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Abstract: The vibration signal of an on-load tap changer (OLTC) consists of a series of sharp vibration
bursts, and its fault feature in certain periods is easily missed. This study considered that prepro-
cessing the vibration signal of the OLTC in segments could effectively solve the aforementioned
problem. First, the collection of the signal is discussed, the waveform characteristics of the vibration
signal when the OLTC was in normal action was described, and the selection of the signal was
analyzed. Second, the time domain characteristics and frequency spectrum analyses were carried
out to demonstrate the necessity of segmented preprocessing. Further, the segmented preprocessing
method for the vibration signal of the OLTC was presented. Finally, the main mechanical faults of
the OLTC were simulated, and the vibration signals were collected to carry out the fault diagnosis
experiment on the OLTC. The experimental results showed that the accuracy of the fault diagnosis
increased from 94.30% of the nonsegmented preprocessing to 98.46% of the segmented preprocessing.
The increase was greater, especially for contact wear faults. The method was successfully applied to
the actual project.

Keywords: fault diagnosis; feature extraction; OLTC; segmented preprocessing; vibration

1. Introduction

An on-load tap changer (OLTC) is one of the most error-prone parts in a transformer.
When a fault occurs, it threatens the safe and stable operation of the power transformer [1].
OLTC failure is one of the leading causes of high-voltage power transformer failure [2].
Statistics show that transformer accidents caused by the OLTC account for more than
20% of such incidents, and they are mainly mechanical faults [3,4]. Vibration analysis is a
noninvasive and advanced diagnostic technique suitable for detecting mechanical faults [5].
In recent years, vibration analysis has been adopted in some utilities for online condition
monitoring of the OLTC of a power transformer [6].

However, the vibration signals of the OLTC are highly time-varying and nonstation-
ary, making it very difficult to precisely extract effective features for mechanical fault
diagnosis [7]. Therefore, the effective extraction of the features of the vibration signal
and the finding of a method that can accurately identify the mechanical failure of the
OLTC have attracted the attention of the academic community. Wang et al. [8] proposed a
signal feature extraction method combining singular value decomposition denoising and
wavelet packet (WP) denoising, and the method was successfully applied to the analysis
of the actual vibration signal of OLTC. Lu and Cui [9] analyzed the vibration signal of
the OLTC while closing contact to obtain its WP energy and entropy, based on which the
fault characteristic signal could be easily found. Duan et al. [10] proposed a new method
based on a multiresolution feature extraction algorithm and a genetic optimization support
vector machine (GA-SVM). The kernel function parameters and penalty factors of the SVM
were optimized by GA to improve the accuracy of the OLTC fault classifier. Gao et al. [11]
used WP energy entropy to describe the information comprising the vibration signal in the
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switch process of an OLTC, and they proposed a fuzzy weighted least squares support vec-
tor machine model based on the cuckoo search algorithm to identify mechanical fault types.
It could deal with a small sample and nonlinear prediction problems well. Yue et al. [12]
proposed an improved Hilbert-Huang transform comprising the ensemble empirical mode
decomposition and Hilbert marginal spectrum analysis, combined with the Volterra model
of chaotic time series, to aid with mechanical fault feature extraction of OLTCs. Compared
with other methods, the proposed method achieved a higher fault recognition accuracy.
Duan et al. [13-15] proposed an improved empirical mode decomposition (EMD) with
the masking signals of multiple frequencies added, a narrowband, noise-assisted, multi-
variate empirical mode decomposition method, and a method combining an optimized
Hilbert-Huang transform (HHT) algorithm and Lorentz information measure to analyze
the vibration signals of the OLTC during a contact switch. These methods had obvious
superiority in aliasing reduction compared with the conventional methods. Xu et al. [16]
proposed a method combining ensemble EMD, the Volterra model, and a decision acyclic
graph support vector machine to improve adaptability, feature resolution, and identifi-
cation accuracy when diagnosing mechanical faults in the OLTC of a transformer. The
method could not only solve the nonstationary problem of signals, but also greatly relieve
the computational complexity and improve the computing speed. Liu et al. [17] applied the
variational mode decomposition to the decomposition of an OLTC mechanical vibration
signal, thus effectively avoiding the phenomenon of modal aliasing and enhancing the
accuracy of feature extraction. Li et al. [18] investigated a novel strategy based on a hidden
Markov model for the mechanical fault diagnosis of an OLTC. A feature vector extraction
methodology was presented for discrete power spectra with partition, normalization, and
vector quantization of the power spectral density of the obtained vibration signals. The
method, to the farthest extent, could retain the unique features and differences in various
mechanical condition modes. Wang et al. [19] presented a mechanical fault diagnosis model
of the OLTC based on the combination of phase space fusion of a Bayes estimation and
improved support vector data description (SVDD), considering the chaos dynamic features
of the vibration signals of the OLTC. The model had a high diagnostic accuracy and calcula-
tion efficiency. Zeng et al. [20] presented a fault recognition method for the OLTC based on
the convolutional neural network, considering the texture features of the recurrence plot
for vibration signals during the switching process of the OLTC. The recognition rate of the
slight fault improved greatly. Wang et al. [21] proposed a feature extraction method based
on improved variational mode decomposition and weight divergence, and they used the
harmony search to optimize the parameter selection of the relevance vector machine. The
proposed integrated model exhibited a high fault diagnosis accuracy.

