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Abstract: With the advancement of pure electric vehicles, the issue of rattle noise in
suspension shock absorbers has increasingly become a critical factor affecting vehicle comfort.
This paper proposes a method for rattle noise recognition based on wavelet packet feature
fusion and the grey wolf optimizer-long short-term memory (GWO-LSTM) model, aimed at
improving the accuracy and efficiency of rattle noise detection. The vibration signals of the
shock absorbers are decomposed by wavelet packet decomposition (WPD), followed by
extraction of wavelet packet energy (WPE) and wavelet packet fuzzy entropy (WPFE) features
and feature fusion. Subsequently, the GWO algorithm is employed to optimize the
hyperparameters of the LSTM model, enhancing classification performance. The results
demonstrate that, compared to traditional methods, the GWO-LSTM model significantly
improves classification accuracy and training efficiency, achieving an accuracy rate of 97.85%,
particularly excelling in the recognition of both slight and serious rattle noise. This study
provides an efficient and reliable solution for the automated evaluation of shock absorbers’
rattle noise.

Keywords: wavelet packet energy (WPE); wavelet packet fuzzy entropy (WPFE); grey wolf
optimizer (GWO); long short-term memory (LSTM)

1. Introduction

In recent years, as the automotive manufacturing and component industries have
continued to evolve, the shift towards pure electric vehicles (PEVs) has become more
pronounced [1]. This transition has led to improvements in controlling major vibration
and noise sources associated with traditional powertrains. However, rattle noise
caused by suspension shock absorber has gradually emerged as a significant issue
[2,3]. Although significant progress has been made in improving shock absorber’ noise
reduction through advanced research and application in engineering, differentiation
among shock absorbers that exhibit slight rattle noise issues remains challenging. In
both vehicle road tests and rig tests, the majority of noisy shock absorbers exhibit
similar characteristics, typically classified as having slight rattle noise. While this
noise is relatively weak, it can still be perceived by sensitive passengers and easily
detected by noise evaluation experts [4]. The absence of a clear evaluation standard
for distinguishing slight noisy shock absorbers not only results in repetitive work and
resource waste during shock absorber noise-reduction design but also hinders
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technological advancement and industry growth. Therefore, it is essential to establish
a reliable method for accurately identifying shock absorbers’ rattle noise to support
technological progress and meet the demands of the automotive industry.

Currently, evaluation methods of shock absorber rattle noise are primarily
categorized into subjective vehicle-level evaluations and objective rig tests [5]. In
vehicle-level evaluations, noise detection is often based on subjective assessments
during vehicle road tests, relying on the human ear to perceive noise, and providing a
direct reflection of driver experience [6,7]. Research show that shock absorber rattle
noise is closely related to the vibration characteristics of its mounting position [8,9].
Traditional road tests, however, require evaluations across various road conditions and
speeds, which significantly increases the time, labor, and cost associated with testing
[10]. In contrast, rig tests offer a more efficient solution for shock absorber noise
evaluation by eliminating the complexities of full vehicle testing. Studies comparing
the root-mean-square (RMS) vibration acceleration at the shock absorber piston rod’s
top during road and rig tests have shown a strong correlation with noise levels,
confirming that vibration characteristics at the piston rod tip correspond to noise
severity [11]. This indicates that simpler rig tests can partially replace more complex
vehicle road tests for noise evaluation. Additional research [12] has validated the
similarity between vibration acceleration signals in both rig and road tests, particularly
within specific frequency ranges, further supporting the consistency of both methods.
While rig tests are more efficient and cost-effective than vehicle-level tests,
determining appropriate excitation frequencies, amplitudes, and piston rod velocities
remains critical. Typically, multiple test conditions must be evaluated to identify the
most noise-inducing scenarios that correlate with subjective assessments, which adds
complexity to data processing. To improve shock absorber noise evaluation efficiency
and reduce costs, this study establishes a standardized framework for both subjective
and objective analyses. The proposed approach specifies rig test conditions and criteria
for noise evaluation, aiming to provide practical guidance for engineering
applications.

Presently, noise recognition and analysis methods for shock absorber primarily
involve simulation-based and data-driven approaches. Simulation models, grounded
in physical principles, offer strong interpretability but face limitations in handling
complex conditions and require high computational costs [13]. Data-driven methods,
by contrast, leverage extensive experimental data to automatically extract noise
features, offering higher modeling efficiency and adaptability, though they rely
heavily on high-quality data [14]. Among data-driven models, Long Short-Term
Memory (LSTM) networks and Convolutional Neural Networks (CNN) are widely
used. LSTM is particularly effective for processing time-series data, capturing
temporal features of noise signals [15], while CNNs excel in extracting local spatial
features, particularly when analyzing the frequency characteristics of vibration signals
[16]. Although these models effectively recognize shock absorber noise, their
complexity and the need for parameter tuning increase training time. To address these
challenges, the Grey Wolf Optimizer (GWO), a powerful optimization tool that
mimics the hunting behavior of wolves, has shown superior performance in global
search capabilities, convergence speed, and stability compared to traditional
algorithms like genetic algorithms [17,18]. Studies have demonstrated that integrating
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GWO with LSTM models can effectively optimize model parameters, improving the
accuracy and robustness of shock absorber noise detection [19]. Therefore, this paper
incorporates GWO to optimize LSTM model parameters, aiming to further enhance
the efficiency and accuracy of shock absorber rattle noise recognition.

