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Abstract: Damping significantly affects the dynamic analysis of spur gear pair systems.
The identified damping ratios may suffer from instability owing to many reasons, such as
time-varying conditions and nonlinear effects. Long-short-term memory (LSTM) has been
developed for damping model identification in systems with nonlinear behavior. However,
owing to the poor quality of the input data, the identification results may not be reliable.
In this regard, this study proposes a hybrid technique based on the Continuous Wavelet
Transform (CWT) and LSTM methods. The major novelty of this study is the utilization
of the time-frequency information provided by the CWT as the input data. Therefore, the
LSTM network was fed these extracted features to enhance noise attenuation and improve
the robustness and stability of nonlinear damping identification. Thus, the CWT technique
is used as a preprocessing tool for the observed signals, enhancing the data quality by reducing
the influence of noise. To verify the effectiveness of the proposed CWT-LSTM approach
for damping identification, CWT representations of the simulated spur gear pair system
response were used in a series of analyses. The numerical results indicate that the combined
CWT-LSTM approach provides more reliable and accurate nonlinear damping estimation than
the conventional LSTM model. This methodology has a strong potential for the accurate

identification of damping in gear transmission systems.

Keywords: nonlinear damping; continuous wavelet transform (CWT); long short-term

memory (LSTM); system stability; time-frequency features

1. Introduction

Damping estimation has a strong effect on engineering system dynamics because
it profoundly impacts vibration level predictions, system stability, and the accuracy of
dynamical models [1]. Incorrectly detected damping may induce considerable errors
in the predictions of important dynamical phenomena, as proven by Ghahari et al. [2],
who showed that damping model accuracy has a strong impact on system dynamics.
Despite its importance, this estimation remains one of the most difficult tasks to
perform accurately, particularly with respect to nonlinear and time-varying changes.
Traditional methods for damping identification, such as modal analysis, often face
limitations, including computational complexity, sensitivity to noise, and dependence
on idealized system models [3]. Extensive research has been devoted to the direct
identification of linear damping matrices, and several refined techniques have been
developed. Among these, the Stabilized Layers Method (SLM) proposed by Lisitano
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etal. [4] has proven to be robust and reliable, providing physically meaningful damping
coefficients. However, the SLM method presented by Bonisoli et al. [5] is limited to
linear equivalent models.

In practice, many mechanical systems exhibit nonlinear damping behavior caused
by material hysteresis, friction at joints, or geometric effects [6]. Nonlinear damping
plays a crucial role when the system experiences large oscillation amplitudes, and
neglecting such effects can lead to significant modeling inaccuracies [7-9]. Therefore,
recent research efforts have focused on developing parametric identification methods
capable of separating linear and nonlinear contributions to damping, allowing for a
clearer understanding of energy dissipation mechanisms. Chatterjee and Chintha [10]
developed an identification approach based on harmonic probing and Volterra series
to estimate cubic nonlinear damping in mechanical systems. Recently, Eberle [11]
introduced a nonparametric and computationally efficient technique for characterizing
nonlinear damping in single-degree-of-freedom systems. Han and Kinoshita [12]
proposed a stochastic inverse approach for identifying nonlinear damping in oscillatory
systems with constant stiffness.

Recently, novel machine learning algorithms, such as Long Short-Term Memory
(LSTM) networks, have attracted growing attention in dynamic system identification,
which may bring certain benefits to avoid the disadvantages of traditional methods [13].
Unlike traditional approaches, LSTM networks directly address the issue of damping
characteristics from vibration measurements. Several studies have established that
better data preprocessing is essential for enhancing the performance of the proposed
LSTM model [14]. For instance, Yun et al. [15] proposed the integration of the
frequency domain decomposition (FDD) approach with an LSTM network to determine
the modal damping ratio. The effect of the instabilities on the FDD method was
eliminated. It has been established in the literature that robust extraction of damping
characteristics from noisy measurements can be achieved using LSTM network-based
techniques, ensuring their real-life applications [16,17]. Afridi et al. [18] proposed
that LSTM models can estimate damping under different operating conditions. The
potential of an Extended Kalman Filter (EKF) with an LSTM network was proposed
by Kulkarni and Paul [ 19], where an accurate estimation of states can be acquired using
the proposed approach. To enhance the LSTM technique, Zheng et al. conducted
research [20] by incorporating Enhanced Frequency Domain Decomposition (EFDD)
into the identification of damping variability in the early stage. Yun and Park [21]
developed a hybrid technique for modal identification by incorporating the Extended
Kalman Filter (EKF) technique and LSTM networks. Previous studies have indicated
the possible accuracy of data estimation using the LSTM technique, despite the noise
involved [22-24]. In gear system applications, the LSTM neural network approach
is important for the dynamic modeling and fault prediction of gearboxes. Various
studies have proven the efficiency and potential of the LSTM model approach for gear
health evaluation and fault identification based on vibrations [25,26]. For example,
He et al. [27] proposed a hybrid model by inserting a Convolutional Block Attention
Module (CBAM) into LSTM neural networks for gear fault identification in planetary
gearboxes under constant operating conditions. In addition, Xia et al. [28] presented



