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Abstract: For the difficulty in characterizing the early mechanical faults in the trip mechanism of 9 

circuit breakers, a data mining method based on variational mode decomposition (VMD) and phase 10 

space reconstruction (PSR) method was proposed. First, the vibration signal in the trip stage was 11 

separated from the whole according to the current features. Then it was decomposed by VMD algo- 12 

rithm to obtain the intrinsic mode functions (IMFs), and these sub signals were mapped to high- 13 

dimensional phase space based on PSR algorithm. Then the features of the attractor trail shape and 14 

the recurrence plot matrixes were extracted. In order to judge the fault in trip mechanism, fault 15 

simulation test was carried out and the characteristic under different faults was analyzed. Based on 16 

these samples, a fault identification model is established by support vector machine (SVM), and the 17 

effectiveness is verified by other test samples. The accuracy of SVM model is 98%, which is higher 18 

than that of BPNN and KNN clustering models. This research supplements the existing method for 19 

condition evaluation of the trip mechanism, and can provide reference for circuit breaker fault di- 20 

agnosis. 21 

Keywords: Circuit breakers, vibration signal, variational mode decomposition, phase space recon- 22 

struction, fault identification 23 

 24 

1. Introduction 25 

As an important switchgear equipment in power system, the safe and stable opera- 26 

tion of circuit breaker (CB) is very important. The trip mechanism composed of open/close 27 

coil circuit as well as the latch is the weak point among CB. During 2004-2007, 50% of the 28 

major failures of CBs come from the operating mechanism including the open/close coil 29 

and the latch. And 30% of the major failures occur in electrical control and auxiliary cir- 30 

cuits such as open/close circuits and auxiliary switches [1]. Meanwhile, according to the 31 

statistical data of China Southern Power Grid, failures in trip mechanism are the signifi- 32 

cant cause of misoperation fault in CBs, which contributes 45% of the major failure [2]-[3]. 33 

Therefore, it is of great significance to detect the early faults of trip mechanism so as to 34 

ensure the safe and stable operation of power system. 35 

When the CB receives the open/close signal, the coil circuit in the trip mechanism is 36 

turned on, and the plunger in the coil pushes the latch under the electromagnetic force, 37 

which provide mechanical signals for the subsequent transmission process. The 38 

open/close coil current is one of the direct signals that reflect the state of the trip mecha- 39 

nism, and it is also the one of the main signals used in the fault diagnosis of the CBs at 40 

present. Relevant research about the coil current focuses on the simulation of coil current 41 

[4]-[5] and the features extracted from current waveform for fault diagnosis [6]-[7]. How- 42 

ever, these studies mainly concentrated on the electrical faults of the coil circuit and the 43 

mechanical faults of the jam in the open/close latch. There is little research on the coil- 44 

plunger jam fault that may cause the failure of the trip mechanism. Since the coil-plunger 45 
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jam fault occurs throughout the whole trip process, slight jam could finally lead to failures, 46 

where the coil current has not changed significantly. So, it is difficult to identify this me- 47 

chanical fault only by current features. 48 

Vibration signal is a direct reflection of the mechanical condition of equipment, 49 

which is widely used in the health condition assessment. The vibration signal of the CB 50 

mainly comes from the mechanical wave generated by the plunger hitting the latch in the 51 

trip process, the movement of various components in the transmission process and the 52 

collision of moving contact. The signal contains rich and important mechanical condition 53 

information of CB, which can be used as the basis for fault diagnosis and maintenance [8]- 54 

[9]. Because the vibration signal of CB has complex structural characteristics in both time 55 

domain and frequency domain, it is often necessary to decompose it to simplicity. Com- 56 

mon vibration signal decomposition methods include empirical mode decomposition 57 

(EMD) [10], wavelet transform (WT) [11] and variational mode decomposition (VMD) 58 

[12]-[13]. Among them, VMD processes the signal by solving the variational problem, 59 

avoiding the selection of wavelet bases in WT, and can adaptively decompose the signal 60 

into quasi orthogonal intrinsic mode functions (IMFs) with different characteristics [14]. 61 

