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ABSTRACT: Considering the noise problem of the acquisition signals from mechanical transmission systems, a novel
denoising method is proposed that combines Variational Mode Decomposition (VMD) with wavelet thresholding.
The key innovation of this method lies in the optimization of VMD parameters K and « using the improved Horned
Lizard Optimization Algorithm (IHLOA). An inertia weight parameter is introduced into the random walk strategy of
HLOA, and the related formula is improved. The acquisition signal can be adaptively decomposed into some Intrinsic
Mode Functions (IMFs), and the high-noise IMFs are identified based on a correlation coefficient-variance method.
Further noise reduction is achieved using wavelet thresholding. The proposed method is validated using simulated
signals and experimental signals, and simulation results indicate that the proposed method surpasses original VMD,
Empirical Mode Decomposition (EMD), and wavelet thresholding in terms of Signal-to-Noise Ratio (SNR) and Root
Mean Square Error (RMSE), and experimental results indicate that the proposed method can effectively remove noise in
terms of three evaluation metrics. Furthermore, compared with Feature Mode Decomposition (FMD) and Multichannel
Singular Spectrum Analysis (MSSA), this method has a better envelope spectrum. This method not only provides a
solution for noise reduction in signal processing but also holds significant potential for applications in structural health
monitoring and fault diagnosis.

KEYWORDS: Improve horned lizard optimization algorithm; variational mode decomposition; wavelet threshold;
inertial weight; secondary noise reduction; structural health monitoring

1 Introduction

In the diagnosis of mechanical system faults, vibration monitoring is a commonly used technique [1,2].
However, the complicated vibration signals generated by equipment during prolonged operation are often
contaminated by noise interference, which may come from sources such as the external environment, sensor
errors, and other factors. These noises can obscure critical information in the signals, thereby compromising
the accuracy of fault diagnosis. To enhance diagnostic accuracy, researchers have proposed various denoising
methods [3,4], among which signal decomposition techniques, such as EMD [5,6] and VMD [7,8], are
widely applied. Currently, research on health monitoring and fault diagnosis of mechanical systems focuses
on improving signal processing and feature extraction methods. Toffghi Niaki et al. [9] proposed a novel
approach for early gearbox fault monitoring by combining VMD (Variational Mode Decomposition) and
TSA (Time Synchronous Averaging) techniques. Matania et al. [10] introduced a cross-machine health
monitoring method to address data scarcity issues and target domain adaptation. Wang et al. [11] analyzed
vibration signals using the AR (Auto-Regressive) model to capture gear fault feature patterns. These studies
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have advanced the development of mechanical fault diagnosis technology, achieving significant progress
particularly in signal processing and cross-domain applications. Wang et al. [12] developed gear signal
decomposition techniques, providing new methods for analyzing complex vibration signals. The afore-
mentioned methods have made substantial progress in the application of signal processing. Nevertheless,
traditional noise reduction methods often struggle to handle complicated vibration signals, necessitating the
development of more advanced techniques.

The EMD method has inherent advantages in analyzing non-stationary and nonlinear signals [13],
and it can also be used for signal denoising. However, EMD is prone to problems such as mode aliasing
and the endpoint effects. With the progress of research, the EEMD method [14,15] was introduced, which
adds white noise to mitigate these issues. Nonetheless, the white noise in EEMD cannot entirely eliminate
the problems. The CEEMD method [16] was proposed to further reduce the impact of white noise. Even
with these improvements, CEEMD still encounters residual noise in the signal reconstruction process. To
solve this problem, the CEEMDAN method [17] was proposed, incorporating adaptive noise to optimize
the decomposition process. Nevertheless, EMD and its derivatives continue to face challenges such as mode
aliasing and residual noise in the analysis of complex signals.

