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Abstract. The development of power grid system not only increases voltage and capacity, but also increases
power risk. This paper briefly introduces the feature extraction method of the vibration signal of high voltage
circuit breaker and support vector machine (SVM) algorithm and then analyzed the high voltage circuit breaker
in three states: normal operation, fixed screw loosening and falling of opening spring, using the SVMbased on the
above feature extraction method. The results showed that the accuracy and precision rates of fault identification
of circuit breaker were the highest by using the wavelet packet energy entropy extraction features, the false
alarm rate was the lowest, and the detection time was the shortest.
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1 Introduction

With the rapid development of economic construction, the
national demand for electricity is increasing, and the
voltage and capacitance of power plants are also increasing
rapidly [1]. Moreover, higher requirements are put forward
for the safe operation of power plants. For example, when
the high-voltage transmission line fails, the fault area is
quickly isolated from and the normal area to ensure the
overall safety of the power grid. High-voltage circuit
breaker is one of the power system protection devices. Its
working principle of realizing the isolation of fault and non-
fault lines in power grid is that the energy provided by the
operating mechanism is transferred to the interrupting
element by driving rod when the probe sensing system fails,
and the interrupting element realizes the opening and
closing of the circuit by the transferred energy. Once the
high voltage circuit breaker breaks down in the power
operation, the loss will be enormous [2]. Huang et al. [3]
proposed a mechanical fault diagnosis method for high
voltage circuit breaker based on wavelet time-frequency
entropy and one-class support vector machine (SVM),
optimized the parameters using particle swarm algorithm,
and verified the accuracy of the method through experi-
ments. Yang et al. [4] proposed a fault diagnosis method
based on probabilistic neural network and found through
simulation that the diagnosis model converged fast, had
high accuracy and was easy to train. Bing et al. [5] removed
noise from circuit breaker vibration signal using soft
nding author: longl_li@yeah.net

penAccess article distributed under the terms of the CreativeCom
which permits unrestricted use, distribution, and reproduction
threshold method, then extracted vibration characteristics
using wavelet transform and time-frequency entropy, and
identified faults using generalized regression neural
network. The experimental results showed that the method
could effectively identify fault types. Huang et al. [6]
proposed a mechanical fault diagnosis method based on
local mean decomposition and time-division energy entro-
py, which combined SVM description with fuzzy c-means
clustering. The experimental results showed that the
method was effective for both known faults with training
samples and unknown faults without training samples.
Kong et al. [7] judged faults using the electromagnetic pulse
generated by partial discharge when insulation fault of
circuit breaker appeared and verified by experiments that
the circuit breaker insulation fault could be distinguished
by the characteristics of electromagnetic pulse waveform.
This paper briefly introduced the feature extraction
method of the vibration signal of high voltage circuit
breaker and SVM algorithm and analyzed the high voltage
circuit breaker in states of normal operation, fixed screw
loosening and falling of opening spring using the SVM
algorithm based on the above feature extraction method.
2 Feature extraction

The maintenance of high voltage circuit breakers has
undergone the development process of break maintenance,
planned maintenance and condition maintenance. The
break maintenance means repairing passively after the
breakdown due to the immature technology, which not
only reacts slowly, but also can cause loss easily when
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Fig. 1. Diagram of wavelet packet decomposition.
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repairing. The planned maintenance is to repair the circuit
breakers regularly. Although fault prevention was actively,
circuit breakers need to be disassembled, which costs high
and may cause damages in the process of disassembly.
Condition maintenance is to intelligently determine
whether the circuit break fails or not through the feature
parameters under different conditions using sensor and
computer technology. In this paper, the mechanical
vibration characteristics in the operation of high voltage
circuit breaker were used for online monitoring and
diagnosis.
2.1 Feature extraction based on fast Fourier
transform (FFT)

As a signal analysis tool, Fourier transform can decompose
and synthesize signals, and its formula is:

