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Abstract: On-Load Tap-Changer is an important device with high failure
rate in power systems. This paper proposes an improved EMD energy

spectrum feature extraction method based on vibration signals. It divides

the entire OLTC shifting process into two sections, and extracts their

characteristic energy spectrum. Analysis of sample data shows that this

method can more effectively distinguish the state of OLTC.

1. Introduction

The On-Load Tap-Changer (OLTC) plays an important role in the process of the
transformer adjusting the reactive power flow and stabilizing the center voltage of the load.
The reliability of the OLTC is directly related to the stability of the transformer and the
power system. According to statistics from foreign countries, OLTC faults account for 41%
of faults in load-regulating transformers[5][7]. Therefore, the online fault diagnosis of OLTC
is a problem that needs to be solved urgently.

The vibration signal is generated during the shifting process of OLTC. When OLTC has
hidden troubles or faults, its vibration signal will change. By extracting certain feature from
the vibration signal, it can diagnose the status of OLTC, timely repair and improve the
reliability of the equipment. Scholars Rivas et al. used hilbert transform and discrete
wavelet transform to analyze the vibration signals of different parts of OLTC, and obtained
the peak time and amplitude information of the signal envelope[1]. Scholars Zhao Tong and
others reconstructed the vibration signal in high-dimensional space, and defined the phase
point spatial distribution coefficient to identify the normal and fault states of OLTC
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[7][8] .Ma Hongzhong and Zhang Huifeng of Hohai University proposed the diagnosis using
EMD-HT time-frequency analysis algorithm, EMD entropy and wavelet entropy[2][3].These
methods solve the OLTC feature extraction problem to a certain extent, but many methods
are limited to feature extraction for a few hundred milliseconds of the in-position section,
ignoring the feature information contained in the stationary section.

In this paper, the entire vibration signal of OLTC shifting process is obtained. After the
signal pre-processing, it is divided into a stationary section and an in-position section and
the energy spectrum of two sections are calculated using the EMD method. The analysis of
these energy spectrum samples shows that these method can better identify some failures,
such as mechanism jam.

2. EMD energy spectrum algorithm

2.1. EMD energy spectrum algorithm
The EMD method assumes that any signal can be decomposed into multiple IMF

components and residuals as shown in Equation 1.

(1) Perform EMD method for vibration signal data  S t . Each IMF component can be

regarded as the component of the original signal in a certain frequency band.
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(t)nr is the residual function, which represents the average trend of the signal.

(2) Define the IMF energy as follow, and calculate the energy of each IMF :
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Where,N is the length of the IMF. The total signal energy is:
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(3) Construct the EMD energy spectrum

Based on the EMD energy entropy by Equation (4), let
2

kH H  and

normalize the EMD energy spectrum of the stationary section.
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(4) According to the method of steps (1)-(3), the EMD energy spectrum of the

stationary section '
1T and the energy spectrum of the in-position section '

2T are obtained.

Therefore, the EMD energy spectrum of the OLTC shifting process T can be defined as：
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2.2. Calculate correlation of the EMD energy spectrum
Considering that the energy spectrum has been normalized, the Pearson correlation

coefficient is used to determine the correlation between different signal samples. The
Pearson correlation coefficient is defined as:
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Where x and y are the energy spectrum of the samples, )(xE and )(yE are the mean of

them. If the feature extraction method is effective, the correlation in the same state will high
and the correlation in different states will low. For this article, when  > 0.95, the samples
are considered to be similar, and when  <0.85, the samples are considered different.

3. OLTC vibration signal preprocessing

The accelerometer sensor is installed on the head end cap of OLTC ZVIII350. The
vibration signal of OLCT collected by the accelerometer is sampled by the data collector
and uploaded to the data processing software on the PC in the experiment.

Figure 1. Original vibration waveform and signal spectrum
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From the related literature [6] and the signal spectrum in the right part of Figure 1, it can
be found that the energy is mainly concentrated at 50Hz-1kHz. Combining the principle of
OLTC and the characteristics of the vibration signal, the entire shifting process can be
divided into two section: the stationary section and the in-position section. The stable
section is mainly the external electric mechanism driving the spring to store energy. At this
stage, the vibration signal is relatively stable and the amplitude is small. The in-position
section is the release of the over-dead point of the energy storage mechanism, the switching
component operates according to predetermined requirements, and the contacts are
switched on and off to achieve gear switching, and the vibration signal changes suddenly.

Taking the signal samples in the normal state as an example, at this time, the OLTC is
increased from 1st gear to 2nd gear. The vibration signals of the stationary section and the
in-place section are solved by empirical mode decomposition to obtain IMF component,
and the odd components are shown in the figure below.

Figure 2. EMD diagram for two section

As shown by the IMF9 waveform in Figure 2, the components IMF8-IMF10 have
obvious modal aliasing, and their signal amplitude are only one tenth of other components.
Therefore, the characteristic energy spectrum of OLTC is composed of the first 7 IMF
components of the stationary section and the in-place section, that is, a total of 14 energy
Energy entropy form the EMD characteristic energy spectrum.

