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Abstract. The vibration signal of the operating mechanism during the operation of high-voltage 
circuit breaker (HVCB) contains a large amount of information, which can be used to reflect the 
mechanical status of circuit breakers and thus carry out early warning and diagnosis of potential 
faults. However, the complex operating environment of the circuit breaker contains a large number 
of noise signals, which makes the vibration signals obscured and thus difficult to extract the feature 
values accurately and easily. In order to solve this problem, this paper proposes a new denoising 
method based on Dual-Tree Complex Wavelet Transform (DT-CWT), which is specifically used 
for the feature extraction of mechanical vibration signals from HVCB. Real vibration signals are 
first simulated and full-band random noise is injected to replicate the field noise conditions. 
Various decomposition layers and denoising methods within the DT-CWT framework were tested 
on these simulated signals to assess their effectiveness. The performance of the proposed methods 
was further validated using actual acquired HVCB vibration signals. The results show that 
DT-CWT is a powerful tool for denoising mechanical vibration signals, improving the clarity of 
the signals and maintaining the integrity of the signals in the presence of noise, providing a 
significant improvement over conventional wavelet method. This study provides a robust solution 
for reducing noise in circuit breaker vibration signals and an effective reference method for 
improving mechanical status diagnosis.  
Keywords: noise reduction, circuit breaker operating mechanism, vibration signal, dual-tree 
complex wavelet transform. 

1. Introduction 

High-voltage circuit breaker (HVCB) plays a crucial role in ensuring the safe and stable 
operation of the electrical grid [1-4]. As circuit breakers are subjected to increasing numbers of 
operations over time, their performance inevitably deteriorates, leading to a higher risk of faults. 
The consequences of circuit breaker failures extend far beyond their replacement costs, potentially 
jeopardizing the safety and reliability of entire power supply lines [5-7]. Mechanical failures 
within the operating mechanisms are the primary cause of HVCB faults, accounting for 
approximately 61 % of major faults and 54 % of minor faults [8]. Current diagnostic approaches 
for mechanical faults in circuit breakers typically involve analyzing data such as closing and 
opening current signals, trip coil travel curves, and the mechanical vibration signals of the 
operating mechanisms. Among these, current signals mainly reflect the condition of the coil and 
nearby mechanical faults during operation but fail to provide a comprehensive view of the circuit 
breaker's overall health. Travel curve signals are more suitable for assessing performance 
degradation and are less effective in detecting early-stage mechanical faults [9, 10]. On the other 
hand, vibration signals generated by the operating mechanism during opening and closing actions 
contain rich state information, making them a valuable resource for diagnosing mechanical faults 
in circuit breakers [11, 12]. 

https://crossmark.crossref.org/dialog/?doi=10.21595/jve.2026.26045&domain=pdf&date_stamp=2026-09-27
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Vibration signals from circuit breakers are inherently nonperiodic and nonstationary, with 
significant state features concentrated during specific phases of operation. However, the 
acquisition of these signals is often compromised by various factors, such as environmental noise, 
base mounting conditions, and sensor configurations. These factors introduce noise that can 
obscure critical diagnostic information, making it essential to preprocess the vibration signals for 
noise reduction before performing any diagnosis. Effective denoising is critical to enhance the 
accuracy of subsequent diagnostic processes [13-17]. 

Despite the importance of denoising in circuit breaker vibration signal analysis, most existing 
research has focused on feature extraction and classification, with relatively few studies 
addressing the denoising aspect. Traditional denoising methods, such as wavelet transforms and 
filtering techniques, have been widely used, but they come with limitations. For instance, wavelet 
denoising and wavelet packet denoising are challenged by the need to select appropriate wavelet 
bases and decomposition layers, while band-pass and morphological filtering methods may lead 
to the loss of valuable signal information. Specifically, band-pass filters will truncate out-of-band 
transient high-frequency details (which may contain high-frequency characteristic signatures of 
minor mechanical faults) or critical low-frequency trends, while morphological filters are highly 
prone to eliminating the valid edges and high-frequency details that represent real mechanical 
impacts during the denoising process. More advanced methods, such as sparse decomposition, 
variational mode decomposition (VMD) and so on [18, 19], offer improved denoising 
performance but at the cost of increased computational complexity and potential signal distortion 
during reconstruction [20-22]. For instance, during each functional iteration of the VMD 
algorithm, it must sequentially update the complete frequency spectra of all modes, their 
corresponding center frequencies, and the associated Lagrange multipliers, and its reconstruction 
performance is heavily dependent on the selection of parameters such as the number of modes. 