FðvÞ ¼
Z t1

0

fðtÞe�ivtdt; ð1Þ

where f (t) is the original signal before transformation, F(v)
is a transformed signal, eivt is a complex variable function,
t is time, and t1 is the signal duration. In essence, Fourier
transform transforms the change rule of signal distributed
in time domain into that of signal distributed in frequency
domain, which is equivalent to making statistics on the
frequency distribution of the whole analysis signal and
cannot reflect the local time-frequency characteristics of
the signal. But for the non-stationary vibration in this
paper, the local time-frequency characteristics of the signal
are the key classification basis. Short-time Fourier
transform is also called windowed Fourier transform,
and its formula [8] is:

Wfgðb;vÞ ¼
Z t1

0

fðtÞgðt� bÞe�ivtdt; ð2Þ

where Wfg(b, v) is the information transformed in the
time window, g(t� b) is a window function, and b is a
time translation factor. After adding the window
function, compared with the previous Fourier transform,
it has been partitioned on the time axis, which achieves
local analysis.
2.2 Feature extraction based on energy entropy
of wavelet packet

As mentioned above, the developed short-time Fourier
transform can achieve local analysis of non-stationary
signals due to the partitioning of time axis by window
function. However, due to the fixed size and shape of time
window, it is still full-frequency domain analysis in
frequency domain and cannot fully display the fine signals
in a certain frequency band at a single time point.

Wavelet transform represents or approximates the
analytic signal using uses the system of wavelet functions,
and its transformation formula [9] is:

Wfða; bÞ ¼
Z t1

0

fðtÞca;bðtÞdt; ð3Þ

where Wf(a, b) is a transformed signal, ca,b(t) is a wavelet
basis function, and a and b are the scale factor and
translation factor of wavelet transform respectively. After
transforming the detected signal with the wavelet
transform formula mentioned above, the multi-resolution
analysis of the signal can be carried out, and more
accurate features can be obtained. However, the wavelet
transform follows the binary variation. When the signal is
processed, it only decomposes the low-frequency part of
the signal, but does not process the high-frequency part. If
the effective features of the signal are in the high-
frequency part, it is difficult to obtain the effective
features after the wavelet transform. In order to solve the
above problems, the wavelet packet method is used to
decompose the signal.

As shown in Figure 1, the wavelet packet after
decomposition is:

S ¼ AAA3þDAA3þADA3þDDA3þ AAD3

þDAD3þ ADD3þDDD3; ð4Þ
where A stands for low frequency and D stands for high
frequency. Hilbert method is used to extract the envelope
signal from the three-level decomposition components.
Then the envelope signal is divided into n parts
according to the time. The characteristic entropy is
calculated and used as the eigenvalue for recognition.



Fig. 2. The flow of circuit breaker fault detection based on SVM.
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The formula is [10]:

Qi ¼
Z ti

t0

jAðtÞj2dt

eðiÞ ¼ Qi=
Pn

i¼1 Qi

H ¼ �
Xn
i¼1

eðiÞlogeðiÞ

;

8>>>>>><
>>>>>>:

ð5Þ

where Qi is the energy of the i-segment envelope signal,
A(t) stands for envelope signal, t0 and ti are the starting and
stopping time of the ith segment envelope signal
respectively, e(i) is the result of the ith envelope signal
energy after normalization processing, and H is the
characteristic entropy of envelope signal.
3 SVM algorithm

