human lives. Therefore, for the purpose of maintaining 
structures safe, the field of structural health monitoring (SHM) [1] has emerged. 
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Advanced Condition Monitoring framework for CFRP Gear
Drivetrains Using Machine Learning and Multibody
Dynamics Simulations

G. Karyofyllas, J. Koutsoupakis, and P. Giagopoulos

Abstract The advancements in key industry sectors such as automotive, wind turbines, oil, and gas have led to the increased
use of Carbon-Fiber Reinforced Polymer (CFRP) materials in constructing shafts and gears with metal connectors for
transmission drivetrain applications. Monitoring the health of these drivetrain components can prevent failures and enable
effective maintenance schedules, ensuring high availability, reliability, and maintainability. Real-time condition monitoring
(CM) via vibration measurements allows for fault detection and predictive maintenance. The accuracy and robustness of a
CM application depend significantly on the availability of data for various health states, which typically necessitates com-
prehensive experimental measurements. In this work, an innovative condition monitoring (CM) framework for detecting
and localizing damage in a lab-scale gear drivetrain system is presented. The framework leverages Machine Learning (ML)
models that are trained on data produced through numerical simulations based on an Optimal Multibody Dynamics (MBD)
model of the physical system. The experimental drivetrain is a single-stage system using CFRP shafts and gears, necessi-
tating a high-fidelity MBD model to accurately represent the nonlinear material properties and layup of the CFRP shaft, as
well as the 3D-printed gear set. The system, comprising shafts and gears, is mounted in four support bearings included in the
MBD model. The model’s precision is improved by thoroughly modeling the contact mechanics involved in gear meshing.
This includes the development of an innovative contact force model that considers the influences of variable mesh stiffness,
transmission error, and backlash. The objective is to perform damage identification across different health states using simu-
lated responses for supervised health state classification, rather than relying solely on experimental data. Damage scenarios
considered include cracks and delamination in the composite shaft and surface roughness, spalls, or missing teeth in the gear
pair. The robustness and accuracy of the ML models are validated by accurately classifying faults in the physical system,
demonstrating the proposed damage detection method’s generalization capabilities and potential.

Keywords Carbon-Fiber Reinforced Polymer (CFRP) · Condition Monitoring (CM) · Multibody Dynamics (MBD) ·
Machine Learning (ML) · Gear Drivetrain · Damage Detection · Contact Mechanics

Introduction

In recent years, the increasing adoption of advanced materials like Carbon-Fiber Reinforced Polymer (CFRP) in key industry
sectors, including automotive, wind turbines, and oil and gas, has sparked a transformation in the design and manufacturing
of critical drivetrain components such as shafts and gears. The superior mechanical properties of CFRP, including a high
strength-to-weight ratio, fatigue resistance, and corrosion resistance, make it an ideal choice for applications requiring high-
performance, lightweight components [1]. These materials are particularly suited for transmission drivetrain systems, where
energy efficiency, durability, and reliability are paramount. However, as CFRP components are integrated more widely into
complex mechanical systems, the need for effective monitoring and maintenance strategies becomes increasingly important
to prevent unexpected failures and optimize operational performance [2].

A crucial aspect of ensuring the reliability and performance of drivetrain systems is the ability to monitor the health of
components in real time. Condition monitoring (CM) plays a vital role in detecting early signs of wear, damage, or faults in

G. Karyofyllas · J. Koutsoupakis · P. Giagopoulos
Aristotle University of Thessaloniki, Department of Mechanical Engineering, Thessaloniki, GR, 54124
Corresponding author: dgiagopoulos@auth.gr
e-mail: gdkaryof@meng.auth.gr; jkoutsoup@meng.auth.gr

© The Author(s), under exclusive license to River Publishers 2025 85
Brian Damiano et al. (eds.), Structural Health Monitoring & Machine Learning, Vol. 12, Conference Proceedings
of the Society for Experimental Mechanics Series, https://doi.org/10.13052/97887-438-0157-3 11

dgiagopoulos@auth.gr
gdkaryof@meng.auth.gr
jkoutsoup@meng.auth.gr
https://doi.org/10.13052/97887-438-0157-3_11