Given these challenges, there is a clear need for further research into more effective denoising 
methods for circuit breaker vibration signals. Improved denoising techniques are essential for 
extracting meaningful features from the signals and enhancing the accuracy of fault diagnosis. To 
address these needs, this paper proposes a denoising method based on the Dual-Tree Complex 
Wavelet Transform (DT-CWT), which is particularly well-suited to the characteristics of circuit 
breaker vibration signals. DT-CWT offers superior directional selectivity and symmetry by using 
two parallel wavelet transform trees to approximate the real and imaginary parts of the signal. This 
structure allows for the capture of more detailed directional information, enabling more effective 
differentiation between noise and signal components. Additionally, DT-CWT's dual-tree structure 
mitigates frequency aliasing, thereby improving signal reconstruction quality while preserving the 
signal's original features. Furthermore, DT-CWT's fine time-frequency localization properties 
make it easier to identify and separate signal features across different scales, demonstrating its 
strong performance in processing nonstationary, multifrequency vibration signals. 

This paper introduces a simulation model for circuit breaker vibration signals and evaluates 
the denoising effectiveness of DT-CWT using three key metrics, including Signal-to-Noise Ratio 
(SNR). The study involves injecting uniformly distributed white noise into the spectrum to 
simulate realistic noise conditions. The results demonstrate the superiority of DT-CWT in 
denoising, particularly when compared to traditional wavelet transform methods. Finally, the 
practicality of the proposed denoising method is validated through experiments using vibration 
signals measured on-site from SF6 circuit breakers. This research provides a robust solution for 
circuit breaker vibration signal noise reduction and offers a valuable reference for future studies 
in this field. 

2. Dual-tree complex wavelet transform 

2.1. Algorithm introduction 

DT-CWT uses a two-way filter group with a binary tree structure to decompose and reconstruct 
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the signal. It is divided into a real tree and an imaginary tree. The low-pass filters of the real and 
imaginary trees are reasonably designed to meet the half-sampling delay condition and have 
approximate translation invariance [23, 24]. The sampling frequency of the filters in the two trees 
is the same, but the delay between them is exactly one sampling interval. In this way, the binary 
extraction of the first layer in the imaginary tree just samples the sample values lost by the binary 
extraction in the real tree. While obtaining the translation invariance of the complex wavelet 
transform, it avoids a lot of calculations and has the advantage of being easy to implement. 

The schematic diagram of the DT-CWT process is shown in Fig. 1. In the diagram, the upper 
part represents the real part tree, and the lower part represents the imaginary part tree. The target 
signal is transformed simultaneously by both trees, and ultimately, band signals with the original 
characteristics of the signal are reconstructed. 

 
Fig. 1. Decomposition and reconstruction process using dual-tree complex wavelet transform 

In the Dual-Tree Complex Wavelet Transform (DT-CWT), the complex wavelet can be 
represented as: 𝜓ሺ𝑡ሻ = 𝜓௛ሺ𝑡ሻ + 𝑖𝜓௚ሺ𝑡ሻ, (1)

where 𝜓ሺ𝑡ሻ is the complex wavelet, 𝜓௛ሺ𝑡ሻ is the real part of the wavelet 𝜓௚ሺ𝑡ሻ is the imaginary 
part of the wavelet, and 𝑗 is the imaginary unit. 

