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ABSTRACT The reliable storage of spring potential energy is a prerequisite for ensuring the correct
closing and opening operations of a circuit breaker. A fault identification method for circuit breaker energy
storage mechanism, combined with the current–vibration signal entropy weight characteristic and grey wolf
optimization-support vector machine (GWO-SVM), is proposed by analyzing the energy conversion and
transmission relationship between control loop, motor, transmission component, and spring. First, the current
envelope is denoised in the modulus maxima wavelet domain, the time-domain feature is extracted via
a Hilbert transform (HT), and the kurtosis is calculated. Second, the energy method is used to select K
parameters, the objective function optimization method is used to select α for variational mode decom-
position (VMD), the intrinsic mode function (IMF) is obtained by decomposing the vibration signal with
VMD and the permutation entropy characteristics of IMFs are extracted. Third, the characteristic of current
and vibration signals for classification are edited by the entropy weight method, and the corresponding
weights are provided in accordancewith the sample information amount and importance. Finally, the current–
vibration entropy weight characteristics are constructed and sent to the SVMmodel for learning and training.
The GWO algorithm is used to optimize the parameters of the SVM model based on the mixed kernel
function, which reduces adverse effects from the model parameters’ choice of circuit breaker fault diagnosis.
The results show that the overall diagnostic accuracy for the experimental samples reaches 100% and has
good generalization capability based on the current–vibration entropy weight characteristic and the GWO-
SVM method.

INDEX TERMS Current-vibration, entropy weight characteristic, grey wolf optimization–support vector
machine (GWO–SVM), variational mode decomposition (VMD).

I. INTRODUCTION
The spring operating mechanism of the circuit breaker needs
to sequentially control the energy storage motor, the gear
transmission device, the spring energy storage medium,
the stop plate and the limit switch before the opening and
closing operation to realize the conversion, transmission and
storage of the grid power to the spring mechanical energy.
At present, the research on circuit breaker fault diagnosis
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mainly focuses on the process of opening and closing: using
the control coil current, insulation rod displacement, vibra-
tion and sound signal to identify mechanical faults [1]–[3].
Many previous studies focus on solving problems in the
operation of circuit breaker itself. However, the research on
the failure of energy storage process is not deep enough, and
there is no basis for quantitative evaluation of electric energy
to mechanical energy conversion, transmission and storage
process. Defects in any part of the energy storage will have
an impact on the opening and closing operation of the circuit
breaker. How to find the type of energy storage failure and
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the occurrence, development and change laws are worthy of
further study.

The vibration signal is an important means to analyze the
mechanical failure of the circuit breaker during operation,
and it has important reference value for the fault diagno-
sis of the circuit breaker [4]. The main methods of vibra-
tion signal analysis include Dynamic Time Warping (DTW),
Wavelet Transform (WT), Empirical Mode Decomposi-
tion (EMD)and Local Mean Decomposition(LMD) [5]–[8],
but DTW is prone to distorting, the WT has energy leak-
age and the two cannot decompose the signal adaptively,
and the EMD adaptive decomposition process is prone to
generating end effect, modal aliasing, and envelope prob-
lems. LMD optimizes the problems of over-envelope and
under-envelope of EMD. However, both LMD and EMD
are recursive decomposition methods in essence, which can
not fundamentally eliminate the endpoint effect and modal
aliasing. Variational Mode Decomposition (VMD) is a new
non-recursive mode decomposition method, which can effec-
tively avoid the mode aliasing problem and has strong
adaptability. It has a strong pertinence to the non-stationary
vibration signals in the energy storage process of circuit
breakers [9], [10].

The stator current signal is often used to diagnose the faults
of the motor itself and its driving equipment. The working
state of the mechanism is reflected by extracting the current
signal characteristics [11]–[13]. The motor current signal in
the energy storage process is accompanied by the vibration
signal at the same time. So it can be considered to fuse the two
signals together for circuit breaker diagnosis. Some scholars
have studied the current-vibration signal and achieved good
results [14].