86 G. Karyofyllas et al.

drivetrain components, enabling predictive maintenance and reducing the risk of costly breakdowns [3]. Among the various
CM techniques, vibration-based monitoring is a well-established method for identifying faults in rotating machinery [4]. By
analyzing the vibrational response of components, it is possible to detect deviations from normal operating conditions that
may indicate the presence of damage, such as cracks, surface roughness, or gear tooth wear [5]. This approach provides a
non-invasive and efficient means of assessing the health of drivetrain systems [6].

Despite the advantages of vibration-based condition monitoring, one of the key challenges is the requirement for a
comprehensive dataset that accurately represents various health states of the system. In traditional CM approaches, this
dataset is typically generated through extensive experimental measurements, which can be time-consuming, costly, and
sometimes impractical, especially when dealing with novel materials like CFRP [7]. Moreover, obtaining experimental data
for different damage scenarios and fault types may be difficult due to the complexity and diversity of possible failure modes in
drivetrain systems. Therefore, there is a need for innovative methods to complement or replace experimental data collection
for the development of robust condition monitoring frameworks [8].

In this work, is proposed an innovative condition monitoring framework that addresses these challenges by leveraging
numerical simulations to generate training data for machine learning (ML) models. The proposed framework focuses on
the detection and localization of damage in a lab-scale gear drivetrain system that incorporates CFRP shafts and gears.
Rather than relying solely on experimental data, a high-fidelity multibody dynamics (MBD) model of the drivetrain system
to simulate is utilized the vibrational responses under various health states [9]. The MBD model incorporates the nonlinear
material properties and layup of CFRP shafts, as well as the intricate contact mechanics involved in gear meshing, including
variable mesh stiffness, transmission error, and backlash [10]. These factors are essential for accurately simulating the
physical behavior of the drivetrain components, particularly under different damage conditions [11].

The use of CFRP in shafts and gears presents unique challenges for condition monitoring due to the material’s anisotropic
behavior and complex damage mechanisms, such as delamination and cracking [12]. Additionally, the gear pair, constructed
using 3D-printed materials, introduces further complexity due to the possibility of defects such as surface roughness,
spalling, or missing teeth [13]. To address these challenges, an innovative contact force model that captures the dynamic
interactions between the gear teeth is developed, enabling accurate simulation of the vibrational response under healthy and
damaged conditions. The simulated responses generated from the MBD model serve as the training data for the machine
learning models, which are then used to classify the health state of the drivetrain system. Supervised learning algorithms
are employed to differentiate between normal operation and various damage scenarios, including cracks and delamination
in the composite shaft and gear defects such as surface roughness and missing teeth. By training the ML models on numeri-
cally simulated data, we can bypass the need for exhaustive experimental measurements while still achieving high levels of
accuracy and robustness in fault detection and classification.

The key contributions of this research are twofold. First, is presented a comprehensive MBD model of a drivetrain system
with CFRP components that accurately simulates the complex dynamics of the system under different health conditions. This
model includes detailed representations of the material properties, contact mechanics, and gear meshing behavior, providing
a realistic basis for generating training data [14]. Second, is demonstrated the effectiveness of machine learning techniques in
classifying faults based on the simulated data, showcasing the potential for integrating numerical simulations and data-driven
methods in condition monitoring frameworks [15]. The proposed approach not only reduces the reliance on experimental
data but also improves the generalization capabilities of the CM system, making it applicable to a wide range of drivetrain
applications [16].