SVM algorithm [11] is an intelligent algorithm which can
learn by itself. Its basic principle is to project the data into
the high-dimensional space using kernel function, then find
the optimal classification boundary according to the
principle of linear partition, and classify the detection
data according to the classification boundary. Ideally, the
sample used for training or testing has the property of
linear separability and can find the optimal boundary
which divides the data into two categories. But in practice,
the sample data often does not have the property of linear
separability. Therefore, the slack variable [12] and penalty
parameter are introduced. Then the objective function for
solving the problem is:

min
w;b

kwk2
2

þ C
Xl

i¼1

ji; ð6Þ

the condition is:

yiðw⋅xi þ bÞ≥ 1� ji; ð7Þ

where w stands for weight, C is penalty parameter, ji is a
slack variable, yi is the result of classification, xi is the
sample data, and b is the residual term. Then the Lagrange
function [13] and dual theory are used to transform the
solution function into:

objective function:

maxQðaÞ ¼
Xl

i¼1

ai � 1

2

Xl

i¼1

Xl

j¼1

aiajyiyjKðxi;xjÞ; ð8Þ
condition:

Xl

i¼1

aiyi ¼ 0 0 � ai � C ; ð9Þ

where a is the set of ai, ai is the Lagrange coefficient, l is the
sample size, andK(xi, xj) is the kernel function [14]. Finally,
the decision equation is obtained:

fðxÞ ¼ sgn

�Xl

i¼1

aiyiKðxi;xjÞ þ b

�
: ð10Þ

As shown in Figure 2, the detection process for high
voltage circuit breaker faults is as follows:
–
 Vibration signal of circuit breaker is collected by
vibration sensor during operation, including in normal
working state, loosening state of fixed screw and state of
falling of opening spring.
–
 The methods proposed above are used to extract the
features of vibration signals.
–
 After signal feature extraction, sample set is constructed
by using the extracted feature set, and one part of the
sample set is used as training sets and the other part is
used as testing sets.
–
 Training sets are into SVM, and appropriateK(xi, xj) and
C are set. The objective function is solved to obtain the
weight of optimal boundary, w, and the residual term, b.
Finally the decision function is obtained. At this
moment, the SVM training finishes.
–
 The testing sets are input into the SVM for fault type
classification.

4 Experimental analysis

4.1 Experimental platform

As shown in Figure 3, the experimental platform for
detecting high-voltage circuit breakers consists of high-
voltage circuit breakers, vibration sensors, level conversion
circuits, AD conversionmodules, signal processingmodules
and upper computer system. The feature extraction
algorithm and SVM algorithm are compiled by MATLAB
software [15]. In the SVM algorithm, the radial basis
function is chosen as the kernel function, and the penalty
parameter is 0.01.
4.2 Experimental steps
–
 The vibration sensor is adsorbed on the surface of the
circuit breaker mechanism box by magnet.



Fig. 3. Structure diagram of fault circuit breaker detection.
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–

Fig. 4. The vibration waveform when the circuit breaker
operates normally.
High voltage circuit breaker is used to simulate three
working states: normal operation, loosening of fixed
screw and falling of opening spring. Vibration informa-
tion of circuit breaker is collected by vibration sensor.
–
 Vibration signals of circuit breakers under three working
conditions were collected for 12 s, and each 0.06 s was
taken as a sample. There were 200 samples in each
working condition, among which 60% of the samples were
taken as training set and 40% as testing set.
–
 Four methods, including Fourier transform, short-time
Fourier transform, wavelet transform and energy entro-
py of wavelet packet, are used to extract features from
training sets, and SVM is input into the fault detection
model for training.
–

Fig. 5. The vibration waveform when the fixed screw loosens.
After the training of the fault detection model, the
performance of the model is tested by using the testing
set.

4.3 Performance index

In this study, classification result is represented by the
confusion matrix, and its expression is:

N ¼
A B

A TP FN

B FP TN

2
664

3
775: ð11Þ

Based on matrix (10), the performance of the algorithm
is measured by accuracy, false alarm rate and precision
rate. The calculation formula is:

ACC ¼ TP þ TN

TP þ TN þ FP þ FN

FAR ¼ FN

TP þ FN

DR ¼ TP

TP þ FP

;

8>>>>>>><
>>>>>>>:

