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Abstract 

In order to classify the faults of high voltage circuit breakers more efficiently, a fault 
diagnosis method based on the combination of acoustic vibration and support vector 
machine (SVM) optimized by improved flower pollination algorithm (IFPA) is proposed. 
Firstly, ensemble empirical mode decomposition (EEMD) and EEMD - improved wavelet 
threshold function are used to denoise the vibration and sound signals of circuit 
breakers respectively, and then the energy entropy of the vibration and sound signals is 
extracted. Finally, the feature fusion of acoustic and vibration signals is input into the 
support vector machine(SVM) model optimized by IFPA to realize the diagnosis among 
different fault categories. The experiment on high voltage circuit breaker proves the 
effectiveness of the new method. 
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1. Introduction 

The operation of high voltage circuit breaker is related to the stability and safety of the power grid, 

and mechanical failure is the main fault of the high voltage circuit breaker. Therefore, it is of practical 

engineering value to study the mechanical fault diagnosis of high voltage circuit breaker. 

In recent years, most fault diagnosis methods are to extract useful features from signals and input 

feature vectors into classifiers to judge the state of equipment. Among them, Jia Jin Qi et al. [1] 

divided the vibration signal of circuit breaker in time domain, extracted 16 features as feature vectors, 

and input them into classifier for classification. Linhua Luo et al. [2] used the improved MFCC 

algorithm to extract the characteristic parameters of the discharge audio signal to realize the circuit 

breaker fault diagnosis. Hengzhen Li et al. [3] used wavelet de-noising method to denoise the current 

signal of circuit breaker, and then extracted the current characteristics and input it into SVM for fault 

diagnosis. Yu Yao et al. [4] combined fractal technology with probabilistic neural network and 

proposed a new research method of circuit breaker fault diagnosis model. Shi Liu et al. [5] proposed 

a circuit breaker fault diagnosis method based on PSO-BP neural network, which has higher accuracy 

than the traditional BP neural network model. 

The above methods have made a lot of improvements in the fault diagnosis model, but there are still 

some shortcomings: a single signal description is one-sided, some faults can not be distinguished. the 

preprocessing method does not analyze according to the specific characteristics of the signal. the fault 

diagnosis model needs more samples, and the parameter optimization algorithm is easy to fall into 

the minimum value. 
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In order to solve the above problems, this paper proposes a mechanical fault diagnosis method based 

on the combination of acoustic and vibration. Firstly, EEMD and EEMD wavelet threshold are used 

to denoise the vibration signal and sound signal, and then the feature entropy of the signal is extracted 

respectively. Finally, feature fusion is used as input vector and input to IFPA optimized support vector 

machine for classification. The effectiveness of this method is verified by comparing with flower 

pollination algorithm(FPA), particle swarm optimization algorithm(PSO) and shuffled frog leaping 

algorithm(SFLA). 

2. Signal preprocessing and feature extraction 

2.1 Principle of EEMD 

EEMD [6] is an adaptive time-frequency processing method suitable for nonlinear and non-stationary 

signals. Firstly, white noise is added to the signal, and then the mixed signal is decomposed into IMF 

of different time scales, as shown in formula (1). Then, the IMF component and residual are obtained 

by the full average operation of each component to eliminate the influence of white noise. It weakens 

the mode aliasing in empirical mode decomposition (EMD). 

𝑥(𝑡) = ∑ 𝑖𝑚𝑓𝑖(𝑡) + 𝑟𝑛(𝑡)𝑛
𝑖=1                           (1) 

2.2 Improved Wavelet threshold denoising. 

Wavelet threshold de-noising firstly decomposes the signal by wavelet, then processes the wavelet 

coefficients by threshold function, and finally reconstructs the denoised signal. Among them, the 

classical wavelet threshold functions include hard threshold function and soft threshold function. The 

former has breakpoints, while the latter is prone to distortion. Based on the above shortcomings, an 

improved threshold function is proposed. The formula is as follows: 

𝜔𝑗,𝑘
′ = {

𝑠𝑖𝑔𝑛(𝜔𝑗,𝑘)(|𝜔𝑗,𝑘| −
𝜆

√1+ln𝑁𝑗
𝑎∗(|𝜔𝑗,𝑘|−𝜆))       |𝜔𝑗,𝑘| ≥ 𝜆

                              0                                 |𝜔𝑗,𝑘| < 𝜆

           (2) 

In the formula, Nj is the length of wavelet coefficients of the j layer, and the trend of threshold function 

is adjusted by adjusting factor a ∈[0,+∞). When a→0, the whole tends to soft threshold; when a→∞, 

the whole tends to hard threshold; when ωj,k→λ, ω’ j,k→0, which ensures the continuity of ωj,k =λ. 