Sound & Vibration 2026, 60(2), 3869.

the theory of Variational Mode Decomposition (VMD) and the LSTM model approach
for gear health state classification under various operating conditions, such as variable
speeds and interfering noise. Again, enhanced dependability for the fault identification
approach was offered by the strategy of Cheng et al. [29] through the application of the
LSTM model approach.

Although LSTM neural networks have been heavily utilized in other areas such
as fault diagnosis and condition monitoring, it has been found that their effectiveness
heavily relies on the accuracy and credibility of the input data [30-32]. For this
purpose, Continuous Wavelet Transform (CWT)-based preprocessing was adopted in
this study. Previous studies [33,34] have revealed that wavelet transformations can
also be efficiently utilized to transform raw time-domain signals into time-frequency
signals. This further leads to an increased amount of information regarding the gear
system dynamics. These time-frequency features were then used to train an LSTM
neural network. By using both CWT preprocessing steps and LSTM neural networks,
this model further improves the effectiveness and accuracy of damping identification,
including nonlinearities and defects. A simulation test problem has been analyzed
to test and verify the accuracy and efficacy of this novel technique using the novel
CWT-LSTM technique.

The key contributions of this study are briefly summarized as follows: In Section 1,
a dynamic gear system with time-varying stiffness and nonlinear damping is presented.
In Section 2, a novel hybrid CWT-LSTM approach is developed for damping ratio
identification based on vibration responses. In Sections 3 and 4, a systematic robustness
test is conducted by applying the proposed method to various constant damping ratios

and under varying torque conditions.

2. Methodology

2.1. Time—frequency feature extraction using CWT

The CWT analysis technique was used to provide the simulation data in the form of
x(¢) in the time-frequency domain. This technique allows for a wide array of frequencies

to obtain a more informative and detailed dataset. The formula for the CWT is stated

Win, s] = 11/00 w[k]w * <k - ”) dt (1)

s2 J—c0 S

as follows

In this formulation, x[k] denotes the input signal, and w * (’“‘T”) represents the wavelet
function. the Ricker wavelet (Mexican hat) is employed due to its good localization in
both time and frequency domains.

Parameter s corresponds to the frequency, and n defines the time. The term w *
(k_T") is the complex mother wavelet, and S is the scale parameter, which controls
the analyzed frequency. The wavelet w * (%) is localized at time n = [t].....t,]
and the frequency range is s = [sj.....s,] and translated throughout the simulated data.

As aresult, the CWT generates a two-dimensional representation, as expressed by the
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following equation

U(sy,t1) W(si,t2) ... U(s1,tq)
U(sg,t1) W(sa,ta) ... W(sa,ta)
wavelet putput = . o . . 2)
U(sq,t1) W(sa te) ... U(sar,ta)

In this representation, each row corresponds to a specific scale (or frequency band).
Each coefficient W(s;,t;) represents the contribution of frequency s; at time ¢;. The
obtained components are then provided as inputs to the Long Short-Term Memory
(LSTM) network as follows

LST Mipput = U(s,t1), U(s,t2).... (s, t) 3)

2.2. Neural network framework based on LSTM method

An LSTM is composed of three main gates, which can be characterized as follows:

*  Forget gate (Ft): This gate controls the information removed from the cell state.
It is calculated as
Fy =0 (Up [Hi-1, X¢] + Br), “)

where o corresponds to the sigmoid activation function, H;_; is the hidden state
from the previous time step, X; is the current input vector, and Ur and B are the
weight matrix and bias associated with the forget gate, respectively.