In addition, this method avoids the mode mixing problem in EMD, and has better perfor- 62 

mance in analyzing non-stationary signals [15]-[16]. 63 

The vibration signal could be decomposed into sub signals with different modes ac- 64 

cording to VMD method, from which the key features reflecting the condition of CB can 65 

be extracted. Relevant researches use the sample entropy [17], arrangement entropy [18], 66 

marginal spectral energy entropy [19], local singular value [12] to extract features from 67 

the mode components in the vibration signal, and evaluate the mechanical condition of 68 

CB. However, these studies mainly focus on the fault diagnosis of the overall operating 69 

mechanism, and there is less independent analysis and research on the trip mechanism. 70 

Since the vibration in the trip process mainly comes from the movement of the plunger 71 

and the strike on the latch, the energy it contains is far less than the energy of the trans- 72 

mission parts in the transmission process. Also, it is earlier than the time when the contact 73 

starts to move, so the vibration signal at this stage is ignored in most literatures. Due to 74 

the short duration of this process and the small amount of data, how to reconstruct the 75 

signal and extract more information from it is the difficulty of the research. 76 

Therefore, this paper focuses on the trip mechanism especially the open/close coil in 77 

the operating mechanism. Considering the problem that the coil current is difficult to 78 

characterize the coil-plunger jam, the vibration signal during the trip process is introduced 79 

to evaluate the condition of the trip mechanism. In view of the vibration signal with mode 80 

mixing, short duration and insufficient amount of data in the trip process, a vibration sig- 81 

nal feature extraction method based on VMD and phase space reconstruction (PSR) was 82 

proposed in this paper. First, VMD was used to decompose the vibration signal to obtain 83 

the IMFs in different frequency ranges. Then, each IMF was mapped into the high-dimen- 84 

sional phase space based on the phase space reconstruction method, so that features could 85 

be extracted. Based on Pearson correlation coefficient, the dimension of the feature set is 86 

reduced and optimized, and combined with fault simulation test, a fault identification 87 

model is established based on support vector machine (SVM). Compared with the identi- 88 

fication accuracy of back propagation neural network (BPNN) and K-nearest neighbor 89 

(KNN) clustering method, the effectiveness of the method was verified. The research re- 90 

sults enrich the fault diagnosis method of trip mechanism, and can provide reference for 91 

CB’s condition evaluation. 92 

2. Data mining in vibration signal based on VMD-PSR 93 

2.1. Vibration signal during trip process 94 

Taking the open process of VS1-12 circuit breaker as example, the measurement test 95 

was carried out and shown in Figure 1 The CC was measured by the hall current sensor. 96 

And the vibration signal was measured by the acceleration sensor, which was attached to 97 
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the shell of the operating mechanism. Both the CC and the vibration signals were synchro- 98 

nous received through the acquisition card. The sample rate was set to 100kHz. The vi- 99 

bration signal during the whole operating process was collected and compared with the 100 

current signal, which is shown in Figure 2. According to the key points of the current 101 

signal, the vibration signal can be mainly divided into these parts: 102 

(1) 0~t1: The acceleration stage of the plunger. The coil circuit is turned on at 0, and 103 

the electromagnetic force is generated to accelerate the plunger in the coil. At ta, the cur- 104 

rent reaches the peak. During this stage, the vibration signal mainly comes from the fric- 105 

tion between the coil and the plunger, whose amplitude is small. 106 

(2) t1~t2: The trip process. At t1, the coil plunger is hitting the latch. and the reaches 107 

the maximum displacement at t2. At this stage, the latch is released, and the subsequent 108 

transmission parts are triggered. In addition to the continuous movement of the plunger, 109 

the vibration signal mainly comes from the impact of the plunger on the open latch. 110 

(3) t2~t3: Transmission stage. The operating mechanism is unlocked, and the moving 111 

contact starts to move under the function of the open spring. The vibration signal mainly 112 

comes from the collision and movement of various components in the mechanism.  113 

(4) After t3: Braking stage. At t3, the transmission is completed, and the auxiliary 114 

switch is switched, so that the coil circuit is turned off. Strong mechanical waves are gen- 115 

erated by the collision of moving contact in the mechanism. 116 

In conclusion, it can be seen that the vibration signal during t1~t2 is closely related to 117 

the condition of the trip mechanism. The signal includes both the components generated 118 

by the coil-plunger and the impact on the latch. Relevant signals could be separated from 119 

it, and features can be extracted to characterize the condition of the circuit as well as the 120 

jam between the coil and plunger. Therefore, the vibration signal in this time is taken as 121 

the characteristic signal of the trip mechanism. 122 

1
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6

7
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 Acceleration sensor  Open latch  Open coil  Hall current sensor 

