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During the operation process of the high voltage circuit breaker, the changes of vibration signals can reflect the machinery states of
the circuit breaker. The extraction of the vibration signal feature will directly influence the accuracy and practicability of fault
diagnosis. This paper presents an extraction method based on ensemble empirical mode decomposition (EEMD). Firstly, the
original vibration signals are decomposed into a finite number of stationary intrinsic mode functions (IMFs). Secondly, calculating
the envelope of each IMF and separating the envelope by equal-time segment and then forming equal-time segment energy entropy
to reflect the change of vibration signal are performed. At last, the energy entropies could serve as input vectors of support vector
machine (SVM) to identify the working state and fault pattern of the circuit breaker. Practical examples show that this diagnosis
approach can identify effectively fault patterns of HV circuit breaker.

1. Introduction

As an import part of the electric system, a HV circuit breaker
is a key device to control and protect the power network.
Therefore, the action reliability of HV circuit breaker is
extremely important in the electric system. In recent years,
research on diagnosis method of circuit breaker is growing
fast, and many new techniques have been used in practice,
in which the technique based on the analysis of the vibration
signal has gradually become hot [1–3].

Many vibration signals produced by circuit breaker con-
tain a number of pieces of important information, which can
be used to evaluate the machinery state of circuit breaker.
Through the analysis of vibration signals acquired by the
piezoelectric sensor, the running states of circuit breaker
are convenient and accurate to diagnose. To analyze the
vibration signal, some signal processing methods, such as
wavelet [4, 5] and EMD [6, 7], have been used in practice.
Wavelet analysis has become popular in the past decade
as a method for time-frequency representation. In princi-
ple, wavelet transform (WT) uses short windows at high

frequencies and long windows at low frequencies, which
renders WT more suitable for dealing with nonstationary
time series.Nonetheless, wavelet analysis is also limited by the
fundamental uncertainty principle, in which both time and
frequency cannot simultaneously be resolved with the same
precision. Moreover, the results of WT analysis depend on
the choice of the mother wavelet, which is arbitrary and may
not be optimal for the time series under scrutiny. In contrast
to the WT approach, the empirical mode decomposition
(EMD) [8] method adaptively decomposes nonstationary
time series into narrow-band components, namely, intrinsic
mode functions (IMFs), by empirically identifying the phys-
ical time scales intrinsic to the data without assuming any
basis functions.Thus, the EMDcan potentially localize events
in both time and frequency, even in nonstationary time series
[9–12]. So, the EMD is a suitablemethod to process nonlinear
and nonstationary signals. However, mode mixing problems
brought by EMD greatly restrict its application in practice.
EEMD is the repeated EMD by adding Gauss white noise in
each of the decompositions. It takes advantage of the uniform
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distribution statistical characteristics of Gauss white noise in
frequency domain [13]. Through this method, EEMD could
decompose signal continuously in different scales. Therefore,
the problem of mode mixing will be eliminated effectively.
A nonstationary vibration signal is decomposed into a series
of intrinsic mode functions (IMFs) by EEMD. The envelope
of IMF can be obtained through Hilbert transform and
separated by equal-time segment.Then, we can get the energy
entropy of each envelope of IMF with the energy entropy
theory. Those IMF energy entropies can form the entropy
vector, and this could serve as the input vector of SVM
for judging circuit breaker working states and fault types.
The experiment result indicates the method that applied
the EEMD-energy entropy and support vector machine is
effective and has many potential applications in practice.

2. EEMD Method

EEMD is a new method of signal process; the specific
decomposition steps and principles are as follows [14].

Step 1. Adding the random Gauss white noise 𝑛
𝑖
(𝑡) with

the mean zero of amplitude and the constant of standard
deviation to the original signal 𝑥(𝑡) (the standard deviation
of white noise is 0.1–0.4 times the size of the original signal.),
the function is as follows:

𝑥
𝑖 (
𝑡) = 𝑥 (𝑡) + 𝑛𝑖 (

𝑡) . (1)

Signal 𝑥
𝑖
(𝑡) is the signal that added the 𝑖th Gauss white noise.

The Gauss white noise will directly affect the decomposition
of signal by EEMD.

Step 2. Signal𝑥
𝑖
(𝑡) is decomposed into several IMFs 𝑐

𝑖𝑗
(𝑡) and

themargin 𝑟
𝑖
(𝑡).The 𝑐

𝑖𝑗
(𝑡)with the 𝑖thGausswhite noise is the

𝑗th IMF decomposition.