In data-driven models, the quality of input features directly impacts recognition
performance.

At present, the methods of feature extraction are used in the identification of rattle
noise of vehicle shock absorber, the analysis of interior noise and the fault diagnosis
of engine in the field of automobile. In the aspect of feature extraction methods for
shock absorber vibration data, the methods are mainly classified into time-domain and
frequency-domain features. Time-domain features, such as peak-to-peak values, root-
mean-square values, and energy values [20], offer a straightforward reflection of
signal intensity and variability, making them easy to compute and interpret. However,
they often fail to reveal the frequency components of the signal, limiting their ability
to capture the detailed frequency information of shock absorber noise [21]. Frequency-
domain features, derived through spectral analysis, can effectively extract frequency
characteristics of vibration signals, offering a more detailed representation of noise
structure, though they require more computational resources [22,23]. In the field of in-
vehicle noise analysis, combining time-domain and frequency-domain features for
noise recognition has been shown to yield excellent results [24,25]. In the analysis of
engine fault diagnosis, the feature extraction methods such as fractal correlation
dimension, wavelet energy, and entropy, are employed to encapsulate the distinctive
attributes of engine fault signals. These methods enhance the precision of diesel engine
fault diagnosis, facilitating a more robust and reliable analytical process [26].

This approach leverages the strengths of both feature types, enhancing the
model’s ability to handle complex signals. In this study, based on the mechanisms
behind shock absorber rattle noise, wavelet packet transform (WPD) is used for feature
extraction, allowing for multi-scale, multi-frequency analysis [27]. Further feature
fusion integrates the extracted features into the recognition model’s input, improving
the accuracy and robustness of shock absorber noise detection.

Based on the above analysis, this paper presents the following contributions: 1)
A wavelet packet energy (WPE) and wavelet packet fuzzy entropy (WPFE)-based
feature extraction method is proposed for analyzing noise characteristics of
automotive suspension shock absorbers. This method identifies key features
associated with structure-borne noise inside the vehicle and generates fused features.
2) A GWO-LSTM method is introduced to address the uncertainty in LSTM model
parameter tuning. GWO is employed to intelligently optimize learning rate and the
number of cells in the hidden layer of LSTM parameters, yielding an optimal
parameter set in a shorter time, enhancing the model’s prediction accuracy.

The paper is structured as follows: Section 2 introduces the WPD feature
extraction method and the GWO-LSTM model. Section 3 outlines the procedures for
vehicle tests and rig tests for shock absorber rattle noise evaluation, analyzing both
subjective and objective test results. WPD is then applied to extract energy, fuzzy
entropy, and fused features from the objective data. Section 4 presents the GWO-
LSTM-based shock absorber rattle noise recognition model, comparing its predictive



Sound & Vibration 2025, 59(2), 1941.

performance with other models. Section 5 concludes the study. T
study is visually represented in Figure 1.
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Time-domain

Frequency-domain

2. Research method

2.1. Brief introduction of WPD

WPD is an advanced signal processing method developed on wavelet transform,
which effectively extracts the time-frequency characteristics of a signal by
decomposing the signal in multiple scales and resolutions [28]. Unlike the traditional
wavelet transform, which decomposes only the low-frequency components, WPD
decomposes both the low-frequency and high-frequency components of the signal,
enabling a finer analysis over the full frequency range. Therefore, WPD has significant
advantages in dealing with non-stationary signals [29].

In the process of WPD, the signal x(t) is decomposed into multiple layers, each
containing a number of nodes, each representing the signal in a specific frequency
range. The signal x(t) is decomposed by WPD in j layers and the subset signal
obtained is W; , (t), where n is the node number of the layer. Each node signal W; ,, (t)
can be further decomposed into two sub-node signals by recursive decomposition of
low-pass and high-pass filters. The sub-node signals Wj1 2, (t) and Wjq 2541 (t) of

the n nodes of j layers are calculated as follows:
Wisran(® = ) hOOWn(6 = 27K): Wyiaan(®) = ) hUOW;(t = 27K) (1)
k k

where, W1 2, (t) indicates a lower frequency signal generated by the current node,
h(k) is the low-pass filter. 2/ adjusts signal resolution, Wii1,2n+1(t) indicates a
higher frequency signal generated by the current node, g(k) is the high-pass filter.