In this paper, the layered threshold [7] is used to denoise the signal. 

2.3 Signal denoising and feature extraction. 

Firstly, the acoustic vibration signal is decomposed by EEMD to obtain a series of IMF components. 

Then the IMF component of the acoustic signal is denoised by improved wavelet threshold. Finally, 

the high-frequency component is reconstructed to obtain the denoised signal. Then the energy entropy 

[8] is extracted as the feature vector. 

3. Parameter optimization of SVM model 

3.1 SVM fault diagnosis model. 

SVM is a classification model, which can be used for kernel function nonlinear classification. In this 

paper, radial basis function is used, including penalty parameter c and kernel function parameter g 

[9]. The accuracy of SVM classification depends on the parameters c and g to a great extent. In this 

paper, the idea of leapfrog [10] is introduced on the basis of FPA [11] to improve the local search 

ability of the algorithm. Combined with hybrid mutation strategy [12], the algorithm has mutation 

function. The algorithm steps are as follows. 

Step 1: Initialize parameters and positions. The position of individuals is parameters c and g. the 

global optimal individuals are determined by calculating the classification accuracy(fitness). 

Step 2: Within the number of iterations, follow step 4 to iteratively update all individuals. 
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Step 3: Generate a random number rand1 on [0,1]. If rand1 is less than the conversion probability p, 

cross pollination will be carried out and the individual position will be updated according to formula 

(4) and formula (5); otherwise, self pollination will be carried out, that is, the position will be updated 

according to formula (6). 

𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡 + 𝐿(𝑔∗ − 𝑋𝑖
𝑡)                           (4) 

In formula (4), Xt+1 i and Xt i are the solutions of generation t+1 and generation t respectively, g* is 

the global optimal solution, L is the step size, and the formula is as follows: 

𝐿 ~
𝜆𝛤(𝜆) 𝑠𝑖𝑛(𝜋𝜆/2)

𝜋

1

𝑠1+𝜆
, (𝑠 >> 𝑠𝑜 > 0)                  (5) 

In formula (5), λ = 3/2, г(λ) is the standard gamma function and S is the moving step size. 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝜀(𝑥𝑗
𝑡 − 𝑥𝑘

𝑡 )                          (6) 

In formula (6), ε is the constant of uniform distribution on [0,1], and Xt j and Xt k are different pollens 

of the same generation. 

Step 4: After all individuals are updated once, local search is performed. The fitness values of all 

individuals were calculated and arranged in ascending order. According to formula (7), there were n 

individuals in each meme group. Mk is the kth meme group. The fitness value gb and its spatial 

position of the current optimal individual were recorded. 

𝑀𝑘 = {𝑋𝑘+𝑚(𝑡−1)
𝑡 ∈ 𝑃|1 ≤ 𝑙 ≤ 𝑛},1 ≤ 𝑘 ≤ 𝑚                   (7) 

Step 5: Determine the pb and pw of the best and worst individuals in each meme group, update the 

best in the group according to formula (8) and formula (9), and update pw if the fitness value is better 

than the fitness of pw, otherwise, use formula (8) and formula (10) to update the global optimum, if 

the fitness value is better than the fitness of pw, update pw, otherwise, use formula (11) to update 

Cauchy Variation, PW was updated randomly. 

max||||,' ssspwpw +=                             (8) 

𝑠 = 𝑟𝑎𝑛𝑑 ∗ (𝑝𝑏 − 𝑝𝑤)                             (9) 

𝑠 = 𝑟𝑎𝑛𝑑 ∗ (𝑔𝑏 − 𝑝𝑤)                            (10) 

𝑝𝑤′ = 𝑝𝑤 + 𝑝𝑤 ∗ 𝐶𝑎𝑢𝑐ℎ𝑦(0,1)                        (11) 

Step 6: Generate a random number rand2 on [0,1]. If rand2 is less than the variation factor g, Gaussian 

mutation is performed by using equation (12). If the fitness is better than that of pb, update pb, 

otherwise, discard the mutated solution. When all meme groups were updated, all individuals were 

mixed to form a new species group. 