Step 3. Repeat Steps 1 and 2 N times. Next, with the prin-
ciple that the statistical mean of random and independent
sequence is zero, the overall average operation for the cor-
responding IMF could eliminate the effects of multiple Gauss
white noise on the real IMF. The final IMF is written as

𝑐
𝑗 (
𝑡) =

1
𝑁

𝑁

∑

𝑖=1
𝑐
𝑖𝑗
, (2)

in which the 𝑐
𝑗
is the 𝑗th IMF component of original signal

by EEMD. When 𝑁 is larger, the sum of the white noise of
IMFS will tend to zero. At this time, the results for EEMD are
written as

𝑥 (𝑡) = ∑

𝑗

𝑐
𝑗 (
𝑡) + 𝑟 (𝑡) , (3)

inwhich 𝑟(𝑡) is the final residual component, representing the
average trend of signal. Through EEMD method, we can put
any signal𝑥(𝑡) into several of IMFs and a residual component.
The intrinsic mode components 𝑐

𝑗
(𝑡) (𝑗 = 1, 2, . . .) represent

the elements of signal from high to low frequency band; in
each band the frequency components are not the same and
will change following the change of vibration signal 𝑥(𝑡).
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Figure 1: Standard signal of normal state.
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Figure 2: Results of EEMD decomposition.

Figure 1 shows the normal state of vibration signal. The
signal can get eight major components and a residual compo-
nent by EEMD, as shown in Figure 2. From the diagram, the
normal state of nonstationary vibration signal is decomposed
into a number of stationary IMF components by EEMD, and
different IMF component contains a variety of time scales.

3. EEMD-Energy Entropy

3.1. The Extraction Envelope of the Signal. Mutation infor-
mation of signal is often presented in the envelope of the
signal.When the operatingmechanism of circuit breaker is in
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action, the high frequency components from the impact can
be seen as a signal carrier of the envelope signal. Therefore,
the Hilbert method which is used to extract the envelope of
signal for diagnosis is very effective in the mechanical fault
diagnosis.

For a real signal 𝑥(𝑡), the Hilbert transform is defined as

𝑥 (𝑡) =

1
𝜋𝑡

⋅ 𝑥 (𝑡) =

1
𝜋

∫

+∞

−∞

𝑥 (𝜏)

𝑡 − 𝜏

𝑑𝜏. (4)

Then, the analytic signal of 𝑥(𝑡) is

𝑔 (𝑡) = 𝑥 (𝑡) + 𝑗𝑥 (𝑡) . (5)

The amplitude of 𝑔(𝑡) is

𝐴 (𝑡) = √𝑥
2
(𝑡) + 𝑥

2
(𝑡). (6)

So 𝐴(𝑡) is the envelope of 𝑥(𝑡).

3.2. The Application of Entropy. Entropy is an information
measure for describing the complexity or irregularity of sys-
tem. So far, many attempts have been made for estimation of
entropy in the complex system, such as Kolmogorov entropy,
approximate entropy, and Shannon information entropy [15].
This paper chooses the Shannon information entropy. The
information entropy can reflect the uniformity of probability
distribution of system. The greater the entropy value 𝐻, the
more uniform the information distribution and the greater
the disorder degree of the information. Therefore, it can also
be used to describe the uncertainty degree of the system [16–
18].

Let an information system have 𝑁 random information
sources 𝑥1, 𝑥2, . . . , 𝑥𝑁, and the probability of each informa-
tion source appearing in the whole system is 𝑝1, 𝑝2, . . . , 𝑝𝑁,
respectively. Then, its information entropy is defined as
follows:

𝐻 = −

𝑁

∑

𝑖=1
𝑝
𝑖
log𝑝
𝑖
. (7)

Distinguishing normal state and fault state is the essence
of fault diagnosis of circuit breaker.The fault can be regarded
as different mutations in the normal state. According to
this property, this paper proposes the equal-time segment
approach to achieve extraction of entropy. The principle is
shown in Figure 3.

In Figure 3, Signal 1 is the envelope of normal signal.
Signal 2 is the envelope of fault signal. Mutation events are
delayed. Signal 2 was compared with Signal 1. Signal 1 was
segmented according to equal-time segment. Each of them
has three segments: Seg1, Seg2, and Seg3. Because Signal
2 is changed compared with Signal 1, Seg1, Seg2, and Seg3
energies of Signal 2 compared with Seg1, Seg2, and Seg3
energies of Signal 1 are also changed, indicating that energy
distribution is changed. Therefore, we can transform the
changes of Signal 1 and Signal 2 into the change of energy
distribution uniformity of each segment.