In the DT-CWT, the wavelet coefficients and scale coefficients of the real part tree can be 
calculated using Eq. (2): 

𝑑௝ோ௘ሺ𝑛ሻ = 2௝/ଶ න 𝑥ሺ𝑡ሻ𝜓௛ሺ2௝𝑡 − 𝑛ሻ𝑑𝑡ାஶ
ିஶ , 𝑐௃ோ௘ሺ𝑛ሻ = 2௃/ଶ න 𝑥ሺ𝑡ሻ𝜓௛ሺ2௃𝑡 − 𝑛ሻ𝑑𝑡ାஶ
ିஶ , (2)

where 𝑗 is the scale factor, and 𝐽 is the number of decomposition levels. 
Similarly, the wavelet coefficients and scale coefficients of the imaginary part tree can be 

calculated using Eq. (3): 

𝑑௝ூ௠ሺ𝑛ሻ = 2௝/ଶ න 𝑥ሺ𝑡ሻ𝜓௚ሺ2௝𝑡 − 𝑛ሻ𝑑𝑡ାஶ
ିஶ , 𝑐௃ூ௠ሺ𝑛ሻ = 2௃/ଶ න 𝑥ሺ𝑡ሻ𝜓௚ሺ2௃𝑡 − 𝑛ሻ𝑑𝑡ାஶ
ିஶ . (3)
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Through the joint calculation of Eq. (2-3), the wavelet coefficients and scale coefficients of 
the DT-CWT can be obtained: 𝑑௝஼ሺ𝑛ሻ = 𝑑௝ோ௘ሺ𝑛ሻ + 𝑖𝑑௝ூ௠ሺ𝑛ሻ, 𝑐௃஼ሺ𝑛ሻ = 𝑐௃ோ௘ሺ𝑛ሻ + 𝑖𝑐௃ூ௠ሺ𝑛ሻ, (4)

where 𝑗 is the scale factor, 𝐽 is the number of decomposition levels 𝑛 = 1,2, … , 𝐽, 𝑑௝ோ௘ሺ𝑛ሻ 
represents the real detail coefficient, 𝑑௝ூ௠ሺ𝑛ሻ represents the imaginary detail coefficient, 𝑐௝ோ௘ሺ𝑛ሻ 
represents the real approximate coefficient, 𝑐௝ூ௠ሺ𝑛ሻ represents the imaginary approximate 
coefficient, and the coefficients obtained by overall grading are respectively combined by the 
calculation results of the two trees. 

Finally, the wavelet coefficients and scaling coefficients of DT-CWT can be reconstructed 
using Eq. (5-6): 

𝑑௝ሺ𝑡ሻ = 2ሺ௝ିଵሻ/ଶ ൥ ෍ 𝑑௝ோ௘ሺ𝑛ሻ𝜓௛ሺ2௝𝑡 − 𝑘ሻஶ
௡ୀିஶ + ෍ 𝑑௝ூ௠ሺ𝑛ሻ𝜓௚ሺ2௝𝑡 − 𝑘ሻஶ

௡ୀିஶ ൩, (5)

𝑐௃ሺ𝑡ሻ = 2ሺ௝ିଵሻ/ଶ ൥ ෍ 𝑑௃ோ௘ሺ𝑛ሻ𝜓௛ሺ2௃𝑡 − 𝑘ሻஶ
௞ୀିஶ + ෍ 𝑑௃ூ௠ሺ𝑛ሻ𝜓௚ሺ2௃𝑡 − 𝑘ሻஶ

௡ୀିஶ ൩. (6)

The reconstructed signal can be expressed as Eq. (7): 

𝑥ොሺ𝑡ሻ = ෍𝑑௝ሺ𝑡ሻ௃
௝ୀଵ + 𝑐௃ሺ𝑡ሻ. (7)