The energy storage defects of circuit breakers can be diag-
nosed according to the characteristic changes of current enve-
lope and vibration signals spectrum. How to quantitatively
compare the characteristic differences of current-vibration
signals is a key problem to be solved. The entropy weight
method can measure the information dispersion degree in
an indicator. It has been used to determine the weight of
the fuzzy evaluation index that characterizes the insulator’s
pollution state and has achieved good diagnostic results [15].
The current and vibration signals in the energy storage pro-
cess are fluctuating, and complex energy transfer makes the
signal characteristics non-stationary. The introduction of the
entropy weight method for the decision of feature vectors
weight can avoid the error caused by subjective factors.

In view of the complex energy storage mechanism and
energy storage control process of circuit breaker, power fluc-
tuation, transmission mechanism jam, energy storage spring
falling off and limit switch failures often occur, which lead
to the failure of circuit breaker to complete the opening and
closing operation normally. Therefore, data samples under
the above circumstances are collected for research. SVM
is used to classify and GWO is introduced to optimize the
parameters, then verifies the accuracy and generalization of
the model.

FIGURE 1. Energy storage mechanism monitoring diagram.

II. CIRCUIT BREAKER ENERGY STORAGE PROCESS AND
FAULT DIAGNOSIS PROCESS
A. ENERGY STORAGE PROCESS AND SIGNAL
MONITORING
The energy storage process of the circuit breaker of the spring
operating mechanism: the power output is controlled after the
power circuit is closed, and the electromagnetic torque gen-
erated by the energy storage motor acts on the transmission
gearbox, and the energy storage spring is pulled up by the
gear which changes themagnitude and direction of the torque,
and the energy of switching on and off is stored. After the
spring completes the energy storage, the limit switch operates
and the control circuit cuts off the power supply. The motor
voltage and torque equations for the circuit breaker energy
storage process can be expressed as [16]:

u = Ri+ L
di
dt
+ Cw (1)

Ci = J
dw
dt
+ TL + βw (2)

where: u is the armature voltage, R is the armature resistance,
i is the stator winding current, L is the armature inductance,w
is the rotor angular velocity, C is the motor constant, J is the
moment of inertia, TL is the load torque, β is the rotational
resistance coefficient.

It can be seen from equations (1) and (2) that the motor
current signal is related to its own parameters and load torque.
In the energy storage process, the mechanical components
start, move and stop in strict accordance with a certain
sequence, in electrical energy, mechanical energy, and spring
energy storage, reflecting state changes.

When the energy storage control electrical circuit, mechan-
ical motion and spring state change, the electrical topology
and load torque are reflected in the motor current waveform
directly or indirectly, and at the same time, a series of vibra-
tion signals superimposed by shock wave are generated along
with the mechanism. These signal changes are closely related
to the power supply, motor, transmission components, and
spring compression process. Therefore, acquiring the current
signals of energy storage motor and the vibration signals
of energy storage mechanism can reflect its operation state.
Fig.1 is the state signal acquisition schematic diagram of the
circuit breaker energy storage mechanism.

The circuit breaker model used in the experiment is
ZN65-12, rated voltage is 12 kV, energy storage motor model
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FIGURE 2. Current-vibration joint signal time-domain waveform.

is HDZ-22060B, rated voltage is 220 V, energy storage time
under rated voltage is less than 10 seconds, DC resistance
of opening and closing coil is 247�. Fig. 2 shows the motor
current signal and vibration signal during normal energy stor-
age state, power supply fluctuation (taking the high voltage
as an example), mechanism jam and spring shedding state.
It can be seen from the motor current signal of Fig. 2(a)
that the normal energy storage time is about 2.5s. Compared
with this: when the voltage is 120% of the rated voltage,
the energy storage time is reduced, but the current ampli-
tude is increased; the energy storage time of the mechanism
jam and the spring shedding is obviously increased, and the
energy storage time of the mechanism jam is the longest; The
spring shedding causes the load torque to be reduced and
the current amplitude is minimized. The vibration waveform
of Fig. 2(b) shows a strong impact shock wave, and the
normal energy storage is about 2.3s. Compared with this:
when the voltage is too high that the vibration is drastic,
the shock wave will appear in advance; the mechanism jam
has the longest vibration duration and the vibration amplitude
of spring shedding is the smallest and the shock wave is
delayed.