The remainder of this paper is organized as follows: First, the Background section outlines the theoretical foundation,
including the multibody dynamics (MBD) model and the associated theoretical equations. This section also covers the
modeling of contact forces between the gears and bushings, as well as the data mining process used to train the machine
learning (ML) model. Additionally, the basic formulation for identifying the drivetrain’s condition through the ML model is
presented. Next, the Analysis section provides a detailed description of the drivetrain system under investigation, focusing
on the CFRP shafts and 3D-printed gears, as well as the development of the MBD model to simulate the system’s dynamics.
This section also discusses the model updating process, in which the MBD model is refined using experimental datasets from
the drivetrain’s healthy state. Simulated damage scenarios are introduced as part of this section. In this section, the results
of the fault classification experiments are also presented, accompanied by an analysis of the model’s accuracy and its ability
to generalize across different conditions. Finally, the paper concludes with a Conclusion section, summarizing the findings
and providing recommendations for future research directions in condition monitoring for CFRP-based drivetrain systems.

Background

Multibody Dynamics (MBD) is a framework used to describe the dynamic interactions between interconnected bodies
in a system. These bodies are connected through kinematic constraints and are influenced by both internal and external
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forces. When a system consists of components with varying degrees of stiffness or flexibility, its equations of motion can be
expressed generally as: {

Mq̈ + Cq̇ +Kq = f (t) +ATλ
Φ(q, t) = 0

(1)

In this formulation, M , C, and K represent the system’s mass, damping, and stiffness matrices, respectively. The terms
q̈, q̇, and q denote the acceleration, velocity, and displacement vectors of the system’s generalized coordinates. f refers to
external forces acting on the system, while ATλ accounts for the constraints imposed by Lagrange multipliers. The constraint
equations Φ(q, t) = 0 ensure that the kinematic constraints defined by the system’s ideal joints are satisfied, allowing an
accurate depiction of the dynamics of both rigid and flexible components [17].

In the drivetrain MBD model, bushings are introduced to act as both supports and flexible connectors between com-
ponents. Bushings allow relative motion between parts while providing resistance to specific degrees of freedom, adding
flexibility compared to rigid connections. They are typically characterized by their stiffness and damping properties, and
their force-displacement behavior is often modeled using a spring-damper system. The equation governing the forces ex-
erted by a bushing is typically:

F = − k ∗ δ − c ∗ δ̇ (2)

In this equation, F represents the force exerted by the bushing, k is the stiffness, c is the damping coefficient, δ is the
deformation of the bushing, and δ̇ is the rate of deformation (velocity). This model effectively captures the compliance and
damping behavior of the bushing, which plays a crucial role in the dynamics of the system by allowing controlled flexibility.

In the drivetrain MBD model, contact between the gear pair is defined to accurately capture the interaction forces during
meshing. To simulate the energy dissipation within the system, a damping component is introduced alongside the stiffness
component of the contact force. This damping is represented using a hysteresis damping factor, which accounts for energy
loss due to material deformation and contact mechanics. The hysteresis factor χ is determined using one of several available
models, with each model providing a distinct relationship between the hysteresis factor, coefficient of restitution (cr), and
the initial indentation velocity (δ̇) at the moment of contact [18]. The general form of the damping model is given by:

Fn = − k ∗ δn − χ ∗ δn ∗ δ̇ (3)

Table 1 provides a summary of different models used to estimate the hysteresis damping factor χ based on the contact
force model.

Table 1 Hysteresis damping factor χ with respect to the contact force model.

The contact forces between the gears and the forces in the bushings of the drivetrain model are then optimized for best
performance by tuning the model parameters using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES). CMA-
ES is particularly effective in handling complex optimization scenarios characterized by discontinuities, noise, local optima,
and other challenges [19]. The goal is to optimize a set of model parameters θ by minimizing the error between the experi-
mental dataset and the predicted model’s response in the frequency domain, obtained through Fast Fourier Transformation
(FFT) of the accelerations at the bearing positions.