In the DT-CWT decomposition, the real and imaginary parts are parallel to each other, and are 
composed of discrete wavelet transforms using two different low-pass and high-pass filters. The 
two independently operate on the input signal without data interaction. When decomposing and 
reconstructing the signal, the sampling position of the imaginary tree should always be kept in the 
middle of the real tree, so as to comprehensively utilize the wavelet decomposition coefficients of 
the two trees to achieve information complementarity. DT-CWT uses a dual-tree approach to 
provide accurate local features, directional selectivity, and reduced modal aliasing. DT-CWT 
processes the input signal using two parallel dual trees, extracting trend features (the 
low-frequency part of the signal) through a combination of two wavelet transforms on the low-pass 
coefficients, while extracting detail features on the high-pass coefficients to analyze the 
high-frequency components. Initially developed for processing two-dimensional signals, 
DT-CWT excels in time-frequency characteristics, with edge-preserving and low-distortion 
properties, making it effective for one-dimensional signal processing as well. Moreover, DT-CWT 
can suppress the pseudo-Gibbs phenomenon, which helps avoid local oscillations in the 
decomposed signal when there is an abrupt change in the original signal. Therefore, this section 
introduces DT-CWT for denoising experiments on circuit breaker simulated signals [25-27]. 

2.2. Denoising of vibration signals based on DT-CWT 

Early fault diagnosis of circuit breaker operating mechanisms relies heavily on the analysis of 
vibration and acoustic signal features. These signals exhibit strong nonperiodic and nonstationary 
characteristics, with the critical features concentrated during the operation phase. However, the 
complex operating conditions often result in noise being present in the collected signals, which 
interferes with the extraction of meaningful features. Therefore, it is necessary to perform 
denoising preprocessing on the data before feature extraction to prevent noise from affecting the 
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accuracy of subsequent diagnosis. In this section, a simulation model for circuit breaker vibration 
and acoustic signals is introduced. White noise, uniformly distributed across the frequency 
spectrum, is injected to simulate noise components. The effectiveness of the denoising process is 
evaluated using three indicators: Signal-to-Noise Ratio (SNR), Correlation Coefficient (R), and 
Mean Square Error (MSE). 

2.2.1. Vibration signal simulation 

The circuit breaker vibration is regarded as the superposition of a series of exponentially 
decaying sine waves [28, 29], and its formula is described as Eq. (8): 

𝑉ሺ𝑡ሻ = ෍𝐴௜𝑒ିఓሺ௧ି௧೔ሻ௡
௜ୀଵ sinሾ2𝜋𝑓௜ሺ𝑡 − 𝑡௜ሻሿ ∗ 𝜀ሺ𝑡 − 𝑡௜ሻ, (8)

where 𝐴 represents the signal amplitude, μ represents the attenuation factor. This paper refers to 
the simulation setting of fitting the real signal based on this exponential sine wave method. 

A set of closing vibration signals with relatively low noise from a 40.5 kV circuit breaker under 
normal conditions was selected for denoising simulation experiments, as shown in Fig. 2(a). The 
simulated signal was fitted based on the original signal, as shown in Fig. 2(b). 

Table 1. Simulation parameters for 40.5 kV circuit breaker vibration signal 
Component number A 𝜇 𝑓 / Hz 𝑡 / s 

1 20 160 7000 0.185 
2 25 10 2200 0.19 
3 60 200 6000 0.205 
4 10 75 5500 0.3 
5 30 295 4500 0.35 
6 5 16 1000 0.35 

Vibration signals from HVCB are typically corrupted by broadband electromagnetic 
interference, mechanical resonance noise from adjacent operating equipment, and ambient 
acoustic noise, all of which are uniformly distributed across the entire frequency spectrum. 
Therefore, full-band random noise was injected into the original signal to adjust the signal-to-
noise ratio (SNR) to 10 and 5, thereby simulating the noise present in actual measured signals, as 
shown in Fig. 2(c) and Fig. 2(d). The parameter settings for the simulated signal are listed in 
Table 1. The SNR represents the ratio of the signal energy to the energy of the added noise, and 
its calculation formula is Eq. (9): 𝑆𝑁𝑅 = 10 × lg 𝑃௦𝑃௡, (9)

where, 𝑃௦ and 𝑃௡ represent the signal power and noise power, respectively. The calculation 
formulas are Eq. (10): 