 Acquisition card  Laptop  Power supply
 123 

Figure 1. Measurement test of the CC and the vibration signals 124 
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 125 
Figure 2. Measurement results of the signals 126 

2.2. VMD method of the vibration signal 127 

VMD method can decompose a signal x(t) into k discrete modes uk by iteratively 128 

searching the optimal solution in the variational model, and each mode has central fre- 129 

quency k and limited bandwidth. By minimizing the sum of the estimated bandwidth 130 

of each mode, the variational problem is constructed to realize the decomposition of the 131 

signal. In this paper, the VMD method is used to decompose the vibration signal, and the 132 

basic principle is expressed as follows [20]: 133 

The original signal x(t) can be decomposed into: 134 

( ) ( )
=

= 
K

k
k

x t u t
1

 (1) 

where K is the decomposition level. uk(t) is the intrinsic mode function (IMF). The analyt- 135 

ical signal of each mode is calculated by Hilbert transform, so as to obtain the unilateral 136 

spectrum of the IMF  137 

[ ( ) ] ( )
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

−
+  kj t

k

j
t u t e

t
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The bandwidth of each IMF signal can be estimated by the two-norm square of the 138 

first-order reciprocal of the demodulating signal. Then the constrained variational model 139 

could be built 140 

   ,
min [( ( ) ) ( )]


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

−
  
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j
t u t e

t

2

2

 (3) 

Introducing Lagrange multiplier (t) and penalty factors α to solve the variational 141 

model 142 

   ( , , ) [( ( ) ) ( )] ( ) ( ) ( ), ( ) ( )
    



−

= = =

=  +  + − + −  k

K K K
j t

k k t k k k
k k k

j
L u t u t e x t u t t x t u t

t

22

1 1 12 2

 (4) 

Update uk, k,  by alternating iterations to find the optimal solution of the expression. 143 

For the function uk(t), its iterative calculation formula is as follows 144 
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( )
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where n
ku  is the result of the nth iteration of ku ,  (t) is the Dirac delta function, * is the 145 

convolution operator. By transforming the equation into frequency domain according to 146 

Parseval Fourier isometric transformation and Hermitian symmetric matrix under L2 147 

norm, the iterative calculation formula could be expressed as 148 

ˆ( )
ˆ ˆ ˆarg min [ ( ) ( ) ( ) ( ) ]

 
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 (6) 

The solution of the above quadratic optimization problem can be obtained by seeking the 149 

partial derivative, and the iterative formula +n
ku 1  can be calculated by 150 

ˆ( )
ˆ ˆ( ) ( )
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(7) 

Also, it can be transformed into the problem of finding the minimum value to get  +n
k

1  151 

arg min [( ( ) ) ( )]
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Then by transforming to frequency domain and seeking partial derivative, the iterative 152 

calculation formula for  +n
k

1  is 153 

ˆ ( )

ˆ ( )

  

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 (9) 

For 1n + , its iterative formula could be obtained by the gradient descent method 154 

ˆ ˆ ˆ ˆ[ ( ) ( )]    +

=

= + − 
K

n n
k k i

i

x u1
0

1

 (10) 

where 0 is the Lagrangian multiplier. Since there will be noise included in the measured 155 

vibration signal, the Lagrangian multiplier is set to 0.The termination condition of itera- 156 

tive update is 157 

ˆ ˆ ˆ( ) +

=
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k

n n n
k k k

k

u u u
2 21

02 2
1

 (11) 

During the process of VMD, the decomposition level K needs to be defined in ad- 158 

vance. A small value of K will lead to the failure of mode identification, while a large value 159 

of K will lead to mode mixing. In this paper, the optimal parameter of K is determined by 160 

the similarity of the central frequency of each IMF. The default value of K is 2. If the central 161 

frequencies of adjacent IMFs are not similar, that is, / .  − k k 1 1 2 , then K=K+1. If 162 

/ .  − k k 1 1 2 , it is judged that there is over decomposition, and the final decomposition 163 

level is set to K-1. The VMD process in this paper are shown in Figure 3. 164 
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Figure 3. Process of VMD 166 