+ Input gate (J;): This gate decides which information should be added to the cell
state and is computed as

Jt = O-(UJ [Httht] + BJ)v (5)

where U; is the weight matrix associated with the input gate, Bj is the
corresponding bias term, H;_; represents the previous hidden state, and X, is the
current input vector.

*  Qutput gate (O;): This gate controls the information to be output as the next
hidden state. It is computed as

Ot — U(UO [Htfla Xt] + BO), (6)

where U, denotes the weight matrix of the output gate along with its corresponding
bias B,.

2.3. Damping estimation using a hybrid CWT-LSTM approach

The CWT-extracted features were fed into a long short-term memory (LSTM)
network, which is well-suited for modeling temporal dependencies in sequential data.
The LSTM consists of a hidden recurrent layer followed by a fully connected output
layer with a softplus activation function to enforce the non-negativity of the predicted

damping coefficient. The LSTM network was built with 60 units, followed by a layer

4
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that outputs the estimated damping. To ensure reproducibility of the experiments, the
key training parameters have been explicitly specified. The model was trained using
the Root Mean Square Error (RMSE) as the loss function, with the Adam optimizer
and a learning rate of 0.001. A batch size of 32 was used, and training was performed
for up to 200 epochs. To prevent overfitting, dropout with a rate of 0.2 was applied to
the hidden layers, and early stopping with a patience of 20 epochs was implemented.
Additionally, 20% of the training data was set aside for validation. Figure 1 presents
the hybrid CWT-LSTM approach for estimating the damping. First, the continuous
wavelet transform (CWT) is used for time-frequency feature extraction of the input
signal, offering a refined description in terms of various frequency bands using the
Ricker wavelet. The Ricker wavelet was selected as the mother wavelet because
of its suitability for vibration signal analysis and its ability to represent transient
features. Wavelet-based approaches have been widely used for extracting transient
information from gear vibration signals and for fault detection in rotating machinery, as
presented by Li[35]. The impulse-like shape of the Ricker wavelet makes it particularly
appropriate for representing transient vibration components. The extracted features
were then fed into a long short-term memory (LSTM) network, which is particularly
effective for capturing temporal dependencies in sequential data. The LSTM network
architecture was designed with gated memory cells and a fully connected output layer
with a softplus activation function to guarantee non-negative damping estimates. The
hybrid model is capable of effective damping estimation owing to the improved feature
description offered by time-frequency analysis. After passing through the LSTM layer,
the calculated predicted output was used to compute the loss function with the target
output (output data) as part of the weight optimization. The loss function employed in
this study is root mean square error (RMSE), as presented in Figure 2.

Simulated data

A 4

Matrix of coefficients

-The total number of temporal samples
-The total number of scales
¥

Wavelet coefficients extracted from the CWT matrix
LSTM, ., =¥(s,1,),¥(s,1,)...... ¥(s.1,)

¥
Long Short-Term

Memory (LSTM) | = | Damping
networks model

Figure 1. CWT-LSTM for Damping estimation algorithm.
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Figure 2. Damping estimation algorithm.
Root mean square error (RMSE) is calculated in the following equation,
1 N ~
RMSE =1/5 > (i —ai)? (7
1=

« represents the target output and & represents the LSTM network’s predictions.
The target output acorresponds to the damping ratio predicted by CWT-LSTM.
For comparison, a baseline LSTM model is also trained using raw time-domain
signals as inputs, allowing quantitative evaluation of the benefit introduced by
time—frequency preprocessing. For data generation, the dynamic responses of the
system were integrated over the time interval of 0.05 s with 2,000 steps and transformed
to input/output sequences by using a sliding window of 30 elements to produce
approximately 1,900 elements for each run. The training and test data were divided
according to their chronological order, with 80% of the data for training and 20% for
testing to maintain the signal’s time dependency. For validation, another set of data
was randomly taken from the training data to monitor the training process and avoid
overfitting. The weights of the neural networks are randomly initialized; however, to
maintain the same random sequence for NumPy and TensorFlow libraries, random
seeds are fixed for these libraries. The experiments are repeated multiple times to
confirm the stability of the results. The results are reported for some of the runs with

minimal variation between the repeated runs.