Through the above recursive decomposition process, the signal is refined layer
by layer until the number of layers is reached. The three-layer WPD is shown in Figure
2, U3 represents the original signal, and U21 and U22 represent the high-frequency
and low-frequency portions, respectively [30].
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Figure 2. the three-layer WPD.
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2.1.1. The method of WPE for feature extraction

WPE is an effective method for signal feature extraction. WPE reflects the energy
distribution of the signal in each frequency band by summing the squares of the
decomposition coefficients in each band, thus quantifying the local characteristics of
the signal [31]. Due to its good time-frequency resolution, WPE shows excellent
performance in processing non-stationary signals, especially in vibration signals and
engineering data analysis under noise interference [32].

The original signal {x(n)|n =1,2,...,N} is decomposed and reconstructed
through j layers of WPD, and the whole frequency band is decomposed to correspond
to 2/ sub-bands, defining the energy E,,, of the wth sub-band as:

Ep, = ZIPWIZ.W =012/ -1 )

where, P,, is the wth wavelet packet coefficient under this decomposition level. Then
the original signal x(t) is characterized by the band energy after the decomposition,
as shown:

Enj = |Engs Enys En, "'Enzj_l 3)

2.1.2. The method of WPFE for feature extraction

Fuzzy entropy (FE) is a method to quantify the complexity of time series. The
complexity is evaluated by calculating the similarity between different states in the
time series. The FE is more effective in extracting signal features and identifying
complex dynamic changes when dealing with noisy and non-stationary signals such
as engineering data and vibration signals [33]. When analyzing the vibration signal of
the shock absorber, the WPFE can represent the complexity and uncertainty of the
signal.

The original signal is decomposed and reconstructed through j layers of WPD,
wavelet packet coefficients series {f(n)|n = 1,2, ..., N}, The calculation steps of

WPFE are as shown [34]:
N-m+1 N-m+1
wm(r) N 1 m+ m+ N
FuzzybnNm,n) = gma oy ¥ O = N et Z Nm ZD @
i= j=1,j#i

where, m is the embedding dimension, r is tolerance, N is the number of data, Di’]'-l is

distance related items.

2.2. The proposed of GWO-LSTM
2.2.1. Brief introduction of long short-term memory

LSTM is a special type of Recurrent Neural Network (RNN) for processing and
modeling long-term dependency problems in long sequence data [35]. By introducing
memory units and gating mechanisms (including input gates, forgetting gates, and
output gates), LSTM is able to efficiently capture and maintain long-term information
during training, while suppressing problems such as gradient vanishing and gradient
explosion. Due to its excellent ability to process temporal data, LSTM is widely used
in the fields of time series prediction, natural language processing, and speech
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recognition [36]. The structure of LSTM network is shown in Figure 3a, where the
internal structure of cells is shown in Figure 3b.
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Figure 3. The structure of LSTM network and internal structure of cell. (a) The
structure of LSTM network; (b) The internal structure of cell.

The core of LSTM is the memory unit, which realizes precise control of
information through a “gate mechanism”, allowing the network to selectively
remember, update or forget certain information. Specifically, LSTM is able to
dynamically adjust the cell state through the following steps [37,38]:

The forgetting gates determine the portion of the previous cell state C;_; to be
retained by a sigmoid activation function. The sigmoid function outputs a value
between 0 and 1, which is multiplied by the previous cell state, and “0” for all oblivion
and “1” for all retention. The operation of the forgetting gate is given by the following
equation:

ft = U(Wf- [he—1,x¢] + bf) ®)

where f; is the output of the forgetting gate, Wy and by are the weight matrix and bias
vector, respectively, h;_; is the hidden state at the previous moment, x; is the current
input, and o denotes the sigmoid function.

The input gate determines what new information will be added to the cell state.
First, a sigmoid function is used to determine how much information should be
introduced from the current input x,, followed by a tanh layer to generate new
candidate cell states. The mathematical description of these steps is as follows:

ir = o(W;. [he—1, ] + by) (6)

ct = tanh (W,. [he—q, x¢] + b) (7
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where i; is the output of the input gate, c; is the candidate cell state, W;, W, and b;, b,
are the weight matrix and bias vector, respectively.

By combining the output of the forgetting gate f; and the output of the input gate
ir, the LSTM updates the current cell state C;. This process is represented by the
following equation:

Ce=fet XCroq i Xy 3

where C; is the updated cell state that contains the previous moment information and
the new information at the current moment.

The output gate controls the output part of the LSTM. First, the sigmoid function
determines which information in the cell state C; needs to be output, and then the cell
state is adjusted by the tan h function and multiplied with the result of the output gate
to obtain the hidden state h; at the current moment.

o = o(W,. [he—1,x¢] + by) ©

hs = o X tanh (C;) (10)

Through the gating mechanism, LSTM is able to effectively handle the
information flow in long sequence data, which significantly enhances the ability to
model long time dependencies.