In summary, the time domain current amplitude and its
corresponding time characteristics are different under dif-
ferent working conditions, so that current envelope charac-
teristics can reflect the change of energy storage state; the
vibration signal waveform in time domain is more complex,
so the feature vectors can be calculated from the frequency
domain.

FIGURE 3. Flow chart of energy storage mechanism diagnosis.

B. FAULT DIAGNOSIS PROCEDURE FOR ENERGY STORAGE
MECHANISM OF CIRCUIT BREAKER
The diagnosis process for the failure of the energy stor-
age mechanism of the circuit breaker is proposed. Enve-
lope de-noising in modulus maxima wavelet domain and
HT are combined to obtain the time-domain characteristics
of current signals. Energy method and objective function
optimization method is used to get optimized parameters
of VMD. Then extracting the frequency-domain character-
istics of IMF components via VMD. The entropy weight
method is used to combine the time-frequency characteristics
of current-vibration signals. Then GWO-SVM is used to
identify the operation state of energy storage mechanism,
as shown in Fig. 3.

III. CURRENT-VIBRATION ENTROPY WEIGHT
CHARACTERISTIC EXTRACTION
A. CURRENT SIGNAL FEATURE EXTRACTION
IN TIME DOMAIN
In the process of energy storage, with the stretching of energy
storage spring and the increase of load, there are many peaks
of current signal in the process of motor running smoothly,
and it is easy to be disturbed by white noise, which makes the
envelope contour information extracted by HT demodulation
very rough [17]. In order to extract the characteristics of
current signal better, it is necessary to denoise the signal
waveform envelope.

1) ENVELOPE DENOISING BASED ON MODULUS MAXIMUM
WAVELET DOMAIN
Envelopes are processed by discrete wavelet transform, and
get the wavelet coefficients set S(j, Xn)(j = 1, · · ·,J). Then,
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FIGURE 4. current envelope before and after denoising.

the wavelet coefficients of each scale in S(j, Xn) are assigned
to the maximum array MS(j, Xn), and the modulus maximum
points of each scale in the array MS(j, Xn) are obtained
by using Adhoc algorithm. The maximum point is reserved
and the non-maximum point is set to zero. For two adjacent
modulus extreme points Xk and Xl on two small scales, if the
symbols are identical and the positions are close, Xl is con-
sidered as the breeding point of Xk , and the modulus extreme
points of signals can be estimated from the breeding points.
Assuming Xh as the extreme point of scale M, the method of
determining the reproductive point of Xh in scale M-1 is as
follows:
(1) Assuming that the extreme points before and after

Xh are Xk and Xl respectively, and the corresponding
reproductive point of Xk is X ′k , then the reproductive
point of Xh is found on T = (max(Xk , X ′k ),Xl).

(2) Points (I1, I2, ···, In) on Twith the same symbol as Xh,if
Ik satisfied |Ik − Xh| ≤ |Ii − Xh| /2, (i = 1, 2, · · ·, n;
i 6= k), it is the breeding site of Xh.

(3) If no such point exists, the point with the largest ampli-
tude in the same sign point is the breeding point of Xh.

(4) If the amplitude is greater than w · Xh (w is constant,
usually between 0.85 and 1.15), then X ′k and Xh will be
the extreme points of noise and be removed, otherwise
they will be retained.

According to the modulus maximum point in MS(j, Xn),
the maximum point in the set of wavelet coefficients S(j,
Xn) is determined. According to the definition of modulus
maximum wavelet domain [18], the wavelet coefficients of
the envelope are obtained, the wavelet coefficients of the
noise are removed, and the purified envelope is obtained by
the inverse transformation.

For the current envelope under energy storage mecha-
nism jamming fault, before and after denoising, it is shown
in Fig. 4.

FIGURE 5. Energy storage mechanism stuck current envelope.

TABLE 1. Partial motor current characteristic.

Because of the interference of random noise, the extracted
envelope contour is rough. As can be seen from the fig-
ure above, the denoising effect is obviously improved by
using the modulus maximumwavelet domain denoising algo-
rithm, and the clear and smooth signal envelope is obtained.

2) CURRENT CHARACTERISTICS EXTRACTION BY HT
The starting current, smooth running maximum current with
the load and the cut-off current are key features that reflect
the motor operating state.