3. Numerical validation

3.1. Model of spur gear pair system

To assess the effectiveness of the proposed CWT-LSTM approach for damping
identification, a series of analyses was conducted using the CWT representations of
the simulated gear system response. The CWT—-LSTM procedure outlined in Section
2 was applied to the gear system. Although the effectiveness of the proposed method
has been demonstrated through numerical simulations, its applicability to real-world
gear systems has not yet been experimentally validated. The dynamic model of the
gear system is illustrated in Figure 3. The pinion and gear are modeled as rigid
rotating bodies with rotational inertias I1 and 12, and angular displacements 61(¢) and
02(¢), respectively. The gear mesh interaction is represented by a time-varying mesh
stiffness K(¢) and damping coefficient C(¢). The shafts are supported by rigid bearings,
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and no bearing flexibility is considered. The system is excited by an external torque
T1(¢) applied to the pinion. This simplified torsional model describes the dynamic

transmission error between the pinion and the gear.

6[ Tl(t)
k—_'--

Pinion 6, Ta(t)

Figure 3. Dynamic gear model.

In this study, a single-stage spur gear system was used as the test case to apply the
LSTM and CWT-LSTM techniques for damping analysis. All relevant mechanical
parameters, including gear geometry, material properties, boundary conditions, and
loading, are presented in Table 1. Although the present study focuses on a single-stage
system, the methodology is general and can be extended to more complex multi-stage
gear systems or other mechanical structures, as it only requires simulated data and their
wavelet transforms as input. This approach allows for a rigorous demonstration of
the effectiveness of the CWT and CWT-LSTM techniques in identifying linear and

nonlinear damping behaviors.

Table 1. Parameters of spur pair-gear system.

Parameters Pinion Gear
Teeth numbers 20 40
Inertia moments (kg.m?) 0.00026 0.0045
Base circle (m) 0.05 0.11
Stiffness (N/m) Kmax = 4.10%; Kmin = 2.108
Module (m) 0.003
Pressure angle (°) 20
Contact ratio 1.6
Teeth width (m) 0.023
Torque T1 (N.m) 150

The system’s equation of motion can be expressed as follows
X+ Cx+K(t)x =1 ®)

The transmission error x(f) was obtained using the Runge—Kutta method. The
mesh damping model is presented by C. In this study, we introduced a nonlinear
damping model into the dynamic equation of motion. Unlike classical linear damping,
which is proportional to velocity, the proposed model incorporates a nonlinear

relationship between the dissipative force and the system’s velocity. The nonlinear
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damping is presented by the following equation
C = asign(d)|#]", ©)

where z is the velocity, « is the damping coefficient and » is the non-linearity
exponent. Nonlinear damping is incorporated to the differential equation. This
formulation improves the model performance and leads to a dynamic response that
is more consistent with the time varying system conditions.

The time-varying mesh stiffness is illustrated in Figure 4. The horizontal axis
represents time (s), while the vertical axis represents the mesh stiffness K(¢) expressed
in N/m. The stiffness varies periodically due to the continuous change in the number
of teeth in contact during the meshing process. Higher stiffness values correspond to
double-tooth contact, while lower values correspond to single-tooth contact.

Figure 4. Time varying stiffness.

The mesh stiffness is modeled using a truncated Fourier series, as given [36]
Nh .
K(t) = Ko + Zh_l (K§ cos(hwpmt) + K sin(hwpt)) (10)

where K and K} are the harmonic coefficients of the time varying stiffness. Nh
is the number of harmonic sideband and w,, is the mesh frequency. The mesh
stiffness of a spur gear pair varies cyclically with the mesh period, and Fourier series
are well-suited for efficiently representing such periodic stiffness fluctuations. This
approach provides closed-form analytical expressions that can be directly integrated
into the system differential equations, enabling fast and stable simulations in both the
time and frequency domains. The simulated data x is obtained by solving Equation
(8) using the Runge-Kutta method. The CWT method was then applied to the
simulated data to obtain the wavelet characteristics, which were used as the input of
the CWT—-LSTM technique. The steps of the LSTM and CWT-LSTM techniques were
then applied to identify the damping coefficient . The proposed model was developed

and tested using the Python programming language. To ensure the validity of the
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proposed method, additive zero-mean Gaussian white noise effects, gear eccentricity,
and backlash effects were considered in the dynamic model. This helps verify the

robustness and reliability of the proposed approach.