2.2.2. GWO-LSTM modeling

LSTM can effectively deal with long and short-term dependence problems in
time series. However, the performance of LSTM models is highly dependent on the
settings of hyperparameters, including the number of hidden layers, the number of
cells per layer, the learning rate and the batch size [39]. If these parameters are not
properly configured, the training process of the model will become very time-
consuming and may lead to a decrease in the model accuracy. Traditional hyper-
parameter optimization methods, such as grid search and stochastic search, are usually
inefficient and difficult to find the global optimal solution. Therefore, introducing
effective optimization algorithms becomes the key to improve the performance of
LSTM models.

GWO is a group intelligent optimization algorithm simulating the hunting
behavior of grey wolves, which has the advantages of fast convergence, simple
parameter setting, easy implementation, and outstanding performance in global
optimization search [40]. GWO achieves global exploration of the search space and
localization by simulating the leadership hierarchical structure of a grey wolf group
and the prey rounding strategy, and by utilizing synergistic roles of four roles, namely
a, 8, 6, and w, to achieve global exploration and local exploitation. Specifically, the
individuals of the grey wolf group are divided into four hierarchical roles: a-wolf
(leader), B -wolf (second leader), & -wolf (third leader), and w -wolf (ordinary
member). Among them, a-wolf represents the optimal position of the current solution,
B-wolf and §-wolf represent the second and third best solutions, respectively, while
w-wolf is the other ordinary pack members. This hierarchical structure allows the
GWO to synthesize information from different individuals to guide the search
direction during the search process. a, 8 and § wolves’ positions are considered to be
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the best estimates of the hunting target, and the other ® wolves update their own
positions based on the positions of these three, thus approaching the optimal solution
[41]. The position update of the gray wolf is as following:

X(t)=X,(t)-AxD (11)
D =|CxX,(t) —X(t)| (12)

where t denotes the current number of iterations, A and C denote the coefficient
vectors controlling convergence and exploration, )?p denotes the position vector of the
prey, and X denotes the current position vector of the individual gray wolf.

The parameter vectors A and C are determined by the following equations,

respectively:
A=2dx#—aC=2%;d=2-2

(13)

where the vector d is a control parameter that decreases linearly with the number of

Nl

iterations, 7; and 7, are random vectors uniformly distributed between 0 and 1, and T
is the maximum number of iterations. The adaptive tuning factor and information
feedback mechanism of the GWO can dynamically adjust the searching direction and
step size during the optimization process, thus improving the efficiency and accuracy
of the search.

When applying GWO to the optimization of LSTM models, the fitness function
of GWO can be defined as the prediction error of the LSTM model on the validation
set, which is usually measured by the mean squared error (MSE) or root mean square
error (RMSE):

n
1
MSE =~ (i — ) (14)
i=1

where y; is the actual value and y; is the predicted value of the LSTM model. The
optimization process includes the following steps:

First, initialize the position of the grey wolf population, randomly set the
hyperparameters of the LSTM model; Second, search for the optimal hyperparameter
combinations by iteratively updating the position of the grey wolves; Finally, select
the optimal hyperparameter combination based on the values of the fitness function,
and apply them to the LSTM model. The global searching ability of the GWO enables
it to effectively avoid falling into the local optimum, which improves the LSTM
model’s generalization ability and prediction accuracy. The computational logic of the
proposed LSTM model based on the GWO algorithm is shown in Figure 4 [42].
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Figure 4. The logic of GWO-LSTM model.

Introducing GWO to optimize the hyperparameters of LSTM model can not only
significantly reduce the model training time, but also improve the prediction
performance of the model, making it more suitable for complex time series analysis
tasks. Through this combination, the advantages of LSTM in dealing with long
sequence dependency problems can be fully exploited, while the optimization
capability of GWO is used to achieve a global improvement of the model performance.

3. Vehicle suspension shock absorber rattle noise experiment

To identify the rattle noise in the shock absorbers of new energy vehicles, it is
necessary to quantify the rattle noise. Using a certain vehicle model, this section
designs both vehicle road tests and rig tests to address the characteristics of shock
absorber rattle noise.

3.1. Shock absorber rattle noise road test and subjective evaluation

Quantifying shock absorber rattle noise requires subjective evaluation, so a full-
vehicle road test is conducted first. Rattle noise in shock absorbers typically occurs
when vehicles travel at low speeds on uneven roads. After conducting extensive road
tests, the vehicle speed was controlled at approximately 30 km/h on ripple road. The
test was equipped with four no rattle shock absorbers, and for each test, either the front
or rear two shock absorbers were replaced with test samples, while the other two
remained no rattle. A total of 50 shock absorbers with varying degrees of rattle noise

10
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were tested. To capture the road-induced excitation, vibration acceleration sensors
were installed near the steering knuckle of the lower control arms on both sides of the
front suspension. This allowed analysis of the vibration acceleration signals at the
steering knuckle to determine the excitation conditions for the bench test. To ensure
the accuracy of the test, no large sound sources or reflective objects were present
within 20 m of the test site, and all vehicle doors and windows were closed. Vibration
signals were collected using the LMS Test. Lab system, with a sampling frequency of
2560 Hz, a frequency resolution of 1 Hz, and a sampling time of 10 s.