𝑃௦ = 1𝑛෍𝑥ଶሺ𝑖ሻ௡
௜ୀଵ , 

𝑃௡ = 1𝑛෍ሾ𝑠ሺ𝑖ሻ − 𝑥ሺ𝑖ሻሿଶ௡
௜ୀଵ , (10)

where, 𝑥ሺ𝑖ሻ, 𝑠ሺ𝑖ሻrepresent the reference noise-free signal and the noisy signal, respectively. After 
calculating the power of the original signal, the noise power can be obtained based on the desired 



THE VIBRATION SIGNAL DENOISING METHOD FOR HIGH VOLTAGE CIRCUIT BREAKER MECHANICAL CONDITION DIAGNOSIS BASED ON DUAL-TREE 
COMPLEX WAVELET TRANSFORM. YOUJIA TANG, MIAO QI, BIAO CAI, FUQUN ZHANG 

6 ISSN PRINT 1392-8716, ISSN ONLINE 2538-8460  

SNR level. By acquiring the noise signal in this way, the noisy signal is further obtained by 
superimposing the noise signal onto the original signal. 

 
a) 

 
b) 

 
c) 

 
d) 

Fig. 2. The waveform of original signal and simulated signal injected with different levels  
of noise: a) measured signal; b) simulated signal; c) simulated signal with SNR = 10;  

d) simulated signal with SNR = 5 

From Fig. 2(c) and Fig. 2(d), it can be observed that the noise content in the measured signal 
of the 40.5 kV circuit breaker is close to that of the simulated signal with SNR = 10 and is less 
than that of the simulated signal with SNR = 5. However, the measured dataset contains data with 
higher noise levels than the selected signal. Therefore, in the denoising experiment setup, the 
simulated signal with SNR = 5 is used to represent signals with high noise levels in reality, while 
the simulated signal with SNR = 10 is used to represent signals with low noise levels. 

In order to verify whether the method of injecting full-band random noise can simulate the 
noise contained in the original signal, the signal is fast Fourier transformed to obtain the time-
frequency spectrum as shown in Fig. 3. By observing the time-frequency spectrum before and 
after the noise is injected, it can be found that the noise signal component that can be observed 
locally has spread to the entire spectrum, and the distribution of random noise in the spectrum is 
close to the low-energy component in the original signal spectrum, which shows that the 
characteristics of the injected full-band random noise are similar to those of the noise in the 
original signal. Therefore, the noise reduction effect on the simulated signal can be considered to 
have an actual simulation effect. 

In this paper, the common threshold denoising method is selected to conduct denoising 
experiments on the simulation signal. The main steps are: first, decompose the signal; second, 
perform threshold shrinkage on the decomposed wavelet coefficients or modal components; 
finally, perform inverse transformation on the components after threshold processing to obtain the 
reconstructed denoised signal. 
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a) 

 
b) 

Fig. 3. Comparison of the frequency spectrum of the trip vibration signal before and  
after the introduction of noise: a) original signal; b) signal after noise injection 

2.2.2. Noise reduction performance evaluation index 

In this paper, the common threshold denoising method was selected for denoising experiments 
on the simulated signal. The main steps of threshold denoising are as follows: first, the signal is 
decomposed; second, the wavelet coefficients or modal components of the decomposed signal are 
subjected to threshold shrinkage; and finally, the components after threshold processing are 
inverse-transformed to obtain the reconstructed denoised signal. The threshold modes mainly 
include soft thresholding, hard thresholding, and other improved types. In this study, soft and hard 
thresholds were chosen to test the denoising effectiveness. In the case of soft thresholding, 
components with absolute values smaller than the threshold are directly set to zero, while 
components larger than the threshold have the threshold value subtracted. This method allows for 
smooth processing of the signal but may introduce bias. In the case of hard thresholding, only 
components with absolute values greater than the threshold are retained, with the rest set to zero. 
This method preserves more signal details but may lead to signal discontinuity. 