The error between the experimental and numerical responses for the i− th predicted model can be minimized using the
following cost function:

Ji (θ) =
1

N

N∑
ι=1

∑m
j=1 (â(θ)ij − aij)

2∑m
j=1 (aij)

2
(4)

In this equation, â (θ)ij represents the FFT of the acceleration response at the j − th bearing location for the i − th
frequency in the numerical model, and aij is the FFT of the experimental acceleration data at the same bearing location.
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The optimization starts with an initial set of parameters in the vector θ, which represent the parameters for the drivetrain’s
numerical model.

The CMA-ES algorithm iteratively updates the parameters by calculating the numerical model’s response and minimizing
the cost function J(θ), which is based on normalized least squares error. The process continues until the parameter values
are refined, aligning the numerical and experimental frequency responses, and ensuring a more accurate representation of
the drivetrain’s dynamics.

Next, the optimal MBD model is utilized to generate labeled data for training the proposed supervised machine learning
framework. This numerical model produces a comprehensive dataset that encompasses various health states in the rotor
dynamics model under investigation, providing detailed information about both the health status and specific instances of
damage occurring at discrete locations within the structure. To account for the inherent uncertainty in real-world systems,
key hyperparameters θ are sampled from a Gaussian distribution. In practical experiments, uncertainty is always present,
resulting in discrepancies between experimental responses and those predicted by the model. By sampling the model’s
hyperparameters, these issues are addressed, mitigating discrepancies observed between numerical and experimental data
across different trials.

To facilitate the generation of N labeled datasets, an automated algorithm, as shown in Figure 1, has been developed. This
algorithm leverages the numerical model’s response to compute Fast Fourier Transforms (FFTs) from the acceleration data
in the X and Y directions, which serve as the primary input for the machine learning framework. At the end of the process,
the algorithm determines the model’s health status and returns both the FFTs and the health label Y. This label, represented as
a single integer, indicates the simulated health state, designating whether the corresponding MBD model instance is healthy
or exhibiting specific damage forms. Essentially, Y acts as a categorical indicator linked to the configuration of the solved
MBD model, distinguishing between healthy and compromised states. The simulated FFT response data is then organized
into a complete labeled dataset, expressed as:

Train set = {(FFT 1, Y1) , (FFT 2, Y2) · · · (FFTn, Yn)} , with FFTn = [FFT
X
n , FFTY

n ] (5)

Fig. 1 Numerical data generation framework.

The simulated dataset for supervised damage detection and identification in the drivetrain system is processed using a
Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel [20]. SVM is a robust classification algorithm
that works by transforming the input data into a higher-dimensional space, allowing it to handle complex decision boundaries.
The classification problem is expressed as:

y (x) = wTφ(x) + b (6)

where φ(x) is the feature-space transformation function, and b is the bias term. The RBF kernel provides flexibility through
hyperparameters and is defined as:

K (x,y) = e−γ∥x−y∥ 2

(7)

Where K (x,y) represents the kernel function applied to input vectors x and y, and γ is a hyperparameter controlling
the decision boundary’s smoothness. The training dataset T = {xi ∈ Rn, i = 1, . . . , N} and labels from two classes
yi ∈ {−1, 1} are used to optimize the model.

During training, the SVM seeks to maximize the margin between classes by solving the optimization problem:

Maximize : W (a) =

N∑
i=1

ai −
1

2

N∑
i=1

N∑
j=1

(ai · aj · yi · yj ·K (xi, xj)) (8)
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subject to 0 ≤ ai ≤ C, where C is a regularization parameter, and aiare the Lagrange multipliers. The decision function is
then used for classification:

f (x) = sign
(∑

(ai · yi ·K (x,xi)) + b)
)

(9)

Where, f(x) is the predicted class label for input vector x and b is a constant value. This SVM-RBF model, trained using
the scikit-learn Python library, can accurately classify new data and identify health states in real-time, making it suitable for
condition monitoring in non-linear systems characterized by complex patterns.