For subjective evaluation, professional evaluators were recruited to assess the
shock absorber rattle noise during the vehicle road test. Given that rattle noise is
relatively simple in nature, a three-level subjective rating scale was used. As shown in
Figure 5c, a score of 1 represents serious rattle noise, 2 represents slight rattle noise,
and 3 indicates no rattle noise [43]. Twenty evaluators participated in the test, and the
average subjective score for rattle noise was used for subsequent modeling and
analysis. Figure 5 illustrates the process of the vehicle road test and subjective
evaluation of shock absorber rattle noise, where each rattle noise score is derived from
the mean score of the evaluators.

Suspension shock L
absorber samples (b) [ Carry out vehicle teft

Ripple road

' |/

Grade 1 2 3 ) ) o ')
- W W w
I Serious rattle noise | Slight rattle noise No rattle noise
the grade ‘ ) ‘ ) ‘ )
Wi The shock The shock The shock S
absorber is perfect | absorber is defective | absorber is terrible
W W w

‘ Definitions of rattle noise during the jury evaluation

Jury evaluator ‘

o |

Figure 5. the process of the vehicle road test and subjective evaluation. (a) Data acquisition system and setting

sensors; (b) The vehicle road test

of shock absorber rattle noise; (¢) Subjective evaluation.
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3.2. Shock absorber rattle noise rig test and objective evaluation

While vehicle testing offers high accuracy, it is inefficient, costly, and lacks
consistency in results. To address these limitations, rig testing is introduced as a cost-
effective and efficient alternative to identify rattle noise through vibration analysis,
referred to as “substituting vibration for sound”. This method is based on the results
of vehicle tests and follows the approach outlined in reference [3]. The primary factor
influencing shock absorber rattle noise is the excitation frequency. As shown in Figure
6, the vibration signals from the suspension lower arm indicate that the primary road
excitation frequency is approximately 16 Hz. Therefore, in the rig test, the vertical
excitation condition is set to a sinusoidal signal with a frequency of 16 Hz, and the
excitation velocity is chosen as 0.12 m/s, which corresponds to the valve opening
velocity of the shock absorber piston at low speed. During the test, the shock absorber
fixture and the installation of vibration sensors are illustrated in Figure 7, and the
sampling frequency is maintained consistent with that of the road test. The rig test
used is the MTS 850 Shock Absorber Comprehensive Performance Testing Machine,
manufactured by MTS Corporation, USA, with the test environment controlled at
20°C+5°C.
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Figure 6. the vibration signals from lower suspension arm.

Figure 7. The shock absorber fixture and the installation of vibration sensors.
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The time-domain and frequency-domain comparisons of the vibration signals of
the shock absorber samples exhibiting three levels of rattle noise during the rig test are
shown in Figure 8. As shown in Figure 8a, it is difficult to differentiate between the
various rattle noise by observing the time-domain signals alone, as they contain a
significant amount of redundant information, making it challenging to accurately and
efficiently identify shock absorber rattle noise. However, the frequency-domain
analysis in Figure 8b reveals that, although the amplitude of the vibration acceleration
signals in the 200 Hz to 600 Hz range partially reflects the noise level, this simple
metric is insufficient for accurately identifying a large number of shock absorber rattle
noise. Therefore, more advanced signal processing methods and effective feature
extraction techniques are required to distinguish between different levels of rattle
noise.

Scrious rattle noisc Scrious rattle noisc
— Slight rattle noise
No rattle noise

Slight rattle noise
No rattle noisc
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-50
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! + 1
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Figure 8. The comparison of three levels of rattle noise in time-domain and
frequency-domain. (a) Time-domain; (b) Frequency-domain.

3.3. Feature extraction based on WPD
3.3.1. WPE feature extraction

When processing the vibration signals at the piston rod end using WPD, selecting
an appropriate basis function of WPD and the number of decomposition levels is a
critical step. Through multiple experimental comparisons, it was found that the
collected signals show a strong correlation with Daubechies wavelets when shock
absorber rattle noise occurs. Thus, the Daubechies wavelet (db10) known for its
continuity and compact support was selected as basis function. The optimal number
of decomposition levels was determined based on the signal’s sampling frequency and
the characteristic frequency of the rattle noise. So, with a sampling frequency of 2560
Hz and rattle noise concentrated in the 200—600 Hz range, a three-level WPD can
divide the signal into eight sub-bands, which sufficiently meets the analysis
requirements.

The energy of each node was calculated using Equation (2), and the results are
shown in Figure 9. The comparison reveals that WPE correlates positively with the
severity of rattle noise, particularly within the characteristic frequency bands, aligning
with the test results.