Based on wavelet analysis, Gilles proposed the Empirical Wavelet Transform (EWT) [18], which is
achieved by segmenting the Fourier frequency. However, this segmentation can result in the splitting of
characteristic signals into different modes [19]. To solve these problems, VMD [20,21] was introduced,
which utilized classical Wiener filtering, Hilbert transform, and frequency mixing for adaptive signal
decomposition. Then, the decomposition results can be denoised through filtering or reconstruction. Usually,
the parameters K and a of VMD are set based on experience, which may affect both the decomposition
and denoising performance [22]. To address this issue, researchers have explored the use of optimization
algorithms to automatically select these parameters. For instance, Lin et al. [23] utilized optimized VMD
parameters with a CS-improved algorithm and combined them with probabilistic neural networks for
gearbox fault diagnosis. Zhang et al. [24] applied the GMPSO-VMD algorithm for fault diagnosis of vibration
signal. Ding et al. [25] proposed a Genetic Mutation Particle Swarm Optimization algorithm to optimize
VMD parameters, identifying optimal parameter combinations for accurate bearing fault feature extraction.

Due to the ability of VMD to preserve functional signal components for reconstruction, it effectively
removes the noise in the original signal. However, some details may be lost during this process. To further
improve the decomposition quality of vibration signals, this paper proposes the use of wavelet thresholding
for secondary denoising of IMFs that contain high noise level after adaptive VMD decomposition. Specifi-
cally, wavelet thresholding is applied to process these high-noise IMFs, effectively suppressing the noise while
preserving the main features of the signal. This secondary denoising allows for more accurate extraction of
meaningful information from the signal, enhancing the overall effectiveness of vibration signal processing.

2 THLOA-VMD-Wavelet Thresholding Combined Denoising Method

The combined denoising method consists of two steps. The first step involves decomposing the original
vibration signal using VMD. The second step applies wavelet thresholding to denoise the high-noise
components. Finally, the original signal with reduced noise content is reconstructed by combining the
secondary denoised components, resulting in a new signal.

VMD improves signal denoising by imposing constraints on the center frequency and bandwidth of
each mode. Additionally, VMD demonstrates high computational efficiency when processing large-scale
datasets. However, the modal number K and penalty parameter « in VMD must be manually set, which
complicates the achievement of optimal results in practical applications. This paper employs the HLOA to
optimize the two parameters to address this issue. The HLOA was proposed by Peraza-Vazquez et al. [26]
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simulating the defense behavior of horned lizards. Compared to other optimization algorithms, HLOA offers
faster convergence and enhanced global search capabilities. Since VMD does not fully eliminate noise during
the denoising process, wavelet thresholding is applied for secondary denoising of high-noise components
after VMD decomposition.

The main steps of the combined denoising method are shown in Fig. I:

(1) Input the vibration signal, set the HLOA population size to 30, and the number of iterations to 10.
Use envelope entropy as the fitness function.

(2) Set the range of the number of decomposition modes K to [2,10], and the range of the penalty
parameter « to [10, 5000].

(3) Input the positions of the horned lizards into VMD to obtain the local minimum of the envelope
entropy for the decomposed IMF components.

(4) Compare the envelope entropy values and update the horned lizard positions accordingly.

(5) Check if the stopping condition is met. If not, continue the optimization process and output the
optimal parameter combination.

(6) The IHLOA algorithm optimizes the VMD, which then decomposes the signal into K IMFs.
(7) Screen high- and low-noise components based on the correlation coefficient-variance.

(8) After reconstructing the high-noise components, apply wavelet thresholding for secondary denois-
ing, and combine the processed high-noise components with the low-noise components to obtain a
combined denoised signal.
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Figure 1: IHLOA-VMD wavelet threshold joint denoising method
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3 The Improved Horned Lizard Optimization Algorithm
3.1 Theoretical Basis for Improved Horned Lizard Optimization Algorithm

However, in the HLOA, as the number of iterations increases, the algorithm’s convergence speed
accelerates, but it struggles to escape from local optimal solutions. To address this issue, the HLOA is
improved by introducing an inertia weight parameter w into the random fast movement strategy.