3.2. Damping ratio identified from the CWT-LSTM method

The simulated data were first processed using the Continuous Wavelet Transform
to extract the time—frequency features. The simulated vibration signals were processed
using the Continuous Wavelet Transform (CWT) to extract time—frequency features,
as shown in Figure 5. The horizontal axis represents frequency (Hz), and the
vertical axis represents time (s), while the color scale indicates the amplitude of the
wavelet coefficients. The black color in Figure 5 indicates the cone of influence
of the Continuous Wavelet Transform. The cone of influence indicates the region
where edge effects due to the finite length of the signal are significant. The CWT
representation highlights the dominant frequency components of the vibration signal.
Several high-energy regions can be observed, corresponding to the principal dynamic
components of the gear system. These components are associated with the mesh
frequency and its harmonics. The CWT provides a joint time—frequency representation
that allows transient vibration features to be clearly identified. The wavelet coefficient
matrix obtained from the CWT was used as input to the LSTM model for damping
identification. The advantage of the CWT lies in its ability to clearly represent the
dominant frequencies while providing rich information in the time and frequency
domains. The CWT plot reveals five dominant frequencies, characterized by their
respective maximal wavelet coefficients in the CWT representation. The wavelet

coefficients were used as inputs to the LSTM model.

«1073 WT amplitude

10" 102 i 10*
Frequency (Hz)

Figure 5. CWT-based time—frequency representations of the transmission error.

To further highlight the limitations of the proposed LSTM method compared with
those of the proposed CWT-LSTM method, convergence analyses of the techniques
were considered. In Figure 6, it can be noticed that the convergence of the training loss
values calculated using the proposed CWT-LSTM method, as well as the proposed
LSTM method, is depicted. The proposed models were trained for a maximum of
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20 epochs. The proposed models converged at the 18th iteration. The results show
that the training and validation errors of the proposed methods decreased with each
subsequent iteration, justifying the effectiveness of the proposed models. The proposed
CWT-LSTM model achieved convergence after the second iteration. However, the
proposed LSTM model converged after the fifth iteration. The above results clearly
demonstrate the effectiveness of the proposed CWT-LSTM method, which improves

the stability of model convergence based on wavelet properties.

Training and Validation Loss for LSTM and CWT-LSTM
0.10

—— LSTM Training Loss
LSTM Validation Loss
—— CWT-LSTM Training Loss

0.08 4 —— CWT-LSTM Validation Loss

0.06

Loss

0.04 4

0.02 1

0.00 4

- T T T T T T T
0.0 2.3 5.0 1.3 100 12.5 15.0 17.5
Epoch iteration

Figure 6. Performance loss during training and validation for non-linear damping.

Figure 7 compares the identified damping ratios obtained using the LSTM and
CWT-LSTM frameworks trained with 400 training datasets. The RMSE obtained using
the CWT-LSTM method was 3.19 x 10~*. The RMSE obtained by the LSTM method
was 6.37 x 1074, As presented by the identified results, the proposed CWT-LSTM
method improved the identification compared with the results identified by the LSTM
method. Therefore, the option of performing damping identification using the CWT
technique should be used to improve the quality of the input data. This indicates that
the continuous wavelet transform enhances the ability of the LSTM to capture fine
temporal dynamics, providing more precise predictions even under ideal conditions.
Therefore, incorporating the CWT improves the model’s sensitivity to subtle variations
in the damping ratio. In the next section, noise is added to the dataset to analyze the
effect of noise on the performance of the proposed CWT-LSTM model in identifying
damping.