13
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Figure 9. The distribution of WPE.

3.3.2. WPFE feature extraction

Based on the rig test data, when shock absorber rattle noise occurs, the vibration
signals at the piston rod end generate specific frequency components. These
components are first decomposed using WPD and then further processed through FE
for feature extraction. The calculation of FE involves several parameters, including
embedding dimension (m), similarity tolerance (r), and gradient (n). The embedding
m determines the amount of information during sequence reconstruction, while the
similarity r is usually selected as (0.15~0.25) X td, where Std represents the
standard deviation of the signal sequence, ensuring the statistical stability of the
similarity calculation. The n reflects the contribution of vectors to the similarity
computation, with larger values of n giving more weight to closer vectors. However,
excessively large values of n can result in the loss of detail. After multiple rounds of
data processing and parameter optimization, the final FE parameters were set as:
embedding dimension m =2, gradient n =2, and similarity tolerance r =
(0.15-0.25) x Std.

To ensure good separability of features corresponding to different rattle noise
levels, WPD coefficients of the vibration signals at the piston rod end were used. The
FE coefficients for the eight decomposed wavelet packet coefficients were calculated
using Equation (4), and the results are presented in Figure 10. The comparison
indicates that in the characteristic frequency bands associated with rattle noise, the FE
coefficients of shock absorbers without rattle noise are significantly higher than those
with slight or serious rattle noise. This is because shock absorbers with no rattle noise
exhibit more regular vibration characteristics, leading to higher fuzzy entropy values,
whereas the presence of rattle noise introduces uncertainties in the shock absorber’s
reciprocating motion, resulting in lower FE values. Thus, WPFE effectively extracts
rattle noise features from the perspective of signal uncertainty, contributing to more
accurate shock absorber rattle noise evaluation.

14



Sound & Vibration 2025, 59(2), 1941.

[ Scrious rattle noisc|
1 Slight rattle noise
I No rattle noise

=)
T

Wavelet packet fuzzy entrop
(=] Sl - o
1

5 6 7 8

4
nodes

Figure 10. The distribution of WPFE.

3.3.3. Wavelet packet feature fusion

WPE and WPFE extract shock absorber rattle noise features from the
perspectives of energy intensity and signal uncertainty, respectively. Since both
features are derived from WPD, they exhibit consistency in feature dimensions,
facilitating feature fusion. In this study, WPE and WPFE are fused to retain more
comprehensive feature information related to shock absorber rattle noise. However,
due to differences in dimension and magnitude between the two features, they need to
be normalized before fusion.

The fusion feature of WPE and WPFE can be implemented in MATLAB. The
feature matrices of WPE and WPFE are cross-merged, resulting in each sample
containing two feature dimensions, WPE and WPFE. The specific implementation
process is illustrated in Figure 11.
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Figure 11. The specific implementation process of fusion feature.
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4. Prediction and verification of shock absorber rattle noise

After the feature extraction in the previous section, the GWO-LSTM model is
introduced to identify shock absorber rattle noise. Then its identification performance
is compared with LSTM, SVM, GWO-SVM and GWO-CNN models. All the
computational experiments were implemented in MATLAB 2023a. To account for the
stochastic nature of intelligent algorithms, a total of 20 computational experiments
were conducted. The average performance is reported in the following study.

4.1. Development of GWO-LSTM model

Eight frequency-band features obtained through wavelet packet feature fusion
were selected as the input to the model, with different shock absorber rattle noise as
the output (label 1 for serious rattle noise, label 2 for slight rattle noise, and label 3 for
no rattle noise). During the model construction, two hyperparameters of the LSTM
model, learning rate and the number of units in hidden layer, were optimized using the
GWO algorithm. First, the upper and lower bounds of the learning rate and the number
of cells in hidden layer were set, ranging from 0.001 to 0.01 and 10 to 30, respectively.
Then, the parameter combinations were randomly initialized and assigned to the model
for training. The error between the predicted and the true of classification value was
used as the fitness function, and the GWO algorithm iteratively updated the parameter
combinations. In the end, optimal parameters for the LSTM model were obtained. The
parameter optimization process of the LSTM model is shown in Figure 12, and its
computational logic referred to the logic of GWO-LSTM, as shown in Figure 4. The
parameters of LSTM and GWO algorithm are presented in Table 1.

Table 1. GWO-LSTM parameters setting.

Algorithm type Parameters type value
Input dimension 2
Number of input features 8
Maximum number of iterations 50

LSTM Number of the hidden layers 4
Forgetting rate 0.2
Number of categories 3
Optimization range of the number of cells [10,30]
Optimization range of Learning rate [0.001,0.01]
Maximum number of iterations 15

GWO Number of optimized variables 2

Population size 5
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Figure 12. GWO-LSTM fitness curve.