The inertia weight parameter w plays a crucial role: a larger w enhances the algorithm’s global search
capability, allowing it to quickly traverse the search space and find better solutions, while a smaller w helps
refine the search, enabling the algorithm to explore more thoroughly around the discovered optimal solutions
and further improve the solution quality. The formula for w is as follows:

T t
w:cos(Ex(l— Tmax)) 1)
In the equation: t—The current iteration number.
Original Position Update Formula:
5 (t+1) =5c'best(t)+walk(%—s)5é,~(t) ®)
Improved Position Update Formula:
X(t+1) = @- X (£)++ walk (% - s) (Fpst (£) = %1 (£)) 3)

3.2 Performance Evaluation of Improved Algorithm

The performance of the IHLOA is validated using essential standard test functions, as shown in Fig. 2.
It can be observed that the convergence speed of the IHLOA is faster than that of other algorithms. Its fitness
value decreases exponentially, indicating a strong global search capability. The IHLOA can quickly escape
local optima and demonstrates good local search ability. The improved HLOA enhances both global and
local search capabilities, resulting in better convergence speed and search accuracy.
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Figure 2: Convergence curves of different algorithms from F1 to F8
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4 Experimental Validation
4.1 Case I: Simulated Signal with Noise

In order to verify the denoising effect of IHLOA-VMD-wavelet thresholding secondary denoising
method, the simulated signal is used, as follows:

x1 = 0.25 x cos(0.875 x 507t)
x2=0.3 xsin(2m x 50t) x (1+ 1.5 x sin(0.57 x 40t)) (4)
x3=0.15x exp(-15 x t) x sin(2007t)

x=x1+x2+x3+nt

Among them, nt is random Gaussian white noise with a standard deviation of 0.2 added; The sampling
frequency is 4000 Hz, and the time-domain waveform of the simulated signal with added noise is shown in
the figure.

From Fig. 3, it is evident that the denoising method combining VMD and wavelet thresholding closely

matches the original signal plot, indicating that a significant amount of noise has been eliminated. However,
when using only wavelet denoising, the time-domain plot still contains residual noise.
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Figure 3: Time-domain diagram of simulated signal before and after denoising

To further verify the denoising effects, the following methods were applied to process the signal: VMD
denoising, wavelet thresholding denoising, EMD denoising, CEEMDAN-wavelet thresholding denoising,
and IHLOA-VMD-wavelet thresholding Combined denoising. The root mean squared error (RMSE) and
signal-to-noise ratio (SNR) for each of the five denoising methods were calculated using the respective for-
mulas.
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Table 1 shows that the method proposed in this paper achieves the highest SNR and the smallest RMSE.
A higher SNR indicates that more noise has been removed, resulting in a better denoising effect. The mean
squared error measures the difference between the original signal and the denoised signal; a smaller mean
squared error indicates that the denoised signal is closer to the original signal. Therefore, it can be concluded
that the proposed method demonstrates superior denoising performance, making it both more effective
and efficient.

Table 1: Mean square error and signal-to-noise ratio of different denoising methods

Method SNR  RMSE

IHLOA+VMD+Wavelet Thresholding 17.7776 ~ 0.0447
CEEMDAN+Wavelet Thresholding ~ 16.8475  0.0516

VMD 54762 0.3340
EMD 43262 0.4286
Wavelet 7.8876  0.1573

4.2 Case 2: Experimental Verification of Helical Gears

The gear data is sourced from the open-source dataset provided by Zamanian et al. [27-29]. Fig. 4 shows
the gearbox test bench, which is designed to simulate and collect vibration signals from gears with different
fault types, providing a solid foundation for subsequent model validation and performance evaluation. In the
experiment, vibration signals were collected under a 20 Hz load. The fault signal for this gear has a sampling
frequency of 10kHz, a gear tooth count of w = 15, a shaft rotation frequency of 23.67 Hz and a gear mesh
frequency of 365 Hz. The dataset includes three categories: normal, chipped tooth, and three worn teeth. In
this study, a helical gear with chipped tooth is selected.