Common threshold selection criteria include the minimum mean square error (MSE), unbiased 
risk estimation, and hypothesis testing. In practical applications, the choice of threshold depends 
on the specific task requirements, the characteristics of the signal, and the nature of the noise. It 
usually requires experimental comparisons of different threshold methods to select the most 
appropriate threshold setting, achieving the best balance between denoising effectiveness and 
signal distortion. In this study, the basic threshold was set to MSE, and the threshold was 
multiplied by a threshold coefficient. The denoising performance of each algorithm under different 
threshold sizes was compared through experiments. 

For the selection of denoising metrics, signal-to-noise ratio (SNR), correlation coefficient (𝑅), 
and mean square error (MSE) were used as evaluation metrics. Besides these three metrics, some 
researchers also use power spectral density, SNR gain, and class separability to compare the 
effectiveness of different denoising algorithms. In practice, the choice of denoising metrics also 
needs to be determined based on the specific scenario. 

(1) Signal-to-Noise Ratio (SNR). 
The calculation method is shown in Eq. (9). The larger the SNR, the lower the noise content 

in the signal, indicating a better denoising effect. 
(2) Correlation Coefficient (𝑅). 
The SNR primarily demonstrates the overall similarity between the signal and the reference, 

but it may not sufficiently reflect the degree of local fitting. In this regard, the correlation 
coefficient can serve as a supplementary metric for evaluating the effectiveness of signal 
denoising. The calculation formula for the correlation coefficient is: 
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𝑅 = 𝑐𝑜𝑣ሾ𝑥ሺ𝑖ሻ, 𝑠ሺ𝑖ሻሿ𝜎ሾ𝑥ሺ𝑖ሻሿ ∗ 𝜎ሾ𝑠ሺ𝑖ሻሿ, (11)

where 𝜎 represents the signal standard deviation, 𝑐𝑜𝑣 represents the signal covariance, and the 
range of the correlation coefficient is [–1, 1]. The closer it is to 1, the higher the signal correlation 
and the better the noise reduction effect. 

(3) Mean Square Error (MSE). 
Compared to the SNR, the smaller the MSE, the less noise there is in an absolute sense: 

𝑀𝑆𝐸 = 1𝑛෍ሾ𝑠ሺ𝑖ሻ − 𝑥ሺ𝑖ሻሿଶ௡
௜ୀଵ . (12)

In the following denoising experiment, the denoising performance of different decomposition 
layers, threshold coefficients, and denoising modes under two noise levels was tested. SNR was 
used as the main denoising effect indicator, and 𝑅 and MSE were used as auxiliary judgment 
indicators. 

3. Results and discussion 

This section introduces DT-CWT for denoising experiments on circuit breaker simulated 
signals. Experiments were also conducted to compare the denoising performance under different 
threshold modes, decomposition levels, and threshold coefficients using the dual-tree complex 
wavelet decomposition. The changes in denoising effectiveness are shown in Fig. 4. 

 
a) 

 
b) 

Fig. 4. DT-CWT denoising experimental results: a) Soft threshold denoising; b) Hard threshold denoising 

As shown in Fig. 4, the denoising effect of the hard threshold under DT-CWT decomposition 
is much better than that of the soft threshold denoising. In fact, the soft threshold denoising cannot 
play a positive denoising role in most cases, but introduces noise. In the hard threshold mode, 
DT-CWT can increase the signal-to-noise ratio of the signal with a signal-to-noise ratio of 10 to 
nearly 19 under the optimal number of denoising parameters. 

The wavelet threshold method is the most commonly used signal denoising method. The same 
experiment is conducted to compare the denoising effect changes brought by the number of 
decomposition layers and threshold coefficients under different thresholds modes in wavelet 
decomposition, as shown in Fig. 4. In the wavelet decomposition experiment, the signal-to-noise 
ratio is set to 10, and the basis function used is the commonly used db4 wavelet basis, which has 
good time-frequency localization characteristics and is widely used in signal denoising processing. 