Taking the vibration signal at t1~t2 in Figure 2 as an example, the optimal decompo- 167 

sition level is 7, and penalty factors α is 1000. The time-frequency domain results of the 168 

corresponding IMF1~IMF7 by VMD method are shown in Figure 4. It can be seen that the 169 

frequency distribution of IMF1 is among 0~5kHz, which is a relatively stable and gradu- 170 

ally increasing periodic signal in the time domain, corresponding to the vibration of the 171 

operating mechanism. The frequency distribution of IMF2~IMF6 is among 5kHz~25kHz, 172 

which are shown as attenuated impact signals in the time domain, corresponding to the 173 

vibration of the open latch and related components. Besides, the vibration signal also has 174 

a high-frequency component IMF7 with 44kHz central frequency, which shows a contin- 175 

uous vibration with low amplitude in the time domain, corresponding to the vibration of 176 

the open coil. 177 

 178 

(a) Raw signal 179 

Pływające pole tekstowe
without k ????

Wiersz

Wiersz

Wiersz

Wiersz

Pływające pole tekstowe
space



Electronics 2022, 11, x FOR PEER REVIEW 7 of 18 
 

 

IMF1

IMF2

IMF3

IMF4

IMF5

IMF6

IMF7
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 180 

(b) Time frequency domain results of IMFs 181 

Figure 4. VMD results of the vibration signal  182 

2.3. PSR method of the sub signals 183 

Since the CB is a complex nonlinear system, the vibration signal generated in the trip 184 

process contains the evolution information of the CB’s dynamic system. Based on VMD 185 

algorithm, the mode components in the trip mechanism can be separated and extracted, 186 

but the condition information is still hidden in the IMFs, which needs further mining. PSR 187 

has a good effect in dealing with chaotic time series. By extending one-dimensional time 188 

series and mapping it to high-dimensional phase space, more information can be extracted 189 

from it. In this paper, the PSR method is used for data mining in the IMFs of the vibration 190 

signal. For the vibration signal time series x={x(i), i=1, 2,…,N}, By introducing the time 191 

interval  to delay the sequence, an m-dimensional phase space vector can be recon- 192 

structed: 193 

 

( ) ( ) [ ( ) ]

( ) ( ) [ ( ) ]

( ( ) ) ( ( ) ) ( )

( ), ( ), ( ( ) )


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+ + − −
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 
 

+ − + − 

= − −

x x x N m

x x x N m

x m x m x N

N m

X

X X X

1 2 1

1 2 2

1 1 2 1

1 2 1

 (12) 

Each column represents a phase point in the m-dimensional phase space. Thus, the 194 

connecting line between [N-(m-1)] phase points constitutes the trail of the system in phase 195 

space, which is called the chaotic attractor.  196 

The delay time  and embedding dimension m determine the effectiveness of phase 197 

space reconstruction. Considering that different IMFs are corresponding to different cen- 198 

tral frequencies, the delay time of each IMF in this paper is determined through the center 199 

frequency. 200 




=k

k

1

6
 (13) 

The false nearest neighbour method is used to determine the optimal embedding di- 201 

mension [21]. When the embedding dimension is low, the phase space is mixed, and some 202 
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phase points with different labels would be clustered, resulting in the false nearest neigh- 203 

bour points. When the dimension increases, these points will separate gradually. While 204 

the embedding dimension is d and d+1, the distance between the vector X(i) and its nearest 205 

neighbour is 206 

 ( ) min ( ) ( ) ,

( ) ( ) ( ) ( ) ( ) ( ) + + +

= − 

= − = + + − +

d d d

d d d d

D i X i X j j i

D i X i X j D i x i d x j d
22

1 1 1

 (14) 

If [Dd+1(i)- Dd(i)]/Dd(i)≥10, the corresponding point are the false nearest neighbour 207 

point. The minimum embedding dimension m when these points disappear is the optimal 208 

value. 209 

According to the above method, the PSR results of the IMFs in Figure 4 are calculated, 210 

and the best embedding dimension of these signals is 4, Taking the first two dimensions 211 

in the phase space as example, the results are shown in Figure 5. For IMF1, the attractor 212 

trail shrinks to the origin and is irregular. The trails of IMF2~IMF6 are nearly spherical. 213 