Sig1

Sig2

1 2 3

Figure 3: Segments with equal-time.

3.3. The Extraction Steps of Entropy. With the extraction of
EEMD-energy entropy of sampling vibration signal as an
example, the specific extraction steps are as follows.

Step 1. First vibration signal is denoised by wavelet soft
threshold.

Step 2. The denoising signal is decomposed by EEMD and
choosing the top 8 main intrinsic mode functions (IMFs).

Step 3. Get the respective analytic signals of the obtained
IMFs with Hilbert transform.

Step 4. Extract the envelope of the respective analytic signals.

Step 5. Separate equally the envelope of signal into 𝑀

sections along the time axis, and calculate the energy of each
segment according to the following equation:

𝑄
𝑘 (
𝑖) = ∫

𝑡2

𝑡1

|𝐴 (𝑡)|
2
𝑑𝑡, (8)

in which 𝑖 = 1, 2, . . . ,𝑀, 𝑘 = 1, 2, . . . , 8, and 𝑡1 and 𝑡2 are the
starting and stopping time of the 𝑖 segment.

Step 6. Normalization processing is made to the signal
envelope of the segmented energy as follows:

𝑞
𝑘 (
𝑖) =

𝑄
𝑘 (
𝑖)

∑
𝑚

𝑖=1 𝑄𝑘 (𝑖)
. (9)

Step 7. According to the basic theory of entropy, the defini-
tion of the EEMD-energy entropy for the envelope of signal
𝐴(𝑡) is written as

𝐻
𝑘
= −

𝑚

∑

𝑖=1
𝑞
𝑘 (
𝑖) lg𝑞𝑘 (𝑖) . (10)

Step 8. Finally, the EEMD-energy entropy vector is

𝑇 = [𝐻1, 𝐻2, . . . , 𝐻8] . (11)
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When we use the method of the EEMD-energy entropy
for fault detection, actually, the distribution of normal signals
is considered to be as a uniform distribution. Moreover, the
distribution of the test signals under fault condition is not
uniform. And because the entropy is a measure of signal
heterogeneity degree, we can use the EEMD-energy entropy
to reflect the deviation degree of fault state relative to the
normal state.

4. SVM

SVM is a promising classifier that minimizes the empirical
classification error and at the same time maximizes the mar-
gin by determining a separating hyperplane to distinguish
different classes of data [19]. The basic idea of support vector
machine is to create a hyperplane as the optimal separating
hyperplane. The optimal separating hyperplane can not only
make all samples correct classification but also have the
maximum distance to the nearest point of the training data.
To enable the optimal separating hyperplane method to
be generalised, Cortes and Vapnik introduced nonnegative
variable 𝜀

𝑖
and the penalty factor𝐶.The 𝜀

𝑖
are ameasure of the

misclassification errors and the 𝐶 is a given value and subject
to the constraints of (12). Then, the constraint conditions of
the hyperplane are written as

𝑦
𝑖 [(
𝜔 ⋅ 𝑥) + 𝑏] ≥ 1− 𝜀

𝑖
𝑖 = 1, 2, . . . , 𝑙. (12)

Hence, the optimal separating hyperplane is given by

𝜙 (𝜔, 𝜀) =

1
2
𝜔 ⋅ 𝜔+ 𝑐

𝑙

∑

𝑖=1
𝜀
𝑖
. (13)

By introducing the kernel function 𝐾(𝑥
𝑖
⋅ 𝑥
𝑗
), the nonlinear

problem could be transformed into a linear problem in high
dimension space. The corresponding decision function is
written as

𝑓 (𝑥) = sgn[∑
SV
𝑎
𝑖
𝑦
𝑖
𝐾(𝑥
𝑖
⋅ 𝑥
𝑗
) + 𝑏] . (14)

The classification performance of SVM is superior to
the neural network classifier in the fault diagnosis for small
samples. Put 𝑇 as the input vector of SVM, choose the radial
basis function (RBF), and use the strategy of “hierarchical
SVMs (H-SVMs)” [20, 21] for the mechanical fault diagnosis
of circuit breakers.