The overall process of the proposed methodology is summarized in the flowchart presented in Figure 2. This flowchart
outlines the key steps, starting from the development of a high-fidelity MBD model of the drivetrain system, including
the CFRP shafts and 3D-printed gears. Numerical simulations are then performed using this model to generate data for
various health states. The data is processed through FFT to capture the frequency domain responses at the bearing positions.
Following this, a SVM model with RBF kernel is trained using the simulated dataset to classify different health states. The
SVM-RBF is optimized by tuning its hyperparameters, such as the kernel parameter γ and regularization parameter C. Once
trained, the model is capable of performing real-time condition monitoring by accurately detecting and identifying damage
based on new input data.

Fig. 2 Flowchart of the proposed framework.

Analysis

The experimental setup used to conduct dynamic testing of the drivetrain with Carbon Fiber Reinforced Polymer (CFRP)
gears and shafts is illustrated in Figure 3. The system consists of two main components: the drive motor (1) and the load
motor (2), both of which are three-phase electric motors. Additionally, it includes two shafts (3), four shaft mounting ball
bearings (4), a pair of gears (5) and (6), and a mounting frame (7). To monitor the system’s dynamic response, four tri-axial
accelerometers are mounted on the bearings (4), allowing for measurement of acceleration in the radial direction. A torque
meter is also placed on the input shaft, positioned directly after the electric drive motor, to capture the input torque of the
drivetrain. The tests are conducted over a rotational speed range from 450 RPM to 1100 RPM, with increments of 250 RPM
between each test. Data is recorded at a sampling rate of 5120 Hz to capture the detailed dynamic behavior of the system.
The corresponding MBD model, which accurately represents the experimental drivetrain system, is illustrated in Figure 4.
Table 2 summarizes the material properties of CFRP used in the MBD model for both the CFRP gears and shaft.

The optimal contact force model, along with its corresponding parameters as estimated through the optimal selection
using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) algorithm, is presented in Table 3. In addition to
this, the table summarizes the stiffness and damping values for the bushings used in the system.
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Fig. 3 Experimental drivetrain system and measuring equipment.

Fig. 4 Drivetrain system numerical model (MBD).

Table 2 CFRP material properties.

Table 3 Optimal force model and parameters.

To accurately replicate the damage scenarios and develop a machine learning (ML)-based model capable of identifying
the health state of the drivetrain, two new MBD models were created, each representing specific damage conditions. These
models, combined with the existing healthy state model, enable a comprehensive analysis of the system’s behavior across
different health conditions. In this study, three distinct health states of the drivetrain were analyzed. The first is the baseline
”healthy” state, where no faults or damage are present. The second state represents a surface fault, characterized by wear
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or degradation on the pinion gear teeth surface. This condition was simulated by reducing the contact stiffness of the gears
by 15%, mirroring the reduction in stiffness typically observed in real-world surface damage scenarios. The third state
represents a more severe fault, a missing tooth on the pinion gear, which drastically alters the dynamic behavior of the
drivetrain due to the abrupt change in contact mechanics. Figure 5 illustrates the gear models used for each of these health
states. By incorporating these different damage conditions into the MBD framework, the study provides a robust dataset
for training the ML-based damage detection system, which is designed to classify the health states based on the system’s
dynamic responses under varying operational conditions.

Fig. 5 Gear geometry for different health states.

Figure 6 presents the acceleration responses in the frequency domain for the optimal MBD models at rotational speed
of 450RPM. The responses are shown for the first nine harmonics of the Gear Mesh Frequency (GMF) of the gear pair,
providing insight into the system’s dynamic behavior at various speeds. Figure 7 compares the simulated responses of the
drivetrain system in both its healthy and damaged states. This comparison highlights the differences in dynamic behavior
and helps in identifying damage by observing the variations between the healthy and faulty conditions.

Fig. 6 Frequency response comparison of the optimal MBD system in its healthy state at 450 RPM.
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Fig. 7 Frequency response comparison between the healthy and damaged MBD models at 450 RPM.