As can be seen from the Fig. 5, wavelet decomposition can achieve a good denoising effect 
when the decomposition layer is more than three layers. The threshold mode hardly affects the 
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optimal denoising level, but the threshold coefficient value is inconsistent under different 
threshold modes. When the injected signal-to-noise ratio is 5, the optimal parameter for denoising 
shows a signal-to-noise ratio of 12 after denoising. When the injected signal-to-noise ratio is 10, 
the optimal parameter for denoising shows a signal-to-noise ratio of 16 after denoising. 

 
a) 

 
b) 

Fig. 5. Experimental results of wavelet decomposition denoising:  
a) soft threshold denoising; b) hard threshold denoising 

Ensemble Empirical Mode Decomposition (EEMD) can effectively suppress the mode mixing 
problem inherent in Empirical Mode Decomposition (EMD). Its denoising principle involves 
introducing noise with a normal probability distribution and a constant power spectrum into the 
original vibration signal. The signal is then subjected to EMD decomposition multiple times, and 
the intrinsic mode functions (IMFs) obtained from each decomposition are averaged to cancel out 
the contained noise, thereby achieving signal denoising. 

The experimental settings are identical to those of DT-CWT. Fig. 6 shows the denoising 
performance of EEMD under different threshold modes, decomposition levels, and threshold 
coefficients. 

 
a) 

 
b) 

Fig. 6. Experimental results of ensemble empirical mode decomposition:  
a) soft threshold denoising; b) hard threshold denoising 

It can be seen from the Fig. 6 that EEMD achieves relatively better denoising performance 
under soft thresholding, which can improve the signal-to-noise ratio of a signal with an initial SNR 
of 10 to approximately 16, and its denoising effect is slightly inferior to that of traditional wavelet 
decomposition. Under the soft threshold mode, the number of decomposition layers has almost no 
significant impact on the denoising effect of EEMD, and increasing the number of decomposition 
layers beyond 5 provides negligible improvement in denoising performance. Meanwhile, EEMD 
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suffers from excessively high computational time consumption, especially when processing long 
data sequences, where the time cost is very significant. Therefore, EEMD does not demonstrate 
ideal denoising performance on the simulated data used in this paper. 

A comparison of the denoising performance of these methods reveals that DT-CWT achieves 
significantly better results than both traditional wavelet transform denoising and ensemble 
empirical mode decomposition denoising when applied to circuit breaker vibration signals. 

In order to further verify the effectiveness of DT-CWT denoising, the changes in the two 
evaluation indicators of correlation coefficient 𝑅 in the DT-CWT hard threshold denoising 
experiment are calculated as shown in Fig. 7. 

 
a) 

 
b) 

Fig. 7. Results indicators in the DT-CWT hard threshold denoising experiment:  
a) 𝑅 change result; b) MSE change result 

The experiment in Fig. 7 shows that DT-CWT also shows a good level of noise reduction in 
terms of correlation coefficient and mean square error. In the noise reduction of simulated noise 
signals, the correlation coefficient can reach up to 0.99, and the mean square error can reach as 
low as 0.5. The optimal threshold coefficient of the SNR indicator on simulated noise is around 
1.0, while the threshold coefficients of the R and MSR indicators are as high as around 1.3. Under 
high noise levels, the threshold coefficient needs to be appropriately increased, and the difference 
between 1.5 and 2.0 is not large. At the same time, it can be found that after the number of 
decomposition layers increases to 7 layers, the improvement level of the noise reduction effect 
becomes very small, so there is no need to perform too deep decomposition to increase the 
computational burden. 