As a dimensionless parameter, kurtosis is particularly sen-
sitive to shock signals. It can be used to describe the peak
degree of the current signal envelope that is activated or cut
off, calculated as follows:

K =
E(x − µ)2

σ 4 (3)

In the formula, E(x) is the expected value of the current
signal x, µ is the envelope mean and σ is the standard
deviation.

Fig.5 is the current envelope of energy storage mechanism
jam fault. It can be seen that the motor starting current Ist is
6.163A and the starting time Tst is 0.099s; the smooth running
maximum current Ism is 5.011A and the corresponding time
Tsm is 2.174s; The total energy storage time Ttal is 4.441s,
and the current envelope kurtosis value K is 7.935.

Partial current signals characteristics of energy stor-
age motors under different operating conditions are shown
in Table 1.
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B. VIBRATION SIGNAL FEATURE EXTRACTION IN
FREQUENCY DOMAIN
In different operating states of the circuit breaker energy
storage mechanism, the time, amplitude and energy of the
vibration shock wave will be different, which directly affects
the frequency domain distribution of the signal.

1) VMD DECOMPOSITION PRINCIPLE
For signals of length N, x(t)= {x1, x2, . . . , xN}, whose VMD
decomposition steps are as follows[19]:

The VMD decomposition mainly contains two parts: the
establishment and solution of the variational constraint prob-
lem. The following problems are solved for the vibration
signal with the data length N in the energy storage process:

min
{uk },{ωk }

{∑
k

∥∥∥∥∂t [(δ (t)+ j
π t

)
∗ µk (t)

]
e−jωk t

∥∥∥∥2
}

s.t.
∑
k

µk = f
(4)

where:
{
µp
}
=
{
µ1, . . . , µp

}
is the decomposed P modes

and
{
ωp
}
=
{
ω1, . . . ωp

}
is the center frequency of the P-th

modes.
In order to find the optimal solution, the quadratic

penalty factor α and the Lagrangian operator λ (t) are intro-
duced to change the constrained variational problem into a
non-binding variational problem. The extended Lagrangian
expression is:

L ({µk} , {ωk} , λ)

= α
∑
k

∥∥∥∥∂t [(δ (t)+ j
π t

)
∗ µk (t)

]
e−jωk t

∥∥∥∥2
2

+

∥∥∥∥∥f (t)−∑
k

µk (t)

∥∥∥∥∥
2

2

+

〈
λ (t) , f (t)−

∑
k

µk (t)

〉
(5)

The saddle point of equation (5) is solved by the alternate
direction method of multipliers (ADMM), so thatµn+1k ,ωn+1k
and λn+1 are continuously updated, and themodal component
and center frequency are solved as follows:

µ̂n+1k (ω) =

f̂ (ω)−
∑
i 6=k
µ̂nk (ω)+

λ̂(ω)
2

1+ 2α (ω − ωk)2
(6)

ωn+1k =

∫
∞

0 ω
∣∣µ̂nk (ω)∣∣dω∫

∞

0

∣∣µ̂nk (ω)∣∣dω (7)

The VMD steps are as follows:
1) Initialize µ̂1

k , ω
1
k , λ

∧1 and n, let its initial value
be 0, set the decomposition modal number K to 2,
pre-decomposition optimization.

2) Update µk and wk according to equations (6) and (7)
respectively.

3) Update λ̂

λ̂n(ω)+ τ [f̂ (ω)−
∑

µ̂n+1k ]→ λ̂n+1(ω) (8)

FIGURE 6. Change trend of K value.

4) If the following formula is satisfied, the iteration is
stopped and the result is output; otherwise, it returns
to step 2. ∑∥∥∥µ̂n+1k − µ̂nk

∥∥∥2
2
/
∥∥µ̂nk∥∥22 < ε (9)

2) VMD PARAMETER K OPTIMIZATION
In order to prevent the VMD from being over- decomposed,
the K parameter is selected according to the energy conserva-
tion theory before and after decomposition. For the original
vibration signal sequence x(i), come from the energy storage
mechanism, the energy calculation formula is as follows:

E =

√√√√√ n∑
i=1

x2(i)

n
(10)

where: E represents the signal energy value and n is
the number of sampling points. In order to characterize
VMD’s energy difference before and after the decomposition,
the energy difference parameter ψ is defined and calculated
as follows.