For periodic vibration signal such as IMF7, it behaves as an alternating motion around the 214 

origin in phase space. 215 

IMF1 IMF2 IMF3 IMF4

IMF5 IMF6 IMF7

 216 
Figure 5. PSR results of the IMFs 217 

2.4. Feature extraction from the vibration signal 218 

Features about the shape of the attractor trail can be extracted from the phase space 219 

[22], which could characterize the vibration signal and is related to the fault condition of 220 

the trip mechanism. In this paper, the features such as the trail change speed and the ratio 221 

of major–minor axis are extracted, which are shown in Table 1. 222 

In addition, nonlinear time series generated by the dynamic system can be trans- 223 

formed into a two-dimensional plan to describe the internal change law of the dynamic 224 

system through the recurrence quantification analysis (RQA) method [23]. For the PSR 225 

signal X in equation (12), the distances between each point in the phase space can be cal- 226 

culated so as to build the recurrence plot (RP) image, and the recurrence matrix is con- 227 

structed by introducing the threshold: 228 

, sgn( ( ) ( ) )= − −i jR i jX X  (15) 

where sgn is the step function.  is the threshold, which is equal to 50% of the signal vari- 229 

ance in this paper. ( ) ( )−i jX X  is the Euclidean distance between X(i) and X(j) in phase 230 

space. When ( ) ( )  −i jX X , Ri,j=1, and the point in matrix is the recursive point. Taking 231 
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the signals in Figure 5 as examples, the RP images of these IMFs are converted into RGB 232 

images in Figure 6, and then the recurrence matrix can be calculated from the RP images. 233 

Table 1. Features from the shape of the attractor trail, where m0 and n0 are the major and minor axis 234 
of the minimum enclosing rectangle of the attractor respectively, and S is the coverage area. 235 

Feature Description 

rmax 

Center distance of the attractor, which represents the radius of the 

minimum circumscribed sphere of the attractor. 

max= ir X  

vmax 

Maximum change speed, which represents the maximum distance 

between state points in phase space. 

max max += −i iv X X1  

va 

Average change speed, which represents the average distance between 

state points in phase space. 
( )

( )[ ]




− − −

+

=

= −− −−
N

a i
i

m

iv X NX m
1

1
1

1

11  

rv 

Speed ratio, which represents the ratio of the maximum speed to the 

average speed. 

max /=v ar v v  

rl 

Ratio of major–minor axis, which represents the ratio of the major axis to 

the minor axis of the minimum enclosing rectangle of the attractor. 

/=r m nl 0 0  

rs 

Trail compactness, which represents the ratio of the attractor coverage 

area to the minimum enclosing rectangle area. 

/ ( )=r S m ns 0 0  

 236 

 237 

Figure 6. Recurrence plot images of the IMFs 238 

The recurrence plot matrix shows the hidden information in the signal in the form of 239 

two-dimensional image, in which the diagonal structure represents the single frequency 240 

periodic motion, and the vertical white area reflects the characteristics of the impact com- 241 

ponents. Quantitative features extracted from the matrix could characterize the vibration 242 

signal [24]-[27]. In this paper, these features are as shown in Table 2. 243 
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Table 2. Features from the shape of the recurrence plot matrixes, where N0 is the length of PSR signal, 244 

( )= − −N N m0 1 . P(l) is the number of diagonals with length l, and lmin=2. P(v) is the number of 245 

verticals with length v, and vmin=2. p(l) is the probability that the diagonal length is l, 246 

min

( ) ( ) / ( )


=  l l
p l P l P l  247 

Feature Description 

rr 

Recurrence rate, which represents the proportion of recursive points in 

the matrix. 

,

( , )
=


N

i j

r R i j
N

0

r 2
10

1
=  

rdet 

Determinism, which represents the proportion of the recursive points 

constituting the diagonal structure (excluding the main diagonal) in the 

matrix. 

min

det

,

( ) ( , )
= =
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N N

l l i j

r lP l R i j
0 0

1

=  

ld 

Average length of diagonal lines. 

min min

( ) ( )
= =

 
N N

l l l l

l lP l P l
0 0

d =  

sent 

Shannon entropy of the diagonals 

 
min

( ) ln ( )
N

l l

s p l p l
0

ent
=

=-  

rlam 

Laminarity, which represents the proportion of the vertical structure in 

the matrix. 

min ,

( ) ( , )
= =

 
N N

v v i j

r vP v R i j
0 0

lam
1

=  

ltt 

Trapping time, which represents the average length of the verticals. 