H-SVMs have a variety of classification structures; this
research chooses the skewed tree classification structure; its
structure is shown in Figure 4. H-SVMs classify the four
kinds of states that are the normal state C1, the lack of
lubrication state C2, the foundation bolt looseness state C3,
and the energy storage spring shed state C4 into three levels of
classification training and recognition by three SVMs. First,
using a SVM to the first level classification, C4 is separated
from C1, C2, and C3; the second stage is separating C3 from
C1 and C2 by the second SVM; finally, the third SVM is
employed to the third grade classification, separating C1 and
C2.
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Figure 4: Classification tree diagram for H-SVMs.
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Figure 5: Vibration signals of vacuum circuit breaker.

5. Experiment and Analysis

Collecting the vibration signals of the normal state, the lack
of lubrication state, the foundation bolt looseness state, and
the energy storage spring shed state from type ZW32-12 of
vacuum circuit breaker in laboratory, as shown in Figure 5,
each state collected 20 groups of close-brake vibration signal,
including 10 groups for SVM training and 10 groups for
testing. Adopting the method of EEMD-energy entropy to
calculate each state of the close-brake vibration signals,
getting the 8-dimensional entropic vector 𝑇 of each sample, a
part of the entropy values is shown in Table 1.

Then, the received entropic vectors are inputted H-
SVMs for classification and recognition. Radial basis kernel
function is applied in this experiment. Penalty factor 𝐶

and the kernel function parameter 𝑔 are two important
parameters for influencing the accuracy and generalization
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Table 1: Vectors of characteristic entropy.

𝐻1 𝐻2 𝐻3 𝐻4 𝐻5 𝐻6 𝐻7 𝐻8

Normal 1.38995 1.2863 1.31565 1.22686 1.19784 1.08202 1.1478 1.35075
Normal 1.3758 1.37933 1.32379 1.18654 1.19728 1.01396 1.18778 1.32624
Normal 1.42401 1.2713 1.32004 1.25894 1.23718 1.17143 0.97525 1.39509
Fault I 0.89786 0.92083 0.97844 1.11754 0.96972 1.20403 1.45528 1.89058
Fault I 0.92882 0.86088 0.91616 0.92303 1.03207 1.19891 1.58584 1.85211
Fault I 0.83574 0.91725 0.96161 1.19681 1.03097 1.23316 1.50922 2.05601
Fault II 1.59699 1.3049 1.19265 0.90063 0.96383 1.00915 1.02713 1.67725
Fault II 1.57129 1.28567 1.22408 1.06797 0.97543 0.97423 0.95939 1.66329
Fault II 1.54017 1.24947 1.23603 1.03721 1.09331 1.0717 1.07941 1.76371
Fault III 1.13835 0.98421 1.08779 1.09961 1.37122 1.49651 1.93909 2.07203
Fault III 1.16172 1.02966 0.85995 0.99001 1.32936 1.521 1.93032 1.94298
Fault III 1.19095 0.81114 1.04993 1.02732 1.31641 1.45068 1.93723 2.04867

Table 2: Recognition results of H-SVMs.

The type of
state Recognition results Accuracy/%

Normal C1, C1, C1, C1, C1, C1, C1, C1, C1, C1 100
Fault I C2, C2, C2, C2, C2, C2, C2, C2, C2, C2 100
Fault II C3, C3, C3, C3, C3, C1, C3, C3, C3, C3 90
Fault III C4, C4, C4, C4, C4, C4, C4, C4, C4, C4 100

1

2

3

4

Figure 6: Training results of H-SVMs.

ability of SVM diagnosis. Common methods of parameter
optimization are genetic algorithm, gridmethod, and particle
swarmmethod.This experiment selects the genetic algorithm
to determine the optimal parameters𝐶 and𝑔. Training results
are shown in Figure 6, and recognition results are shown in
Table 2. We could see the four training signals are clearly
classified from Figure 6 and the accuracy of recognition
results is very high from Table 2 in which three types of
accuracy are a hundred percent.

6. Conclusion

The change of vibration signal of circuit breaker running can
reflect circuit breaker operation state. The paper presented
an equal-time segment approach based on the EEMD which
could influence the change of time, frequency, and energy.
Besides, the SVM is effective in solving the circuit breaker
status recognition problems that include small samples, non-
linear and high dimension problems. Experimental results
show that a combination method of the EEMD, entropy, and
SVM for circuit breaker diagnosis to typical fault and normal
state has better diagnosis effect.
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