3.3. Damping identification of the CWT—-LSTM method in the case of noise

This section highlights the efficiency of the proposed CWT-LSTM approach in
noisy inputs. A noisy input load is added to the gear system model. The Ricker
wavelet is selected based on the stability of the wavelet in the presence of noisy
conditions. Figure 8 highlights the damping ratio estimates of the proposed LSTM
and CWT-LSTM approaches. The value of RMSE of the proposed CWT-LSTM
approach is 1.034 x 107, The value of RMSE of the proposed LSTM approach is 3.99
x 107, Unlike the LSTM technique, which uses a signal with noise, the CWT-LSTM

10
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decomposes the signal into the scales of a mother wavelet. This property allows

transient features and non-stationary components to be distinguished from noise, which

is typically spread across scales.
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Figure 7. Damping ratio prediction using the CWT-LSTM and LSTM model.

Damping ratio(%)

0.604

0.602

0.600

0.598

0.596

— Real damping ratio
— — Damping ratio using CWT-LSTM
- Damping ratio using LSTM

] 50 100 150 200 250 300 350 400

Test data

Figure 8. Damping ratio prediction using the CWT-LSTM and LSTM model.

Continuous Wavelet Transform is used as a preprocessing technique to improve

stability in noisy inputs of the gear system. Importantly, although the noise modifies

the excitation characteristics of the system, the proposed damping identification

CWT-LSTM method remains robust and effective in their presence. Figure 9 examines

whether the CWT-LSTM method demonstrates satisfactory stability, even when noise

is present in the input data. The noise input load applied to the gear system model,
increasing the SNR from 1 to 50 dB. In the natural frequency results, the CWT-LSTM
method shows significantly higher robustness under noisy conditions. As the value of
SNR drops to less than 30 dB, the standard LSTM shows considerable degradation,
whereas the results for the CWT-LSTM are still acceptable. Hence, it can be said
that the advantage of the CWT-LSTM does not exist in the improvement of the final

accuracy value, but it provides increased stability and robustness during the training

phase. The CWT helps in stabilizing the training phase and increases the robustness

to noise during training. In addition, the multi-scale characteristics of the CWT allow

11
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for the effective reduction of noise-dominated features while maintaining physically
meaningful dynamic information. This pre-processing stage ensures the stability
of feature learning and avoids degradation in performance for low SNR conditions.
Therefore, the proposed framework of CWT-LSTM shows better robustness during the
training and testing phases, making it more reliable compared to the traditional LSTM

model for noisy excitation load signals.
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Figure 9. CWT-LSTM-based estimation of modal damping ratios under noisy conditions.

3.4. Modal identification of the CWT-LSTM method in the case of
eccentricity

Eccentricity is defined as a shift between the gear’s center of mass and its axis
of rotation. This eccentricity provides additional dynamic excitations that can increase
vibrations and noise. The eccentricity defect, denoted as £ = 0.001, is represented as

follows
de(t) = E cos(2t), (11)

where () is the gear rotation speed. This eccentricity is incorporated into the
time-dependent mesh stiffness K(¢) as follows

Ke(t) = Ko+ AKf<t> + 5e<t>7 (12)

where K represents the nominal mesh stiffness, A K accounts for the periodic variation
caused by tooth contact, and f(¢) is a periodic function representing the stiffness
modulation over time.

Eccentricity was introduced into the spur gear system. The dynamic response was
presented in the time—frequency domain using the CWT method, with the resulting
wavelet plot shown in Figure 10, highlighting five dominant frequency components.
The horizontal axis represents frequency (Hz), and the vertical axis represents time (s),
while the color scale indicates the amplitude of the wavelet coefficients. The CWT
representation highlights the dominant frequency components of the vibration signal.

As shown in Figure 5, without eccentricity, the signal has a more focused distribution

12
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in the time-frequency plane, indicating a relatively stable dynamic process. However,
when eccentricity was added, new high-frequency components and energy spreading
were observed, particularly in the higher frequency domain. This is because eccentricity
affects the dynamic process of the system, and the CWT can effectively identify and
distinguish these nonlinear effects in the time-frequency plane.

%107 WT amplitude

10’ 102 10° 10*
Frequency (Hz)

Figure 10. CWT-based time-frequency representations of the transmission error under
eccentricity conditions.