min min
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To sum up, for each IMF of the vibration signal, 12 features about the shape of the 248 

attractor trail and the recurrence plot matrixes are extracted. The dimension of the whole 249 

feature set is 84. Take the signal in Figure 4(a) as example, the whole 84 features extracted 250 

based on VMD-PSR are shown in Table 3. 251 

Table 3. Feature extraction results of vibration signal during trip process 252 

Features 
IMF 

1 2 3 4 5 6 7 

rmax 25.366 39.994 34.145 39.325 14.374 27.554 1.465 

vmax 1.924 6.742 8.570 15.018 8.342 20.088 1.889 

va 0.792 1.551 3.706 3.407 2.259 5.070 0.506 

rv 2.430 4.347 2.313 4.408 3.693 3.962 3.736 

rl 1.391 1.480 1.179 1.116 1.702 1.091 5.178 

rs 0.797 0.791 0.782 0.778 0.788 0.808 0.754 

rr 0.026 0.044 0.030 0.106 0.079 0.065 0.051 

rdet 0.998 0.993 0.989 0.975 0.933 0.967 0.964 

ld 21.978 10.929 13.215 14.047 12.927 13.090 6.316 

sent 3.383 3.001 3.127 3.170 3.096 3.246 2.430 

rlam 0.996 0.975 0.773 0.926 0.794 0.308 0.009 

ltt 7.689 4.805 4.633 5.764 3.403 2.959 2.125 
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3. Fault simulation test of trip mechanism 253 

The faults of the trip mechanism mainly include the coil-plunger jam, the open latch 254 

jam and poor contact. Herein, the simulation test is carried out considering the following 255 

faults: 256 

Fault1: jam between the coil and the plunger. By winding tape around the armature 257 

of the plunger, the radius of the core can be increased equivalently, so the resist force will 258 

be increased to simulate the jam fault. 259 

Fault2: poor contact fault in the coil circuit. A 60 Ω resistance is connected in series 260 

with the coil circuit to simulate the fault. 261 

Fault3: jam in the open latch. The obstacle is set to increase the moving resist force of 262 

the open latch, so as to simulate the jam fault. 263 

Considering the dispersion of power supply voltage, the tests under the normal and 264 

fault1~fault3 conditions were carried out with the power supply voltage of 200, 210, 220 265 

and 242V respectively. Under each power supply voltage, the tests were repeated 10 times. 266 

Herein, the vibration signals during the trip process were collected. Thus, 40 samples in 267 

normal state and each fault state are obtained, and the total number is 160. 268 

The vibration signals under each fault is decomposed by VMD method, and the cor- 269 

responding IMF1~IMF7 are obtained, which are shown in Figure 7. The results show that 270 

when different faults occur, the IMFs changes in different types. For the coil -plunger jam 271 

fault, due to the increase of the resist force, the vibration signal generated by the coil is 272 

enhanced, so the amplitude and energy of IMF7 increases. For the poor contact fault, as 273 

the circuit resistance increases, the coil current as well as the acceleration of the plunger 274 

decreases, which lead to the decrease of the plunger speed and the low hit strength on the 275 

latch. Therefore, the amplitude and energy of each IMF such as IMF4 are reduced. When 276 

there is jam fault in the open latch, the speed of the plunger decreases rapidly, and the hit 277 

on the latch is more intense, so the energy of IMFs in the low-frequency range increase. In 278 

addition, since the speed of the plunger is greatly reduced, the vibration generated on the 279 

coil is also greatly reduced, which lead to greatly reduced amplitude of IMF7 as a result. 280 

To sum up, it can be seen that the changes of IMF under different faults show different 281 

characteristics, and fault identification can be realized by extracting features from these 282 

IMFs. 283 
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 284 
(a) Fault1 (coil-plunger jam) 285 
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(b) Fault2 (poor contact) 287 
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 288 
(c) Fault3 (jam in the open latch) 289 
Figure 7. IMFs of the vibration signals under different faults 290 

4. Fault identification model of trip mechanism 291 

4.1. Feature extraction and selection 292 

The VMD-PSR method proposed in this paper is used to extract features from 160 293 

samples obtained from fault simulation test. Considering that there may be redundancy 294 

in the extracted 84-dimensional features, the feature set is optimized by correlation anal- 295 

ysis. Pearson correlation coefficient is used to calculate the correlation degree between 296 

feature and fault. For a certain type of feature, the correlation coefficient with a certain 297 

fault is calculated as follows: 298 

( )( )