ψ =

∣∣∣∣ K∑
x=1

Ex − E

∣∣∣∣
E

× 100% (11)

where: Ex corresponds to the energy of the x-th component,
K is the number of components, and E is the original signal
energy. Energy is conserved before and after decomposition
(the ideal value of ψ is 0). After many experiments and
calculations, the changing trend of K is shown in Fig.6:

The above figure shows that when K is greater than 6,
the energy difference parameter ψ increases, and it can be
judged that there is an over-decomposition phenomenon. The
K value at the turning point is the optimal decomposition
mode number of VMD.

3) VMD PARAMETER α OPTIMIZATION
The quadratic penalty factor α has a great influence on
the accuracy of modal aliasing and reconstruction, so the
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objective function is constructed by combining the density
of modal aliasing and Pearson correlation coefficient. Then
GWO is used to optimize the objective function to obtain the
optimal parameter value α.
The frequency domain mode aliasing area (A) is defined

as the sum of the same frequency amplitude overlap between
adjacent modal center frequencies. The calculation steps are
as follows:

Ak (ω) =

{
|µfi(w)| |µfi(w)| ≤

∣∣µfj(w)∣∣∣∣µfj(w)∣∣ |µfi(w)| > ∣∣µfj(w)∣∣ (12)

A =
n∑

ω=m

Ak (ω) (13)

In the formula, µfi(ω) and µfj(ω) are frequency domain
functions after Fourier transform of two adjacent modal func-
tions µi(t) and µj(t), ω is frequency. m = min(ωi, ωj),
n = max(ωi, ωj).
In order to quantitatively characterize the degree of modal

aliasing between two adjacent IMFs, the frequency domain
modal aliasing density (Ad) is defined. The calculation for-
mula is as follows:

Ad = 1000
A∣∣ωi − ωj∣∣ (14)

The objective function is defined as the correlation coeffi-
cient between reconstructed signal and original signal divided
by the frequency domain mode aliasing density. The formula
is as follows:

αobj = Ad/

n∑
i=1

(xi − x̄)(yi − ȳ)√
n∑
i=1

(xi − x̄)2
n∑
i=1

(yi − ȳ)2
(15)

Set the initial value of α to 100 and use GWO to opti-
mize the parameters. See sub-section A. GWO-SVM DIAG-
NOSTIC MODEL for the specific optimization process.
The process of parameter optimization is as follows:

As can be seen from the Fig.7, with the increase of iteration
steps, the value of objective function gradually decreases and
converges. The final penalty factor α is 213.5.

After K and α are determined, the vibration signal
under high energy storage voltage is decomposed, and the
time-frequency diagram is shown in Fig. 8-9.

C. COMPUTING THE PERMUTATION ENTROPY OF
MODAL COMPONENTS
1) PRINCIPLE OF PERMUTATION ENTROPY
Permutation entropy can detect sudden change points of
signals, which has strong anti-noise ability and high time
resolution. It has strong pertinence to non-stationary chaotic
vibration signals in complex field environment of circuit
breakers. The calculation steps are as follows [20]:

FIGURE 7. The α optimization process.

FIGURE 8. VMD decomposition in time domain.

For signal sequence {X (i), i = 1, 2, · · · , n}, the phase
space is reconstructed and the following matrix is obtained:

x(1) x(1+ τ ) · · · x(1+ (m− 1)τ )
x(2) x(2+ τ ) · · · x(2+ (m− 1)τ )
x(j) x(j+ τ ) · · · x(j+ (m− 1)τ )
· · · · · ·

x(k) x(k + τ ) · · · x(k + (m− 1)τ )

 (16)

where: j= 1, 2, ···, k, k = n−(m−1)τ ,m and τ is the embed-
ded dimension and delay time. The elements of each compo-
nent (k in total) are arranged in ascending order according
to the numerical value, and different symbol sequences are
obtained according to the reconstructed component index.
The m-dimensional phase space mapping symbol sequence
has m! species, and the occurrence probability of s different
symbol sequences are P1,P2, · · · ,Ps respectively, calculated
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FIGURE 9. VMD decomposition in frequency domain.