Figure 11 presents the training loss evolution for both methods over a maximum
of 20 epochs, with convergence achieved after 18 iterations. Both the training
and validation losses steadily decreased, confirming successful network training.
The CWT-LSTM model converged after the second epoch. However, the LSTM
training convergence was reached at epoch 10. These results indicate that the
proposed CWT—-LSTM framework enhances the convergence stability in the presence

of eccentricity.
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Figure 11. Performance loss during training and validation in the case of eccentricity.
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Figure 12 compares the identified damping ratios obtained using the LSTM and
CWT-LSTM frameworks trained with 400 training datasets. The RMSE obtained using
the CWT-LSTM method was 8.33 x 107*. The RMSE obtained using the LSTM method
was 2.38 x 107, As presented in the identified results, the proposed CWT-LSTM
method in this study improved the identification compared with the results identified
by the LSTM method. Importantly, although geometric defects such as eccentricity
modify the excitation characteristics of the system, the proposed damping identification

CWT-LSTM method remains robust and effective in their presence.
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Figure 12. Damping ratio prediction using the CWT-LSTM and LSTM model under
eccentricity.

3.5. Modal identification of the CWT-LSTM method in the case of
backlash

The presented model incorporates a mechanical backlash to represent the nonlinear
behavior of a rotational dynamic system. Backlash is a zone around zero where relative
displacement between two components produces no effective motion. Mathematically,
the backlash can be expressed as:

0 lyl <b
- . 12
f {y — b.sign(y) [yl > b (12

Equation (10) can be expressed in the case of backlash as follows
y+Cy +k(®)fy, =f (14)

Backlash in mechanical transmission systems results in strongly nonlinear and
discontinuous system behaviors. The aforementioned nonlinearities substantially affect
the performance of Long Short-Term Memory (LSTM)-based identification algorithms.
The presence of a nonlinear phenomenon, such as backlash, results in a nonstationary
and impulsive vibration pattern, which makes learning by the LSTM algorithm more
complex. Wavelet-based features are informative in the time scale, enabling the LSTM
to effectively capture the temporal evolution of the backlash-related pattern across
multiple scales. The CWT-LSTM framework results in significantly enhanced noise

14
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robustness, feature separability, and generalization capability, yielding more accurate
identification of system parameters such as the damping ratio. Figure 13 compares the
real damping ratio with the damping ratios identified using the LSTM and CWT-LSTM
techniques when nonlinearity is introduced by the backlash. The RMSE obtained
using the CWT-LSTM method was 1.93 x 107, However, the RMSE obtained using
the LSTM method was 3.92 x 107, It can be observed that a good correspondence
is obtained using the CWT-LSTM method. By contrast, the conventional LSTM
method presents larger fluctuations around the true damping ratio. These results prove
that using Continuous Wavelet Transform (CWT) enhances the feature representation
of the signal, allowing the LSTM model to better capture system dynamics in the
presence of backlash nonlinearity. Consequently, the proposed CWT-LSTM method
demonstrated higher accuracy and robustness for damping ratio identification than
the standard LSTM approach. Overall, the results confirm the effectiveness of the
proposed method for reliable parameter identification in nonlinear systems affected by
a backlash. The results confirm that even in the case of noise and nonlinear effects, such
as gear eccentricity and backlash effects, the proposed method can correctly identify the
damping coefficients.
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Figure 13. Damping ratio prediction using the CWT-LSTM and LSTM models.

4. Robustness evaluation of the CWT-LSTM method

4.1. Robustness evaluation of the CWT-LSTM method for different

damping ratios

To evaluate the robustness of the CWT-LSTM method, the suggested
identification method was examined for a range of constant damping ratios from
0.1 to 0.6%, as opposed to a single chosen value, to evaluate its robustness in terms of
parameter variation. The damping ratio of 0.6% was first chosen as a representative
case, which corresponds to relatively high dissipation levels, as can often be found in
practice for mechanical systems. As shown in Figure 14 and Table 2, the suggested
CWT-LSTM model exhibits a high level of accuracy for the full range of damping
ratios, with a close match to the real damping ratios. There was a significant difference
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in the prediction errors between the LSTM and CWT-LSTM methods. Although the
LSTM model can learn the temporal characteristics from the time-domain signals,
its performance is still restricted in the case of nonlinear conditions. In contrast,
the CWT-LSTM model always has a smaller prediction error over the entire range
of damping ratios. This is because the CWT-LSTM model benefits from the
time-frequency characteristics extracted by the continuous wavelet transform, which
can provide a more comprehensive description of the system dynamics. The results
indicate that the CWT-LSTM method is effective for a wide range of damping
coefficients, which makes it possible to generalize and obtain accurate results for the

gear system under different damping conditions.
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Figure 14. Comparison of LSTM and CWT-LSTM Methods for Different damping ratios.