( ) ( )

− −
=

− −





i i

i i

x x y y
r

x x y y
cor

2 2
 (16) 

where xi represents the feature value of the ith sample and x  represents the mean value 299 

of the feature. yi represents the output value of the ith sample. For binary classification 300 

problems, yi is 0 or 1, and y  is the mean value of the output. For the three faults involved 301 
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in this paper, the binary sample sets of the fault sample and the normal sample are estab- 302 

lished respectively, so as to calculate the correlation coefficient of each feature about the 303 

fault. Extract the three-dimensional features with the highest correlation coefficient (lam 304 

of IMF5, rmax of IMF7 and va of IMF1), and the distribution of different fault samples in the 305 

feature space are shown in Figure 8. 306 

From the distribution of samples, it can be seen that samples of different faults have 307 

different distribution areas in the feature space. Normal samples are located in the middle 308 

of the feature space. When different faults occur in the trip mechanism, the features will 309 

change in different directions. Selecting features with high correlation coefficient can ef- 310 

fectively distinguish the fault samples. When the correlation coefficient rcor>0.4, it can be 311 

considered that the feature is related to the fault. Therefore, the features with correlation 312 

coefficient greater than 0.4 is selected as the feature set, with a total of 18 dimensions, 313 

which is shown in Table 4. IMF5 and IMF7 have the largest number of features related to 314 

the faults, which are the key signals to characterize the condition of the trip mechanism. 315 

 316 

Figure 8. Distribution of samples in the feature space 317 

Table 4. Feature selection results 318 

IMF component Corresponding features Number 

IMF1 va1，rl1 2 

IMF2 va2，rs2 2 

IMF3 ltt3 1 

IMF4 vmax4，va4，sent4 3 

IMF5 rl5，rr5，rlam5，ltt5 4 

IMF6 va6，rv6 2 

IMF7 rmax7，vmax7，rv7，ld7 4 

4.2. Fault identification process 319 

According to the results of feature selection, the data set is built, and the fault identi- 320 

fication research is carried out. Take 20 samples from normal and each fault data respec- 321 

tively. Taking these 80 samples as the training sample set, the fault identification model 322 

of the trip mechanism is built. Then the rest are used as test samples to verify the accuracy 323 

of the model. SVM could find the optimal classification hyperplane through the support 324 

vectors, so as to construct a mathematical model to solve the binary classification problem 325 

[28], which can be used to solve the small sample problem in this research. By introducing 326 

penalty coefficient and kernel function, SVM can transform nonlinear problem into linear 327 

separable problem, and limit the interference of noise samples. Radial basis function (RBF) 328 

has good generalization ability and is taken as the kernel function in SVM. 329 
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where is the  kernel function parameter, x and x’ are the input samples. Before the train- 330 

ing of the SVM model, each feature is normalized to eliminate the influence of different 331 

orders of magnitude, and speed up the training and convergence of the prediction model. 332 

The normalization method is as follows 333 

min

max min

'
−

=
−

i
i

x x
x

x x
 (18) 

where 'ix  is the normalized value of the ith sample xi in the sample set. xmax and xmin are 334 

the maximum and minimum value of the feature respectively. 335 

The penalty coefficient C and the kernel function parameter   jointly determine the 336 

performance of SVM. In this paper, the grid search (GS) algorithm and cross validation 337 

(CV) method are used to find the optimal parameters (C, ) [29]. The search ranges of C 338 

and   are divided into equidistant grids by a certain step size, and all of data points in 339 

the grid are traversed to calculate the classification accuracy under three-fold cross vali- 340 

dation. Then (C, ) with the highest classification accuracy are taken as the optimal pa- 341 

rameters in the subsequent SVM model. The whole fault identification process is shown 342 

in Figure 9. 343 
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Figure 9.  The fault identification process based on VMD-PSR and SVM 345 

 346 
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4.3. Result and discussion 347 

The optimization ranges of penalty coefficient C and kernel function parameter γ are 348 