ð12Þ

where ACC, FAR, DR stand for the accuracy rate, false
alarm rate and precision rate, TP stands for the number of
faults which are classified as A and actually belong to A,
TN stands for the number of faults which are classified asB
and actually belong to B, FP stands for the number of
faults which are classified as B and actually belong to A,
and FN stands for the number of faults which are classified
as A and actually belong to B.
4.4 Experimental results

There are totally 600 vibration information of circuit
breakers in different working states collected by vibration
sensors. Through naked eye observation, it is found that
the vibration waveforms of circuit breakers in the same
working state are similar in general. Limited by the length
of paper, only one vibration waveform in each working
state is displayed. The vibration waveforms of high voltage
circuit breakers in the normal working state are shown in
Figure 4. It can be found from Figure 4 that there is a
vibration with a large amplitude in a short time when the
circuit breaker operates normally and then the amplitude
gradually decreases. The sudden increase of the amplitude
in a short time is because that the circuit breaker needs to
react quickly when it perceives the fault of the power grid
and the force and speed during closing are large. The
decrease of the amplitude is because that there are no other
actions after closing and the vibration decreases under the
action of resistance. Figure 5 shows the working vibration
waveform when the fixed screw of the circuit breaker is
loosened. Compared with the vibration waveform under
the state of normal working, it is found that the waveform
is close, but the occurrence is delayed. It shows that the
fixed screw can not react quickly although it can still be
switched on after loosening. Once the power grid fails, the
circuit breaker in this state cannot be switched on quickly
because of loosing, and the loss may be enlarged in that



Fig. 6. The vibration waveform when the opening springs falls
off.

Fig. 7. Recognition accuracy rate of the fault detection model
based on different feature extraction methods.

Fig. 8. Recognition false alarm rate of the fault detection model
based on different feature extraction methods.
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period. Figure 6 shows the vibration waveform when the
opening spring of the circuit breaker falls off. The time
when the vibration appears is close to the vibration in the
normal state, but the waveform is obviously different. In
such a fault state, the circuit breaker will make switching
operation quickly when it detects the fault of the power
grid, but the circuit break fails to completely close because
of the falling of the opening spring, leading to the decrease
of the vibration amplitude. After that, the closing is
attempted constantly, and the vibration amplitude
increases.

It can be found from Figures 4–6 that the vibration
waveforms of high voltage circuit breaker after the
appearance of fault are quite different from those without
the appearance of fault, and the difference was significant.
The naked eye can indeed distinguish different faults, but
in practical application, the coverage of power grid system
is large and the number of high voltage circuit breakers is
large. Though some detection time can be saved through
vibration signals can be summarized to the head server by
wireless sensor, the enormous signal data cannot be
processed manually. In addition, once the breaker fault
is detected, it is necessary to make a judgment as soon as
possible in order to prevent the harm from expanding.
Manpower observation can not make a quick judgment in
large data volume, so it is necessary to use SVM algorithm
and the fast processing ability of computer to assist fault
monitoring.

The recognition accuracy rates of four feature extrac-
tion methods are shown in Figure 7. It can be seen
intuitively that no matter in what kind of working state,
the fault detection model which extracts features by
wavelet packet energy entropy has the highest recognition
accuracy rate, followed by wavelet transform feature
extraction, short-time Fourier transform feature extraction
and Fourier transform feature extraction, indicating that
the feature extracted by wavelet packet energy entropy
method is more accurate. By comparing the accuracy rate
of the model based on the same feature extraction method
in recognizing faults under different working states, it can
be found that the recognition effect of the recognition
model is similar, but the recognition for the normal working
state is slightly better.

The false alarm rates of the four feature extraction
methods are shown in Figure 8. It can be seen that the false
alarm rates of the four feature extraction methods are low
when detecting faults under the normal working state and
high when detecting faults under the other two states, and
moreover the false alarm rate of the feature extracted by
the energy entropy of wavelet packet is the lowest in any
working state.