As shown in Figure 12, during the optimization of different parameter
combinations for the LSTM model, the convergence curve was generated. It is evident
that the fitness value showed a continuous downward trend, as the number of iterations
increased. After the 8th iteration, the convergence curve gradually became smoother,
and after the 9th iteration, the fitness value essentially reached a stable state.
Ultimately, the lowest root mean square error (RMSE) was 0.012, corresponding to
the optimal parameter combination of a learning rate of 0.009 and 17units in the hidden
layer. This indicates that the optimization performed by the GWO algorithm
effectively improved the model’s convergence efficiency and ensured a low prediction
error.

4.2. Prediction results and analysis

Based on the GWO-LSTM model constructed in this study, experiments were
conducted to identify rattle noise in shock absorbers by using WPE feature, WPFE
feature and the fused feature as inputs. 3450 samples were divided into a training set
and a test set according to 7:3. Table 2 compares the classification accuracy and
running time of shock absorber rattle noise using different features as inputs to the
GWO-LSTM model. Among the single-feature recognition results, the classification
accuracy of WPE was relatively high, reaching 93.66%. However, the runtime showed
a longer convergence time of the model, at 70 s, indicating lower training efficiency.
In contrast, the classification accuracy of WPFE was only 64.00%, but its convergence
time was relatively shorter, at 37 s, showing higher training efficiency. The reason for
this difference lies in the nature of the features: WPE represents the energy of specific
frequency bands and has clear physical significance, especially in the low and mid-
frequency ranges, which aligns with the spectral characteristics of the shock absorber
piston rod signal. On the other hand, WPFE is mainly used to analyze the complexity
of the signal, lacking clear physical meaning, leading to its lower classification
accuracy.
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Table 2. Comparison of recognition effects of GWO-LSTM model with different
feature subsets.

Feature subset type Recognition accuracy Recognition efficiency
WPE feature 93.66% 70 s
WPEFE feature 64.00% 37s
Fusion feature 97.85% 43s

As shown in Table 2, when WPE and WPFE were used as fused feature input to
the GWO-LSTM, the classification accuracy significantly improved to 97.85%,
surpassing the effect of WPE feature extraction and WPFE feature extraction. The
runtime indicated that the model’s convergence speed was faster. Meanwhile, after
achieving high accuracy and low loss, the oscillation amplitude of training curve was
noticeably lower compared to using WPE feature and WPFE feature. Because WPE
feature can effectively distinguish the signals in the low and medium frequency ranges
but lacks the ability to extract useful information in the high frequency range. WPFE
feature can capture valuable information across the entire frequency range. Therefore,
the fusion feature effectively compensates for deficiency of WPE feature in the high
frequency range, resulting in higher accuracy and better efficiency.

Table 3. LSTM, GWO-SVM, GS-SVM, GWO-CNN model parameter settings.

Model Parameter type Value
Number of cells per layer 20
LSTM
Learning rate 0.01
Optimization range of the C [273,22]
GWO-SVM
Optimization range of the y [273,22]
Optimization range of the C {273,272,...,2%,2%}
SVM
Optimization range of the y {273,272,...,2%,2%}
Optimization range of number of neuronal cells [10,60]
GWO-CNN
Optimization range of learning rate [0.001,0.01]

Figure 13 shows the confusion matrix of classification results for the training
and test sets when the WPE feature was imported in the GWO-LSTM. As shown in
Figure 13a, the training set contains 2415 samples, including 541 samples with
serious rattle noise, 924 samples with slight rattle noise, and 950 samples with no
rattle noise. For label 1 (serious rattle noise), the recognition accuracy is 89.8%; for
label 2 (slight rattle noise), the recognition accuracy is 93.5%; and for label 3 (no rattle
noise), the recognition accuracy reaches 97.8%. As shown in Figure 13b, the test set
consists of 1035 samples, including 235 samples with serious rattle noise, 401 samples
with slight rattle noise, and 399 samples with no rattle noise. The recognition accuracy
for label 1 in the test set is 88.5%, for label 2 is 90.0%, and for label 3 is 98.5%.
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Figure 13. Confusion matrix of WPE feature training set and testing set. (a) Training
set; (b) Testing set.