4. Energy spectrum extraction and analysis

The OLTC vibration experiment obtained a total of 192 sets of vibration signal samples,
of which 97 groups were in normal state, 50 groups were mechanism jam, and 45 groups
were spring breakage. Five signal samples are taken for each state, and the Pearson
correlation coefficient is used for data analysis.
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4.1. EMD energy spectrum in normal state
The energy spectrum of five samples in the normal state is shown in the figure below.

Figure 3. EMD energy spectrum in normal state

It can be seen that the distribution characteristics of the energy spectrum of vibration
signal are consistent. The energy is mainly concentrated in the IMF3≈ 0.29,IMF4≈ 0.32,
IMF5≈0.24 in the stationary section, and the IMF9 ≈0.15, IMF10≈0.52, IMF11≈0.2 and
IMF12≈0.1, etc in in-position section. The table 1 shows the correlation of the five samples
in normal state is greater than 0.95, and the similarity of the samples is high.

Table 1 The correlation of EMD energy spectrum in normal state

Correlation Normal 1 Normal 2 Normal 3 Normal 4 Normal 5

Normal 1 1.000 0.978 0.985 0.960 0.972

Normal 2 0.978 1.000 0.992 0.988 0.996

Normal 3 0.985 0.992 1.000 0.987 0.992

Normal 4 0.960 0.988 0.987 1.000 0.994

Normal 5 0.972 0.996 0.992 0.994 1.000

4.2. EMD energy spectrum of mechanism jam
The energy spectrum of signal samples under jam conditions is shown below.
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Figure 4. EMD energy spectrum of mechanism jam

The figure shows that the characteristics of the energy spectrum of the mechanism jam
faults have good consistency. The corresponding frequency of the IMF component is from
high to low. Compared with the normal state, the energy of the high-frequency vibration
signal is increased. The IMF2 ratio of the stationary section has increased significantly to
0.17, the IMF3 ratio has increased to 0.45, and IMF4 has decreased slightly to 0.25. The
IMF9 ratio of the in-position section increased to 0.3 and IMF10 decreased to 0.4.The
correlation of the characteristic energy spectrum of samples is also above 0.95.

Compared with the same state, the correlation between different states are less than 0.85
in Table 2 below, which indicates that it can distinguish between normal state and
mechanism jam.

Table 2 The energy spectrum correlation between mechanism jam and normal state

Correlation Jam1 Jam 2 Jam 3 Jam 4 Jam 5

Normal 1 0.727 0.684 0.715 0.725 0.726

Normal 2 0.828 0.798 0.818 0.824 0.827

Normal 3 0.818 0.779 0.882 0.816 0.816

Normal 4 0.818 0.826 0.852 0.844 0.842

Normal 5 0.843 0.821 0.843 0.843 0.847

4.3. The effectiveness of the stationary energy spectrum
In order to verify the effectiveness of the method, we take the normal state and the

mechanism jam as examples, as shown in the Table 3.
Table 3.Comparison of correlation before and after adding stationary features
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without the stationary section with the stationary section

Correlatio

n Jam 1 Jam 2 Jam 3 Jam 4 Jam 5 Jam 1 Jam 2 Jam 3 Jam 4 Jam 5

Normal 1 0.862 0.757 0.805 0.860 0.867 0.727 0.684 0.715 0.725 0.726

Normal 2 0.928 0.849 0.876 0.924 0.930 0.828 0.798 0.818 0.824 0.827

Normal 3 0.907 0.809 0.942 0.905 0.905 0.818 0.779 0.882 0.816 0.816

Normal 4 0.907 0.900 0.941 0.968 0.964 0.818 0.826 0.852 0.844 0.842

Normal 5 0.942 0.872 0.904 0.944 0.949 0.843 0.821 0.843 0.843 0.847

It can be seen that the correlation between different states is obviously reduced after the
characteristic energy spectrum of the stationary section is supplemented,which indicates
that the characteristics energy spectrum of the stationary section is correct and effective.

It should be noted that some states such as contact failure only occur in the in-position
section, and the characteristics of the stationary section are not affected. In this case, there
will also be a situation where the correlation is slightly increased after adding the
characteristics of the stationary section.

5. Conclusion

Aiming at the problem that the original OLTC fault diagnosis only focused on the
vibration signal of the in-position section, this paper proposes to increase the characteristic
energy spectrum of the stationary section as a supplement, and together with the in-position
section's characteristic, form the EMD energy spectrum. Without increasing the number of
sensors and the complexity of the algorithm, the effectiveness of state feature extraction is
improved. The research in this paper shows that the EMD energy spectrum in the same
state has regularity and high similarity, but the EMD energy spectrum in different states has
obvious differences.
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