As shown in Figure 9, the precision rate is 70.2%, 72.3%
and 78.2% in the normal state, state of loosen screw and
state of falling of spring when of Fourier transform is used,
85.15%, 86.4% and 86.3% when short-time Fourier
transform is used, 88.32%, 92.5% and 89.4% when wavelet
transform is used, and 99.1%, 97.3% and 96.7% when the
energy entropy of wavelet packet is used. It can be seen that
the precision rate is the highest no matter under what kind
of state when the features extracted by the energy entropy
of wavelet packet are used, and moreover the difference is
not significant. The precision rate of themodel based on the
other three methods has fluctuations under different
operation states.

It can be seen from Figures 7–9 that the feature
detection based on wavelet packet energy entropy had
higher accuracy and precision and lower false alarm rate in
detecting the normal circuit breaker and circuit breaker
with two kinds of faults. The reason is that Fourier



Fig. 9. Recognition precision rate of the fault detection model
based on different feature extraction methods. Fig. 10. Recognition time of different feature extraction normal

fault detection model.
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transform transforms the variation rule of signal distribut-
ed in time domain into the variation rule of signal
distributed in frequency domain, which is equivalent to
making statistics on the frequency distribution of the whole
analysis signal and cannot reflect the local time-frequency
characteristics of the signal. However, the vibration signal
detected in this study is non-stationary, and its main
features are concentrated in local position. Short-time
Fourier transform (STFT) alleviates the original problem
to some extent. The added time window function partitions
the time axis of the signal and reflects the local time-
frequency characteristics to some extent. However, due to
the fixed size and shape of the time window, it is still full-
frequency domain analysis in the frequency domain, which
cannot fully display the fine signal in a certain frequency
band in a single time point. After the wavelet transform
formula is applied to the detection signal, the multi-
resolution analysis of the signal can be carried out, and
more accurate features can be obtained. However, the
wavelet transform follows the binary variation. When the
signal is processed, it only decomposes the low-frequency
part of the signal, but does not process the high-frequency
part. The effective features of the vibration signal are in the
high-frequency part, and it is difficult to obtain the
effective features after the wavelet transform. Wavelet
Packet Transform divides the signal into low frequency and
high frequency and made multi-scale decomposition of
wavelet transform, so as to obtain more complete signal
features. The more complete and accurate the extracted
features are, the higher the accuracy and accuracy of SVM
training and detection and the lower the false alarm rate.

The recognition time of the four feature extraction
methods is shown in Figure 10. It can be seen that the
application of different feature extraction methods will
affect the recognition time of the fault recognition model.
The recognition time of the detection model based on
wavelet packet energy entropy is the shortest, and the
recognition time of the model based on Fourier transform is
the longest. The results show that feature extraction based
on wavelet packet energy entropy can significantly improve
the recognition efficiency of the recognition model.
5 Conclusion

This paper briefly introduces the feature extraction
method of the vibration signal of high voltage circuit
breaker and SVM algorithm and analyzed the high voltage
circuit breaker in three states: normal operation, fixed
screw loosening and falling of opening spring, using the
SVM algorithm based on the above feature extraction
method. The results are as follows. Vibration signals
under three states are compared and analyzed, and the
difference between them is obtained. Under three working
states, the recognition rate of the model based on wavelet
packet energy entropy feature extraction is the highest,
followed by wavelet transform feature extraction, short-
time Fourier feature extraction and Fourier transform
feature extraction; the recognition precision rate is the
same, while the false alarm rate is the opposite. In
the aspect of recognition time, the recognition time of the
model based on Fourier transform feature extraction is
the longest, followed by short-time Fourier transform,
wavelet transform and wavelet packet energy entropy.
The novelty of this study is that it realized the rapid and
accurate determination on whether high voltage circuit
breaker has faults and the types of faults through
combining vibration feature extraction method with
SVM algorithm and moreover compared different feature
extraction methods.
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