Figure 4: Gearbox test stand

The WOA, HLOA, and IHLOA algorithms were employed to search for the optimal parameters of VMD,
with the minimum envelope entropy serving as the fitness function. Fig. 5 illustrates the variation of the
function values. From the figure, it can be observed that IHLOA-VMD converges to the optimal solution
within the third iteration. Compared to the WOA and HLOA algorithms, IHLOA shows superior search
capability, faster convergence, and can efficiently identify the optimal VMD parameters. It has been proven
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that the improved HLOA effectively avoids getting trapped in local optima, thereby enhancing the algorithm’s
overall performance.
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Figure 5: Variation of fitness function values for the fault signal of a helical gear with missing teeth

To verify the effectiveness of the proposed method, the correlation coefficient-variance of the six IMFs
components decomposed by IHLOA-VMD were calculated, and the results are shown in Fig. 6. When the
correlation coefficient-variance is very low, the explanatory power of the overall data is limited, and it may
predominantly represent noise, failing to reflect the essential characteristics of the signal. Therefore, the
components are classified into low-noise and high-noise components based on the correlation coeflicient-
variance. The low-noise component refers to the relatively pure part of the signal with minimal noise or
interference, which closely resembles the original signal. In contrast, the high-noise component contains
significant noise and interference, leading to poor performance after VMD processing. Due to the substantial
impact of noise, the quality of this part of the signal is compromised. Since the high-noise component still
contains useful information, wavelet thresholding is applied for secondary denoising to mitigate its influence.

I variance
I correlation coefficient
0.8
0.6
/M 0.4
0.24
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A

Figure 6: Correlation coefficients of various IMF vectors
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By selecting IMF components with relatively low correlation coefficient-variance as high-noise com-
ponents, high-variance modes typically represent the effective parts of the signal. In contrast, low-variance
modes often contain noise or irrelevant information. Variance analysis helps in understanding the dis-
tribution of signal components and facilitates the separation of noisy signals from effective ones for
reconstruction. Wavelet thresholding is then applied for secondary denoising, after which the denoised IMF
components are reconstructed from the low-noise signal to produce the final denoised signal.

Since noise-free signals are unattainable, using SNR and root mean square error RMSE as evaluation
indicators poses challenges. Therefore, Root of Variance Ratio (RVR) is introduced as a smoothness indicator,
primarily used to assess the smoothness of the denoised signal. The closer its value is to 0, the better the
smoothness, indicating more effective denoising. The Signal Energy Ratio (SER) is employed to measure the
change in signal energy before and after denoising. A higher SER value generally reflects better preservation
of the signal’s main energy and effective suppression of noise components. Additionally, the Noise Mode
(NM) index is used to evaluate changes in signal energy; a larger NM value indicates better preservation of
the signal’s effective components during the denoising process.

Table 2 shows a performance comparison of different methods based on three indicators: RVR, SER,
and NM. The method proposed in this paper demonstrates significant advantages in overall performance:
the RVR is 0.5966, which, although not the lowest, strikes a good balance; the SER is 0.90425, second only
to VMD, and the NM is as high as 0.861, indicating a favorable balance between accuracy and denoising
effect. In contrast, while VMD performs well on SER, its NM value is the lowest at only 0.0297, suggesting
insufficient stability and overall performance. Therefore, the method proposed in this paper offers better
noise reduction and broader applicability.

Table 2: RVR, SER and NM of different denoising methods

Method RVR SER NM
IHLOA+VMD+WT 0.5966  0.90425 0.861
CEEMDAN+WT 0.3808  0.5949 0.7610
IHLOA+VMD+LMS 0.5602  1.2733  0.36672
VMD 0.6599 0.96339  0.0297

[HLOA+VMD+Kalman Fillter 0.0030 0.050102 0.9274

4.3 Case 3: Experimental Verification of Bevel Gear

To further validate the noise reduction method proposed in this paper for practical applications, using
the gear dataset provided by HUST [30]. This dataset provides useful resources for research in gear fault
diagnosis. Specifically, Fig. 7 illustrates the gearbox test bench at HUST. The design of this test bench allows
for the simulation of various types of gear faults and the collection of their vibration signals, providing a solid
foundation for subsequent experimental validation.

The sampling frequency of the experiment is 25.6 kHz, with two types of fault data for missing tooth and
broken tooth. The spindle rotation frequency is 20 Hz, and the calculated gear meshing frequency is 360 Hz.
Gaussian white noise of 1 dB is added to the signal.