Figure 14 illustrates the confusion matrix of the classification results for the
training and test sets when the fusion feature was imported in the GWO-LSTM. In
comparison, the classification performance of the fusion feature in both the training
and test sets was superior to that of the single-feature input. By comparing Figure
13a,b with Figure 14a,b, it is clear that the recognition accuracy improved
significantly across all three labels after feature fusion. This shows that the fusion
feature can not only improve the model’s recognition accuracy of shock absorber rattle
noise, but also perform better in more complex classification status of no and slight
rattle noise.
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Figure 14. Confusion matrix of fusion feature training set and testing set. (a)
Training set; (b) Testing set.
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4.3. Comparison with other models

The GWO-LSTM model to identify the fusion feature achieved significant result.
The GWO-SVM model and GWO-CNN model have been achieved excellent effect in
accuracy and efficiency in digital signal processing [44,45]. To further validate the
classification accuracy and efficiency of the GWO-LSTM model, this study introduces
four comparative models involving the traditional LSTM model, SVM model, GWO-
SVM model and GWO-CNN model for identifying shock absorber rattle noise. In this
process, the learning rate and the number of units in hidden layer for the LSTM model
were set based on prior experience. The parameters C and y for the GWO-SVM model
were optimized using the GWO algorithm, while the parameters C and y for the SVM
model were optimized using a grid search method. The learning rate and the number
of neuronal cells for the GWO-CNN model were optimized using the GWO algorithm.
To ensure a fair comparison among these models, all of models utilized the same
training and test sets as the GWO-LSTM model. Table 3 presents the key parameter
settings for the four models.

The predictive performance of the four models is shown in Table 4, and the
classification results are further illustrated by the confusion matrix in Figures 15 and
16: Figure 15a for the LSTM model, Figure 15b for the GWO-SVM model, and
Figure 16a for the SVM model, Figure 16b for the GWO-CNN model. As shown in
Figure 15a, the traditional LSTM model achieved classification accuracies of 83.6%,
89.4%, and 94.8% for shock absorbers with serious rattle noise, slight rattle noise, and
no rattle noise, respectively. The GWO-SVM model demonstrated even better
classification performance across three levels rattle noise, particularly excelling in the
classifications of no rattle noise and slight rattle noise, with accuracies of 97.5% and
98.4%, respectively. The GWO-CNN model was better than the GWO-SVM model in
classifying the shock absorbers in the no rattle noise and serious rattle noise. Overall,
the GWO-LSTM model surpassed the GWO-SVM, LSTM, SVM, and GWO-CNN
models in classification accuracy, further confirming the effectiveness of the GWO-
LSTM method in identifying rattle noise in shock absorbers. Additionally, the GWO-
LSTM model outperformed the traditional LSTM, GWO-SVM and GWO-CNN
models in terms of runtime, specifically taking 32 s for the traditional LSTM model,
121 s for the GWO-SVM model and 130 s for the GWO-CNN model. Based on the
above analysis, it can be concluded that the GWO-LSTM model exhibits exceptional
performance in identification of shock absorber rattle noise, both in classification
accuracy and efficiency. Therefore, the GWO-LSTM model provides technical
support for the automatic detection and classification of the rattle noise problem of the
shock absorbers, and the accurate recognition effect is more convenient for the
subsequent anti-noise design of the rattle noise shock absorber.

Table 4. Comparison of recognition effects.

Model GWO-LSTM LSTM GWO-SVM SVM GWO-CNN
Recognition accuracy 97.85% 89.74%  96.02% 94.13% 96.97%
Recognition efficiency 43s 32s 121s 50s 130s
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Figure 16. Confusion matrix of training and testing sets of different models. (a) SVM training and testing set; (b)
GWO-CNN training and testing set.

To further validate the high accuracy of the models, two statistics, mean and
standard deviation, were introduced to measure the stability of the results of 20
computational experiments for the five model. As shown in Table 5, the mean and
standard deviation of the recognition accuracy of the five models were compared,
respectively. The standard deviation of each model was less than 0.1, indicating that
the fluctuation of the results of each model was very small and had a strong credibility.

Table 5. Comparison of the mean and standard deviation.

Model GWO-LSTM LSTM GWO-SVM SVM GWO-CNN
Mean 97.85% 89.74%  96.02% 94.13% 96.97%
Standard Deviation 0.053 0.046 0.009 0.005 0.004

5. Conclusions

This paper presents a method for recognizing shock absorber rattle noise based
on wavelet packet feature fusion and the GWO-LSTM model. By integrating WPE
and WPFE features, and optimizing the hyperparameters of the LSTM model using
the GWO, accurate identification of different rattle noise levels is achieved.
Considering the cost of experimentation, a total of 50 shock absorbers were tested both
in road and rig test, generating 3450 valid experimental samples. Experimental results
indicate that the fused feature significantly improves classification accuracy, with the
GWO-LSTM model achieving an accuracy rate of 97.85%, especially in
distinguishing between no rattle noise and slight rattle noise. This performance
surpasses that of traditional models such as LSTM, SVM, and GWO-SVM. Moreover,
the GWO-LSTM model exhibits superior training efficiency. The findings
demonstrate that the combination of wavelet packet feature fusion with GWO
optimization enhances the accuracy and robustness of shock absorber noise
recognition.

The proposed method can be retrained and extended to solve other fault
identification problems. In addition, the method can provide valuable technical
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support for the automated detection and classification of the shock absorber rattle
noise problem. For example, the system of shock absorber rattle noise analysis and
detection can be designed and developed to provide guidance for anti-rattle noise
design of shock absorber.
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