FIGURE 10. Curve of mutual information value changing with delay time.

as follows:

Pe(m) = −
s∑
j=1

Pj lnPj (17)

2) SELECTION OF PARAMETER m AND τ

a: THE SELECTION OF DELAY TIME τ
Because the vibration signal of circuit breaker is non-linear,
the mutual information method is chosen to calculate. See
literature [21] for specific principles.

Record I (τ ) as a function of τ , and select the first minimum
point of I (τ ) as the optimal delay time. The delay time curve
of the vibration signal is shown in Fig.10.

As can be seen from the figure above, when τ is 5, the first
minimum point appears, so this paper chooses the delay time
as τ = 5.

b: SELECTION OF EMBEDDING DIMENSION M
In order to ensure that the space can reproduce the origi-
nal dynamic characteristics, the dimension of the embedded

FIGURE 11. ln(N(ε)) curve along with ln(R).

TABLE 2. Partial vibration signal characteristics.

space should be large enough. In this paper, G-P algorithm is
used, and the specific calculation steps are referred to refer-
ence [22]. R is the Euclidean distance between two points in
phase space, and N(ε) is the correlation function. Draw the
curve of ln(N(ε)) with respect to ln (R), as shown in Fig. 11.

Set D = ln(N(ε))/ln(R), The estimated value D(m0) of
correlation dimension corresponding to m0 is obtained. Cal-
culate the change rate of each curve in its approximate linear
region. When m is 8, the D value is more stable and the
corresponding curve linearity is better. So the embedding
dimension m = 8 is chosen. After the parameters have been
selected, the permutation entropy of the six modes of the
vibration signal is obtained, as shown in Table 2.:

The value of permutation entropy is related to the rule
degree of sample sequence. From Table 2., it can be seen
that the difference of permutation entropy in different states
is obvious, and it can be distinguished well. It can effec-
tively characterize the state information of energy storage
mechanism.

D. FEATURE VECTORS PROCESSING BASED ON ENTROPY
WEIGHT METHOD
The entropy weight method can comprehensively evaluate
the discreteness of the index characteristics. Considering the
fluctuation of energy storage motor current and the non-
stationary of the vibration signal, we introduce the entropy
weight method to process the signal characteristic, and calcu-
late the corresponding weight. It can avoid the error caused
by subjective factors. The smaller the entropy is, the more
information it contains, and vice versa [23].
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Entropy weight method implementation process:
(1) Establish a feature vector matrix.

A =

X11 · · · X1q
...

...
...

Xp1 · · · Xpq

, where p is the four states of

the above-mentioned circuit breaker energy storage; q
refers to the dimension of the feature vector. Xij refers
to the j-th feature vector corresponding to the i-th state.

(2) Non-negative processing of data.
In order to avoid the meaninglessness of logarithm
when entropy is obtained, the data needs to be non-
negatively processed, so the data is translated and pro-
cessed by the formula (18) and (19) according to the
size of the characteristic value.

X ′ij

=
Xij −min(X1j,X2j, · · · ,Xpj)

max(X1j,X2j, · · · ,Xpj)−min(X1j,X2j, · · · ,Xpj)
+ 1, i = 1, 2, · · · p; j = 1, 2, · · · , q (18)

X ′′ij

=
max(X1j,X2j, · · · ,Xpj)

max(X1j,X2j, · · · ,Xpj)−min(X1j,X2j, · · · ,Xpj)
+ 1, i = 1, 2, · · · p; j = 1, 2, · · · , q (19)

(3) Calculate the index proportion of the i-th state in the
j-th feature.

Pij =
Xij
p∑
i=1

Xij

(j = 1, 2, · · · , q) (20)

(4) Calculate the entropy value of the j-th feature.

ej = −k∗
p∑
i=1

Pij log(Pij) (21)

where k >0, ln() is the natural logarithm, ej ≥0.
The constant k in the equation is related to the energy
storage state type of circuit breaker. General order
k = 1/ ln(p).

(5) Calculate the difference coefficient of the j-th feature.
For the j-th feature vector, the bigger the feature value
Xij difference is, the bigger the role of state evaluation
is, the smaller the entropy value is. gj = 1-ej, then: the
larger the gj, the feature is more important.

(6) Weight coefficient.