When analyzing the IMF components processed by IHLOA-VMD, the correlation coefficient-variance
of each component was first calculated, and the results were summarized in Fig. 8. IMF components with
lower correlation coefficient-variance values were selected and reconstructed to form a new signal. Wavelet
thresholding was then applied to this new signal, and the processed components were combined with
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those having higher correlation coefficient-variance values for final signal reconstruction, resulting in the
denoised signal.

1: Speed control, 2:Motor, 3: Acceleration sensor, 4:
gearbox, 5: Data acquisition board

Figure 7: Gearbox test bench at HUST
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Figure 8: Correlation coeflicients of various IMF vectors

Subsequently, the method proposed in this paper demonstrates strong performance by comparing the
performance of different methods based on these evaluation indicators, particularly the data presented in
the Table 3. Its RVR is only 0.0036, which is close to the minimum value, indicating extremely low deviation
in signal recovery. The SER is 0.90285, the second-highest value, reflecting a good signal-to-noise ratio.
Additionally, the NM value is 0.6644, balancing both stability and denoising effectiveness. In contrast,
although VMD achieved the highest SER value 0f 1.1884, its RVR and NM performance were poor, indicating
a lack of overall balance. Therefore, the method proposed in this paper offers comprehensive advantages
across multiple indicators, with significant improvements in noise suppression and signal preservation.

To verify the universality of this method under different fault conditions, the signal of a broken tooth
gear was used, and experimental verification was conducted following the same methodology. The PSO,
WOA, HLOA, and IHLOA algorithms were employed to search for the optimal parameters of VMD, using
the minimum envelope entropy as the fitness function. The function values are shown in the Fig. 9. It can
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be observed from the figure that IHLOA-VMD finds the optimal solution the fastest. Compared to WOA,
HLOA, and PSO algorithms, it exhibits stronger search capability and faster convergence speed and can
efficiently identify the optimal parameters of VMD.

Table 3: RVR, SER and NM of different denoising methods

Method RVR SER NM
IHLOA+VMD+WT 0.0036 0.90285 0.6644
CEEMDAN+WT 0.0083 0.63748 0.8024
IHLOA+VMD+LMS 0.0002 0.54409 0.5777
VMD 0.0040 11884  0.6163

IHLOA+VMD+Kalman Fillter 0 0.14071 0.8545
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Figure 9: Changes in the fitness function value of the fault signal of a broken gear

The de-noised broken tooth signal obtained using the method proposed in this paper was compared
with the de-noising effects of other methods. Verification was conducted using the three aforementioned
indicators, and the results are shown in the Fig. 10: the symbol A represents IHLOA+VMD+Wavelet
Threshold, the symbol B represents IHLOA+VMD+LMS, the symbol C represents IHLOA+VMD+Kalman
Filter, and the symbol D represents CEEMDAN+Wavelet Threshold. Fig. 10 shows that the proposed method
in this paper demonstrates superior performance in signal processing and noise reduction. In particular,
it exhibits significant advantages regarding SER and NM, making it highly suitable for complex signal
decomposition and noise suppression tasks.

Through the experimental comparisons presented above, although the method proposed in this paper
may take slightly longer than the individual VMD and wavelet thresholding methods, the processing time
is mainly influenced by the operating conditions, the number of iterations, and the population size of the
optimization algorithm. However, the proposed method significantly enhances noise reduction and signal
reconstruction performance through a multi-step process, demonstrating superior processing effects. In real-
time condition monitoring of equipment, processing time is certainly important, but diagnostic accuracy
and reliability are equally crucial. Considering both time efficiency and performance superiority, the method
proposed in this paper, under multiple evaluation criteria, is more suitable for application in real-time
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monitoring systems for equipment, providing effective fault detection and early early fault prediction while
ensuring high-quality processing.
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Figure 10: RVR, SER and NM of different denoising methods

The envelope spectrum of the original signal for the tooth breakage fault with 1 dB noise and the
envelope spectrum after de-noising using IHLOA+VMD+Wavelet Threshold are shown in the Fig. 11 for
comparison. Observing the de-noised envelope spectrum, it is evident that the meshing fault frequency
is clearly visible after de-noising, and the sideband frequency features can be extracted. The spectral lines
distributed uniformly on both sides of the harmonic frequencies are relatively lower. Therefore, the method
proposed in this paper can effectively extract fault frequencies under noisy conditions, suppress the impact
of noise on the signal, and demonstrate a certain degree of robustness against noise.