𝑝𝑏′ = 𝑝𝑏 + 𝑝𝑏 ∗ 𝑁(0,1)                           (12) 

Step 7: Recalculate the fitness value of the new species group and determine the current global 

optimal individual gb. If the fitness value of gb is better than that of the previous generation, the 

global optimal information will be updated. 

Step 8: Judge whether the termination condition is satisfied, if so, exit the program, otherwise, 

calculate repeatedly until the optimal solution is found. 

Convergence condition: When the global optimal value remains unchanged after several iterations or 

the total number of iterations is reached, the algorithm is terminated. 

3.2 Test of algorithm performance. 

The performance of the algorithm is tested by Griewank multimodal function of formula (13). 

1

400
∑ 𝑥𝑖

2𝑛
𝑖=1 − ∏ 𝑐𝑜𝑠

𝑥𝑖

√𝑖

𝑛
𝑖=1 + 1                      (13) 

IFPA is compared with PSO, FPA and SFLA, as shown in Fig. 1. Dimension: 20, number of iterations: 

200, IFPA: n=4, m=5, p=0. 8, g=0. 1. PSO: NP=20. FPA: p=0. 8. SFLA: n=4, m=5. 
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Fig. 1 Optimization results of PSO, FPA, SFLA and IFPA algorithms 

 

Compared with PSO and SFLA, IFPA has stronger ability of high-dimensional function optimization. 

Compared with FPA, IFPA can converge to the optimal solution faster. 

4. Experimental analysis 

4.1 Data acquisition and fault diagnosis process. 

In the experiment, Z65 vacuum circuit breaker was used to simulate four states: normal closing, 

pedestal loosening, refusing closing, connecting rod falling off between closing spring and opening 

spring. The four states were simulated for 20 times and 80 groups of data were obtained. The sampling 

frequency is 25.6khz/s, and the diagnosis process is shown in Figure 2. 

 

 

Fig. 2 Fault diagnosis flow chart of circuit breaker 

 

4.2 Data preprocessing and feature extraction. 

Due to the space limitation, this paper analyzes the signal by taking the failure of closing as an 

example, and its waveform is shown in Fig. 3. 

0

1000

2000

3000

4000

0 50 100 150 200
Total iterations

PSO
FPA
SFLA
IFPA

O
pt

im
al

 s
o

lu
ti

o
n 

of
 f

un
ct

io
n

Decompose the acoustic and vibration signals 
of high voltage circuit breakers by EEMD

Select several IMF components

Noise reduction by wavelet 
reconstruction of sound signal

Extract the energy entropy of acoustic 
vibration signal and fuse the features

Training set Test set

Optimize two 
parameters

Get the parameters
 c and g

The best SVM 
model

Output 
classification results



 

 

102 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 4, 2021 

DOI: 10.6919/ICJE.202104_7(4).0015 

 

Fig. 3 Time domain diagram of sound and vibration signals of refuse to close fault  

 

The amplitude of sound signal is large and its noise is obvious, so wavelet threshold denoising is only 

applied to IMF component of sound signal. Firstly, EEMD is used to decompose the acoustic 

vibration signal. Taking the sound signal as an example, it can be decomposed into 8 components and 

1 margin. The decomposition diagram and the spectrum of each component are shown in Figure 4. 

 

 

Fig. 4 EEMD decomposition and spectrum of sound signal 

 

The wider the frequency band, the more noise it contains. The frequency band of the first five IMF 

components is relatively wide, so the first five IMF components are selected for noise reduction. 

Combined with the correlation coefficient, select the component to retain the effective information, 

as shown in Table 1. 