[23, 29] and [2-2, 2-8] respectively, and the search step is set to 20.1. The optimization results 349 

are shown in Figure 10, and the optimal parameters C=8, g=0.0625. The SVM model is 350 

trained according to the optimal parameters and training set. The conditions of the test 351 

samples are predicted. In order to verify the effectiveness of the SVM model, BPNN (the 352 

number of hidden layers is 2, and the number of neurons is 10 and 4) and KNN (the value 353 

of K is set to 3) clustering algorithms are used to build identification models to predict the 354 

test samples respectively. The results of these models are shown in Figure 11. The category 355 

0 is corresponding to normal condition and category 1~3 is corresponding to fault1~fault3. 356 

 357 

Figure 10. Parameter optimization results 358 

   

(a) SVM (b) BPNN (c) KNN clustering 

Figure 11. Fault identification results of different model 359 
Obviously, there are 78 samples correctly identified in the SVM model, and the accu- 360 

racy is 97.5%. Compared with other models, the accuracy of BPNN and KNN clustering 361 

models are 93.8% and 91.2% respectively, which verify the effectiveness of the SVM model. 362 

In order to further compare the effects of the three identification models, the accuracy 363 

under each fault is evaluated by F1 score, which considers both the precision and recall of 364 

the classification model. For a certain state (normal or a certain fault), the samples in this 365 

state are regarded as positive samples, while other are negative samples. The F1-score 366 

under this state is calculated by 367 


=

+
F

R R
R

R R

pre rec

1

pre rec

2
 (19) 

where Rpre and Rrec are the precision and recall respectively, which can be calculated as 368 

follows 369 
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where nTP is the number of positive samples with correct identification, nFP is the number 370 

of negative samples predicted to be positive, nFN is the number of positive samples with 371 

negative results. F1 scores of these three identification models for samples under different 372 

states are as shown in Table 5. 373 

Table 5. Identification effect comparison of different models 374 

Category 
Identification model 

GS-SVM BPNN KNN clustering 

0 95% 89% 87% 

1 97% 93% 92% 

2 100% 95% 93% 

3 97% 97% 93% 

Average accuracy 98% 94% 91% 

According to the evaluation results of F1 score, the average accuracy of these three 375 

models is more than 90%, which verifies the effectiveness of feature extraction method 376 

proposed in this paper. Based on features from VMD-PSR method, the condition of the 377 

trip mechanism can be effectively characterized, so as to realize the fault identification. 378 

Comparing the F1 scores of normal sample set and various faults, it is shown that the F1 379 

score of normal sample set is lower than that of other faults. This is because in the feature 380 

space, normal samples are located in the middle of other fault samples, which has a higher 381 

probability of confusion with other fault samples. When samples are classified by hyper- 382 

plane, normal samples will be surrounded by more hyperplanes, so more samples will be 383 

located near the normal-fault hyperplane, resulting in misclassification. In addition, the 384 

F1 scores of GS-SVM model for normal state and various faults are all more than 95%, 385 

which is higher than the scores of other two models. It is proved that the method is suita- 386 

ble for the small sample learning in this paper. 387 

5. Conclusions 388 

Aiming at the early faults in the trip mechanism of CB, this paper proposes a feature 389 

extraction method from vibration signal based on VMD-PSR algorithm. Based on the fault 390 

simulation test and SVM algorithm, the fault identification model is established, and the 391 

effect of the model is verified. The following conclusions are obtained: 392 

The vibration signal in the trip stage can be decomposed by VMD method to obtain 393 

IMF components with different central frequencies. When the trip mechanism has differ- 394 

ent faults, the IMFs will change differently, which can be used as the basis for fault iden- 395 

tification. Through the PSR method to mine the information of each IMF component, fea- 396 

tures of the attractor trail shape and the recurrence plot matrixes can be further extracted. 397 

Different fault samples are distributed in different regions in the feature space, which can 398 

be effectively distinguished by features with high correlation coefficient. Using SVM al- 399 

gorithm to build the fault identification model, the average identification accuracy is 98%, 400 

while the accuracy is also more than 95% for each fault. The method proposed in this 401 

paper can effectively identify the faults in the trip mechanism, such as the coil-plunger 402 

jam, poor contact and the open latch jam. It solves the difficulty in identifying early me- 403 

chanical faults such as coil-plunger jam through the coil current. The research provides a 404 

new method for the fault identification of trip mechanism, especially the open/close coils, 405 

which can provide reference for the condition evaluation of CBs. 406 
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