To validate the effectiveness of the proposed method, this paper compares the envelope spectra
generated by the IHLOA-FMD method and the Multivariate Singular Spectrum Analysis (MSSA) method.
From the results, it can be observed that the MSSA method’s envelope spectrum still exhibits relatively high
spectral lines on both sides, indicating the presence of noticeable residual noise. Additionally, the overall
amplitude of the envelope is lower than that achieved by the proposed method, reflecting its limited ability
to extract signal features effectively. In contrast, the IHLOA-FMD method’s envelope spectrum shows more
disorganized spectral line distributions on both sides, suggesting weaker noise suppression and insufficient
de-noising performance. A comprehensive analysis demonstrates that the proposed method outperforms
both in terms of de-noising effectiveness and signal feature extraction. It particularly shows strong robustness
against noise interference, further validating the effectiveness and practical value of the proposed approach.
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Figure 11: Envelope spectrum (a) Original signal with 1 dB noise (b) Envelope spectrum of the proposed method (c)
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5 Conclusion

The THLOA is proposed to optimize the VMD parameters and wavelet thresholding for combined
denoising to reduce the noise of the acquisition signals from mechanical transmission systems. The main
conclusions are as follows:

(1) To enhance the optimization efficiency of the HLOA algorithm and avoid local optima, an inertia
weight parameter is incorporated into the random walk strategy. A comparison among HLOA, PSO, WOA,
and THLOA is conducted using eight standard benchmark functions. The results indicate that IHLOA
significantly improves global and local search capabilities, overall convergence speed, and search accuracy.

(2) The IHLOA algorithm is employed to optimize the parameters of VMD, effectively mitigating mode
aliasing and endpoint effects and achieving notable noise reduction. To retain useful information within
high-noise components, wavelet thresholding is applied as a secondary denoising step. Simulation results
validate the method’s effectiveness, achieving a Signal-to-Noise Ratio (SNR) of 177776 and a Root Mean
Square Error (RMSE) of 0.0447. Compared to other methods, this method achieves a higher SNR and a
lower RMSE.

(3) Through the validation of signals related to gear tooth breakage and tooth loss, the results demon-
strate that the proposed method can be effectively applied to other gear faults. By comparing the three
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indicators—RVR, SER, and NM—it has been verified that the method excels in noise reduction, successfully
minimizing noise interference in the signals. The experimental results fully prove the effectiveness and
advantages of the method in signal denoising. Furthermore, by comparing the denoised signal waveforms of
this method with those of IHLOA-FMD and Multivariate Singular Spectrum Analysis (MSSA), it is shown
that the proposed method exhibits strong robustness in the presence of noise interference, thereby validating
its effectiveness.

In short, the proposed IHLOA-VMD-wavelet thresholding method provides a robust solution for noise
suppression in vibration signals and ensures accurate feature extraction. These capabilities are essential for
ensuring the safety and reliability of mechanical systems in prognostic and health management.
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Nomenclature

SNR Signal-to-Noise Ratio

RMSE Root Mean Square Error

EMD Empirical Mode Decomposition

EEMD Ensemble Empirical Mode Decomposition

CEEMD Complementary Ensemble Empirical Mode Decomposition
CEEMDAN Complementary Ensemble Empirical Mode Decomposition with Adaptive Noise
VMD Variational Mode Decomposition

FMD Feature Mode Decomposition

MSSA Multichannel Singular Spectrum Analysis

PSO Particle Swarm Optimization

WOA Whale Optimization Algorithm

HLOA Horned Lizard Optimization Algorithm

IHLOA Improve Horned Lizard Optimization Algorithm

IMF Intrinsic Mode Function

SER Signal Energy Ratio

NM Noise Modulus

WT Wavelet Thresholding

RVR Root of Variance Ratio

GMF Gear Mesh Frequency

EWT Empirical Wavelet Transform
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