 

Table 1. Correlation coefficient of each IMF component 

 IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 

correlation coefficient 0. 901 0. 380 0. 114 0. 123 0. 100 0. 078 0. 022 0. 003 
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If the correlation coefficient is greater than or equal to 0.1, it means that the component retains the 

effective information of the signal. Therefore, the first five order components are selected for 

reconstruction. Finally, the first five IMF components are reconstructed by combining spectrum and 

correlation coefficient. The reconstructed signal is shown in Figure 5. 

 

 

Fig. 5 Sound signal after noise reduction 

 

In order to verify the denoising effect, the original signal is added to the noise with signal-to-noise 

ratio of 5dB. EEMD and its combined with three threshold functions are used to reduce noise 

respectively. The noise reduction effect is compared, as shown in Table 2. 

 

Table 2. Signal to noise ratio of EEMD and its combination with three wavelet threshold functions 

Evaluation criteria EEMD EEMD + hard EEMD+ Soft EEMD+ Improved 

NSR/dB 5. 0417 7. 8580 7. 9553 8. 5812 

 

The NSR of EEMD combined with wavelet threshold is generally higher than that of single EEMD, 

and the SNR of improved threshold is the highest when EEMD is combined with three threshold 

functions respectively. Therefore, the combination of EEMD and improved wavelet threshold is 

better. Then the energy entropy is extracted and input into SVM for classification 

4.3 Analysis of SVM classification results. 

In this paper, the training model is offline and the signal classification is online, so the time problem 

is not considered. Single vibration and sound signals are input into IFPA-SVM classifier respectively, 

and the classification accuracy is shown in Table 3. Faults 1, 2 and 3 respectively represent that the 

base is loose, refused to close, and the connecting rod of closing spring and opening spring falls off. 

 

Table 3. Classification results of sound and vibration signals 

Category Normal Fault 1 Fault 2 Fault 3 Average 

Sound signal 80% (8/10) 100% (10/10) 90% (9/10) 40% (4/10) 77.5% (31/40) 
Vibration signal 100% (10/10) 20% (2/10) 100% (10/10) 100% (10/10) 80% (32/40) 

 

When IFPA-SVM classifier is used to diagnose single acoustic signal, the accuracy of fault 1 is 100%. 

When single vibration signal is used for diagnosis, the diagnostic accuracy of normal state, fault 2 

and 3 is 100%. Based on this result, the classification accuracy can be improved by using the method 

of combination of sound and vibration. Then, the feature vectors of sound, vibration and acoustic 

vibration fusion are input into PSO-SVM, SFLA-SVM, FPA-SVM and IFPA-SVM respectively for 

comparison. The diagnosis results are shown in Table 4. 

 

Table 4. Recognition accuracy of four classifiers 

Classifier Sound signal Vibration signal Acoustic vibration combined signal 

PSO-SVM 65% 70% 77. 5% 

SFLA-SVM 77. 5% 77. 5% 90% 

FPA-SVM 77. 5% 77. 5% 90% 
IFPA-SVM 77. 5% 80% 95% 
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From the combination of sound and vibration signals, the accuracy of ifpa-svm classifier is higher 

than the other three classifiers, reaching 95%, which shows that IFPA algorithm can jump out of local 

optimum and find global optimal parameters. Compared with the single sound and vibration signal, 

the accuracy of the four classifiers is improved in different degrees. Therefore, the method of the 

combination of sound and vibration can effectively improve the accuracy of classification and 

recognition. 

5. Summary 

In this paper, the preprocessing method of EEMD and improved wavelet threshold is used to improve 

the low reconstruction accuracy of traditional single denoising method. The improved FPA algorithm 

is used to optimize the SVM classifier, which makes the algorithm jump out of the local optimum 

and get the global optimal value, which improves the accuracy of the classification model. Compared 

with the single signal method, the combined acoustic vibration method can reflect the fault state more 

comprehensively and effectively improve the accuracy of fault identification of circuit breaker, which 

has practical value in engineering. 

In this paper, the sample size is small and can be expanded for training. In this paper, acoustic and 

vibration signals are used for feature extraction, and other characteristics such as current and force 

can be added to further describe fault features. 
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