The training data for this study was generated from optimal healthy and damaged MBD models, comprising 500 ex-
amples for the healthy state and 500 samples for each damage scenario, resulting in a total dataset of 1,500 cases. To
introduce realism into the models, the optimal hyperparameters (θ) were perturbed by ±3% using a Gaussian distribution.
This stochastic variation helps to replicate uncertainties present in experimental scenarios. The computational efficiency
of this approach was significant, with the MBD problem solving completed in approximately 20 seconds. Overall, the
data generation process was completed in under 30 seconds per example, a marked improvement compared to traditional
methods.

The numerical data was organized into labeled datasets corresponding to specific structural health conditions, adhering
to guidelines outlined in Background Chapter and forming the training set as defined in Equation (5). Table 4 summarizes
the labels used to describe the numerical data. The generated datasets show close proximity among different health states,
underscoring the challenge of accurately detecting structural changes within the system.

Table 4 Dataset used labels.

The next phase in the machine learning framework involves training the SVM-RBF model for robust classification of
the experimental structure’s health state using this numerical dataset. Seventy percent of the dataset is allocated for training,
allowing the model to learn underlying patterns, while the remaining 30% serves as a validation set for unbiased performance
assessment. Prior to training, data scaling standardizes the input features to have zero mean and unit variance, ensuring
balanced contributions from all features. Key hyperparameters ’C’ and ’gamma’ are finely tuned, with ’C’ set to 1.2 for
balance between decision boundary optimization and error reduction, and ’gamma’ assigned the value ’scale’ to enhance
model performance.

The model’s accuracy was thoroughly assessed on the validation set using experimental measurements across the three
health states studied, yielding remarkable results: 99.4% accuracy at 450 RPM, 91.8% at 775 RPM, and 98.2% at 1100
RPM. Confusion matrices (Figure 8) provide a comprehensive overview of the model’s performance, detailing the rates of
true positives, true negatives, false positives, and false negatives for each health state. Overall, the model demonstrates a
strong capacity for accurately classifying both healthy and damaged states of the drivetrain, achieving an average efficiency



Advanced Condition Monitoring framework for CFRP Gear Drivetrains Using Machine Learning and Multibody Dynamics Simulations 93

of 95%. Additionally, Figure 9 highlights the model’s prediction percentages at various rotating speeds, further underscoring
its reliability and effectiveness in real-world applications.

Fig. 8 Confusion matrices for different rotating speeds.

Fig. 9 SVM-RBF prediction percentages on experimental datasets.

Conclusion

This study presents a comprehensive approach to developing a machine learning framework aimed at effectively classifying
the health states of a drivetrain system using CFRP gears and shafts. The primary objective was achieved through a combina-
tion of advanced simulation techniques and machine learning algorithms, resulting in significant findings and contributions
to the field of condition monitoring. First and foremost, the development of the optimal Multibody Dynamics model allowed
for the generation of a substantial dataset comprising 1,500 instances, representing various health states of the drivetrain.
This dataset was instrumental in training the machine learning model and showcased the effectiveness of simulating dif-
ferent operational conditions, including healthy and damaged states. The use of a Support Vector Machine with a Radial
Basis Function kernel demonstrated impressive classification performance, achieving accuracy rates of 99.4% at 450 RPM,
91.8% at 775 RPM, and 98.2% at 1100 RPM on the validation set. This high level of accuracy underscores the potential
of the proposed framework for real-time health state classification in practical applications. Furthermore, the integration of
Gaussian perturbations into the model’s hyperparameters effectively introduced a realistic element of uncertainty, closely
mimicking real-world experimental scenarios. This approach not only improved the robustness of the model but also en-
sured its applicability to varying operating conditions. In conclusion, this study not only demonstrates the efficacy of using
advanced simulation techniques and machine learning for health state classification but also provides a valuable framework
for future research in the field of condition monitoring and fault detection in mechanical systems. Further investigation into
the optimization of the model and expansion of the training dataset will be essential for improving classification performance
across all health states, ultimately contributing to more reliable and effective monitoring of drivetrain systems.
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