Table 2. Root mean square error for different damping ratios.

Different damping ratios Time varying torque

CWT-LSTM method—RMSE

0.0083

LSTM method—RMSE CWT-LSTM method—RMSE LSTM method—RMSE
0.0534 0.003 0.062

4.2. Robustness evaluation of the CWT-LSTM method in the case of

varying torque

To assess the robustness of the proposed CWT-LSTM methodology, the
performance of the CWT-LSTM approach was analyzed under varying torque
operating conditions. Varying torque operating conditions are considered realistic
for assessing the dynamic response of gear systems. The varying torque conditions
impose significant nonstationary and nonlinear influences on the dynamic response of
the gear system. These effects considerably complicate the damping estimation tasks.
Figure 15 presents a comparison of the actual damping ratio with the predicted values
based on the conventional LSTM approach and the proposed CWT-LSTM model for
the test data associated with different torque values, as presented in Table 2. It can
be noted that the predicted values based on the CWT-LSTM model follow the actual

damping ratio curve closely, even in regions with abrupt changes in torque values.
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Figure 15. Comparison of LSTM and CWT-LSTM methods in the case of varying torque.

Overall, the results indicate that the proposed CWT-LSTM framework possesses
good generalization capability and robustness in the case of varying torque. This
is an important property, especially in real-life scenarios involving gear monitoring,
where the operating conditions may not always be constant. The capability of the
CWT-LSTM approach to ensure a high level of estimation accuracy under variable

torque conditions suggests its potential for reliable damping identification.

5. Conclusion

In this study, the nonlinear damping parameter identification problem is addressed
by integrating the Continuous Wavelet Transform technique with Long Short-Term
Memory networks. The aim of this study is to improve the accuracy of nonlinear
damping parameter identification models for spur gear pair systems under a more
realistic operating environment. The Continuous Wavelet Transform technique is the
most critical component of this study because it provides a more accurate method
for analyzing vibration signals with a high resolution in the time-frequency domain.
In traditional vibration signal analysis, this is not feasible because the method lacks
accuracy in predicting the behavior of the system owing to its complexity.

The compact and informative time—frequency features derived from the CWT
were used as inputs to the LSTM model. Feature transformation significantly enhances
the learning capability of the neural network by emphasizing the transient events,
frequency modulation, and multi-scale characteristics induced by the nonlinear effects
of backlash, eccentricity, and noise. Consequently, the CWT-LSTM approach
outperforms the standard LSTM method in estimating the nonlinear damping properties
of spur gear pair systems. These results confirm that the proposed CWT-LSTM
framework improves both the estimation accuracy and convergence behavior of the
learning process. In particular, the faster convergence and higher robustness of the
proposed method are evident for input signals polluted by noise or defects. The
reliability and stability of nonlinear damping identification are increased by including
CWT features in this approach. Therefore, the CWT-LSTM technique is more
applicable and appropriate for practical engineering applications than conventional
LSTM-based methods. The CWT—LSTM method was evaluated for different damping

values and demonstrated good effectiveness.
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In future work, we intend to enhance the CWT-LSTM model by considering
the frictional force between the teeth of the gears. The friction between the teeth
increases the energy damping terms, which may affect the damping ratio identification
procedure. Hence, it is possible to determine the influence of the frictional force
terms on the damping ratio identification procedure and examine how the influence
of the energy damping terms affects the time-frequency characteristics of the response
signal. Thus, a better understanding of the damping characteristics can be provided
by the enhanced CWT-LSTM model. The simulated responses used in this study
are generated from a physically consistent dynamic gear model, which provides
realistic mechanical conditions; however, experimental measurements are still required
to fully assess the generalization capability of the proposed identification method.
Therefore, experimental validation using measured vibration data will be considered
as an important direction for future work in order to further confirm the practical

applicability of the proposed approach.
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