Wj =
gj
p∑
j=1

gj

, j = 1, 2, · · · , p (22)

The corresponding weights are given according to the
information quantity of the feature vectors. Table 3. shows
the correspondingweights of the feature vectors under normal
conditions.

The weight change in the four states of the circuit breaker
energy storage process is shown in Fig. 12.

TABLE 3. Feature vectors weights in normal state.

FIGURE 12. Feature vector weight in four states.

It can be seen from the weight change curve of Fig. 12 that
the variation of each feature in the normal state is small,
and the variation of each feature in the mechanism jam
state is large. Among them, the smooth running maximum
current and kurtosis in the mechanism jam state are small,
and the smooth running maximum time is the largest. It can
be seen that the entropy weight method distinguishes the
feature vectors very well and can be used to construct the
composite feature vectors of the current-vibration entropy
weight feature.

IV. FAULT IDENTIFICATION OF ENERGY STORAGE
MECHANISM BASED ON GWO-SVM
A. GWO-SVM DIAGNOSTIC MODEL
SVMhas strong generalization ability and good convergence,
which is especially suitable for small sample fault diagnosis.
However, the selection of penalty factor C and kernel function
type affects the classification performance of SVM directly.
Considering that the samples in this paper are multi-sensor
data feature sets, strong vibration and impact in energy stor-
age process, and GA, PSO and other algorithms are easy to
fall into local optimal solution, the hybrid kernel function
is constructed and the GWO algorithm is introduced to find
the best penalty factor and hybrid coefficient to improve the
generalization of the model.

In order to obtain the kernel functions with strong general-
ization ability, learning ability, and good extrapolation ability,
it needs to combine the different kernel functions. The Taylor-
Kernel with Moderate Decreasing (T-KMOD) satisfies the
zero-point near-descent criterion, with good flexibility, fast
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FIGURE 13. Gray wolf optimization algorithm flow chart.

convergence and good locality. Polynomial functions have
high classification accuracy and strong generalization ability.
Therefore, the two are combined in the following form:

SM = λSpoly + (1− λ)ST−KMOF (23)

where: ST−KMOD = T − KMOD(x, x ′) =

L
n∑
i=1

( γ

‖x−x ′‖2+σ 2
)k∗iSpoly = [(x ·x ′)+C]q, λ ∈ (0, 1) C ≥ 0,

x · x ′ ∈ Rn; L(greater than 0) is used to control the value of
the kernel function at 0. σ, γ respectively control the sum
and width and the descending speed of the kernel function,
and both i and n are positive integers.

GWO has a fast convergence speed, a simple structure, and
it is easier to achieve optimal classification. Themathematical
model is as follows [24]:{

B =
∣∣C · Xp(t)− X (t)∣∣

X (t + 1) = Xp(t)− A · B
(24)

where: t represents the current number of iterations; Xp(t) is
the prey position vector, and A and C are coefficient vectors.
A and C are as follows:{

A = 2a · r1 − a
C = 2r2

(25)

where: a is the convergence factor, satisfying a ∈ [0, 2]; r1
and r2 are random vectors in [0,1].

FIGURE 14. Field fault simulation.

Initialize the population, calculate the fitness value of each
wolf, select the first three optimal fitness, determine the grey
wolf grade, update the location, head wolf, coefficient vectors
and other parameters until the SVM parameters are optimal.
The flow chart of the algorithm is shown in Fig.13.

B. EXPERIMENTAL RESULT
The sampling rate was set to 40 kHz, 70 sets of samples were
collected for each state, 50 sets were used for training, and
20 sets were used for testing. Changing the voltage level in the
energy storage process of the circuit breaker can simulate the
state of high voltage. The wooden stick is used to clamp the
rotating shaft mechanism to increase the damp jamming for
simulating mechanism jam. By loosening the fastening screw
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FIGURE 15. The convergence of GWO algorithm.

FIGURE 16. Fault identification results of the original SVM model.

at one end of circuit breaker spring can simulated spring
shedding. The field test drawings are shown as Fig. 14.

Before using SVM to classify, the parameters of penalty
factor C and mixed coefficient λ of SVM need to be opti-
mized. The number of iterations is set to 100, and the optimal
parameters are 2.2634 and 0.21, respectively. The conver-
gence of the algorithm is shown in Fig. 15.