In summary, DT-CWT hard threshold denoising is a good denoising scheme among the 
algorithms attempted in this paper. For signals with low noise levels, the optimal thresholds of the 
three indicators of SNR, 𝑅, and MSE are taken as the middle value, the threshold coefficient is set 
to 1.2, and the number of decomposition layers is selected as 7-layer denoising. Under this 
parameter, the optimal denoising effect of DT-CWT under low-level noise can be approximately 
achieved. Different levels of noise are injected into the simulation signal to verify the denoising 
effect at this time, as shown in Fig. 7. It can be found that the signal can be approximately restored 
to a noise-free state under SNR = 10 and SNR = 7 noise conditions, but the denoising effect will 
still be affected if the noise level continues to increase. At SNR = 5, the noise effect cannot be 
completely eliminated after denoising, which indicates that the algorithm has limited processing 
capability for signals with high noise levels. The results of DT-CWT processing on signals with 
different noise levels are shown in Fig. 8. 

We placed the vibration sensor at the top of the beam at the location of the fastening screws as 
shown in Fig. 9(a). The DT-CWT hard threshold mode is further used to perform noise reduction 
on the measured signal. The experiment found that the noise reduction parameters with a threshold 
coefficient of 1.2 and a decomposition layer number of 7 achieved a good noise reduction effect 
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on the real gate opening vibration signal. The time domain and frequency domain waveforms of 
the signal before and after noise reduction are shown in Fig. 9(b)-(e). As shown in Fig. 9(b) and 
Fig. 9(c), after noise reduction, the signal has an attenuation trend similar to the simulated signal 
in the time domain waveform. It can be seen that the signal is closer to the ideal waveform of the 
superposition of exponentially decaying sine waves after decomposition. Observing the high-
frequency components of the spectrum before and after noise reduction in Fig. 9(d) and Fig. 9(e), 
it can be found that the high-frequency noise above 10 kHz is significantly suppressed. It can be 
judged that DT-CWT plays an effective role in noise reduction of the measured vibration signal. 

 
a) 

 
b) 

 
c) 

 
d) 

 
e) 

 
f) 

Fig. 8. DT-CWT processing signals with different noise levels: a) signal with SNR = 10; b) SNR = 10  
after noise reduction; c) signal with SNR = 7; d) SNR = 7 after noise reduction;  

e) signal with SNR = 5, f) SNR = 5 after noise reduction 

4. Conclusions 

This study establishes the superior efficacy of the Dual-Tree Complex Wavelet Transform in 
denoising vibration signals from high-voltage circuit breakers compared to traditional wavelet 
methods. Through comprehensive experimentation, several key findings emerged regarding signal 
enhancement and parameter optimization. 
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a) 

 
b) 

 
c) 

 
d) 

 
e) 

Fig. 9. Denoising effect of circuit breaker vibration signal: a) installation position of the vibration sensor; 
b) time domain signal before noise reduction; c) time domain signal after noise reduction; d) signal 

spectrum before noise reduction; e) signal spectrum after noise reduction. Photo 9(a) was taken by the 
authors during a circuit breaker fault simulation experiment, on 04.16.2025, at Shandong Taikai High 

Voltage Switchgear Co., Ltd. in the city of Taian 

Simulation results demonstrated that DT-CWT utilizing hard thresholding significantly 
outperforms soft thresholding. Under optimal conditions, this approach improved the Signal-to-
Noise Ratio (SNR) from 10 to nearly 19, effectively distinguishing signal components from noise 
without introducing artifacts. Quantitative evaluations further confirmed high signal fidelity, 
achieving a correlation coefficient of 0.99 and a Mean Square Error (MSE) of 0.5. 

Regarding parameter optimization, the study suggests a practical limit of seven decomposition 
layers to balance performance with computational complexity. Additionally, specific threshold 
coefficients were identified for varying noise environments, with a coefficient of 1.2 proving 
optimal for low-noise conditions. 

Finally, experimental validation on actual circuit breaker data confirmed the method's practical 
utility. DT-CWT successfully suppressed high-frequency interference (particularly above 10 kHz) 
in both time and frequency domains. In summary, DT-CWT provides a robust, high-accuracy 
solution for mechanical signal processing, offering a solid foundation for advanced fault diagnosis 
in industrial settings. 
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