Combining Table 1., Table 2. and weight, the current-
vibration entropy weight characteristics are constructed.
Some test data are shown in Table 4.

The sample label of normal state is set as 1 (group 1-20),
the high voltage is 2 (group 21-40), the mechanism jam is 3
(group 41-60), and the spring shedding is 4 (group 61-80).
The diagnosis results are as follows. Fig. 16-17 are the
fault identification results with the model before and after
optimization.

From the results of Fig. 16, it can be seen that the fault
identification is carried out by using the current-vibration

FIGURE 17. Fault identification results of the GWO-SVM model.

FIGURE 18. Comparison of four feature vectors.

FIGURE 19. Accuracy comparison in four states.

entropy weight characteristic and SVM. The sample labeled
2,3,4 are misclassified, the classification is not very accurate.

The results of GWO-SVM model are shown in Fig.17. All
80 test samples are classified correctly and the identification
results are 100%. Therefore, the model can accurately char-
acterize the defect types of energy storage mechanism.
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TABLE 4. Testing samples and diagnostic results.

C. RESULTS COMPARISON AND ANALYSIS
1) VERIFICATION OF CURRENT-VIBRATION ENTROPY
WEIGHT CHARACTERISTIC METHOD
The diagnostic results of current signal, vibration signal,
current-vibration combination and current-vibration entropy
weight characteristics are compared, as shown in Fig. 18. The
diagnostic accuracy rates of current characteristics, vibration
characteristics and current-vibration combined characteris-
tics were 88.75%, 90.0% and 95.0% respectively, whereas the
diagnostic accuracy of current-vibration entropy weight char-
acteristics reached 100%. It can be concluded that the state
information of energy storage mechanism can be reflected
more comprehensively based on the current-vibration entropy
weight characteristics, and the extracted characteristics are
complementary, and the diagnosis effect is improved.

2) GENERALIZED PERFORMANCE VERIFICATION
Due to the different sources and structures of data in the actual
operation of high voltage circuit breakers, it is necessary to
classify the fault data that the same type with different charac-
terization. In the generalization experiment, the sampling rate
is changed from 40 kHz to 30 kHz, and the vibration sensor
of PCB357B21 and the current sensor of HCS-LSP are used.
At the same time, the position of the sensor is changed. The
diagnosis results are shown in Fig.19.

From Fig.19, it’s not hard to come out the overall
diagnostic accuracy of the GWO-SVMmodel, it is still 97.8%
when the parameters of the acquisition parameters and the
type and location of the sensors change, much higher than
that of the non-optimal SVM model. This shows that the
GWO-SVM model has stronger adaptability to the fresh
samples and better generalization ability. But the original
current and vibration signals may be different due to the type
of circuit breaker and field disturbance. The optimization
parameters of VMD and SVM need to be readjusted to adapt
to the influence of partial overlap of modal energy spectrum
on risk minimization hyperplane partition.

V. CONCLUSION
A new method for identifying abnormal energy storage state
of circuit breaker based on current and vibration signal
characteristics is proposed. Combining the time-frequency
domain entropy weight characteristics of current vibration

signal with GWO-SVM optimization algorithm, the accurate
identification of multiple faults in different scenarios can be
achieved.

1) The motor current and the accompanying vibration
signals in the energy storage process are used to diagnose
the defects of the energy storage mechanism. Quantitative
comparison with the characteristics of the current–vibration
signals is a new method for distinguishing the operation state
of the energy storage mechanism.

2) K value is selected using the energy method and α is
selected using objective function optimization method. The
vibration signal is decomposed by using VMD to obtain
permutation entropy of the modal components, thus quanti-
tatively characterizing the frequency domain distribution of
the vibration signal.

3) Envelope denoising in the modulus maxima wavelet
domain and HT are combined to improve feature extraction
accuracy of current in time domain.

4) The operation state of the energy storage mechanism
of the circuit breaker from the angle of information entropy
is reflected by constructing current–vibration entropy weight
characteristics, which can improve the accuracy rate of circuit
breaker energy storage mechanism fault diagnosis.

5) A diagnosis model based on GWO–SVM, which greatly
improves the accuracy and generalization of model identifi-
cation and has broad application value, is proposed.
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