Some achievements have been made in fault diagnosis of the OLTC based on vibration
signals, but room for improvement still exists. It may be a good idea to preprocess the
vibration signal of the OLTC in segments. The decision to process in segments determines
the quality of the feature extraction and also whether the final detection result is correct, to
a large extent. Zhang et al. [22-24] pointed out that selecting the specific period of the OLTC
vibration signal might highlight state features, and they proposed the OLTC vibration
signal stage division method based on the Teager energy operator double threshold method.
However, they put too much emphasis on the accuracy of the segmentation, complicating
the algorithm and reducing the practicability.

Therefore, compared with the study by Zhang, the present study was more focused
on application, pursuing simplicity, and practicality. It demonstrates the necessity of pre-
processing the vibration signal of the OLTC in segments and presents the corresponding
method. The rest of this manuscript is organized as follows. In Section 2, the collection of
the signal is discussed, the waveform characteristics of the vibration signal when the OLTC
is in normal action is described, and the selection of the signal is analyzed. In Section 3,
analyses of the time domain characteristics and frequency spectrum, performed to demon-
strate the necessity of preprocessing the signal in segments, are described. Furthermore,
the segmented preprocessing method for the vibration signal of the OLTC is presented.
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Section 4 validates the accuracy and efficiency of the method. Finally, conclusions are
drawn, and potential areas for future research are highlighted in Section 5.

2. Vibration Signals of the OLTC
2.1. Collection of the Signal

An OLTC comprises the following elements: a tap selector, a diverter switch, and a
motor [25,26]. A typical vibration signal is caused by the tap changer’s action [27]. General
vibration signal sensors include displacement sensors, speed sensors, and acceleration
sensors. Acceleration sensors are generally used to collect the mechanical vibration signal
of the OLTC. This is because the vibration signal is a response to the internal excitation
source of the equipment and changes according to the change in the mechanical state
of the OLTC. Its essence is the superposition of a series of transient acceleration signals.
The sampling rate of the vibration signal should not be lower than 10 kSa/s, because
the main vibration signal spectrum is within 2000 Hz when the OLTC is in action. In
addition, considering the limitation of the sensor’s frequency range and the pressure
of data transmission, calculation, and storage, the sampling frequency at this stage is
preferably not higher than 100 kSa/s.

Multi-sensor signal collection can significantly improve fault detection performan-
ce [28]. In this study, three channels were selected to collect vibration signals. The instal-
lation method and the location of the sensor needed to be carefully selected due to the
structural limitations of the transformer and the safety limitation of the electrical equip-
ment, which further impacted the application of the vibration analysis of the OLTC in
the field [29]. Vibration sensors are generally only allowed to be installed on the exposed
top cover of the OLTC or the side wall of the transformer tank. Sensor 1# was vertically
installed in the middle of the OLTC's top cover, and Sensor 3# was horizontally installed
on the side edge of the OLTC’s top cover, as shown in Figure 1a. In this way, the vibration
signal could be directly transmitted to the sensor through the OLTC’s shell, and the maxi-
mum signal amplitude and the energy characteristics can be obtained, thereby obtaining
the most realistic spectrum characteristics. Sensor 2# was installed on the side wall of the
transformer, away from the OLTC, to eliminate the interference caused by the vibration of
the transformer through correlation analysis, as shown in Figure 1b.

a

(b)

Figure 1. Installation location of the vibration acceleration sensors.

2.2. Waveform Characteristics of the Vibration Signals of the OLTC

The vibration signals of the OLTC were in the short term and had a typical stage [30].
The action of the switch contacts had a strong regularity as the main source of OLTC
vibration. The sequence, impact intensity, and interval of the contacts during the shift of
the same-side gear were highly consistent [31]. Therefore, the vibration signals during
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different periods corresponded to different action processes. The measured vibration signal
during the normal action of the OLTC is shown in Figure 2 (Sensor 1#).
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Figure 2. Measured waveform of the vibration signal during the normal action of the OLTC.

As shown in Figure 2, the vibration acceleration signal of the OLTC was transient in
the whole range, including several mutation processes such as starting, switching, and
stopping. Therefore, the vibration signal of the OLTC was divided into the starting segment
AB, energy storage segment BC, switching segment CD, and stopping segment DE. The
starting segment AB was very short, generally from dozens to hundreds of milliseconds; the
signal was very random and generally not used for analysis. The energy storage segment
BC was relatively long, lasting several seconds. The signal was relatively stable, and the
frequency spectrum was relatively simple and fixed. The switching segment CD was
normally 50-170 ms long. It was composed of some drastic waves, the signal amplitude
was unstable, and the frequency range was very wide. The stopping segment DE was tens
to hundreds of milliseconds. The signal amplitude gradually decreased until it stopped,
and this segment was generally not used for analysis.

2.3. Selection of the Vibration Signal of the OLTC

The whole waveforms of the vibration signals collected by the three sensors when
the OLTC was in normal action are shown in Figure 3a. A section of the energy storage
segment was intercepted and expanded, as shown in Figure 3b. Furthermore, a section of
the switching segment was intercepted and expanded, as shown in Figure 3c.

Figure 3 shows the following: (1) The vibration signals of the energy storage segment
were mainly composed of medium- and low-frequency components, with a few high-
frequency components. (2) The vibration signals of the switching segment contained a large
number of high-frequency components, due to the mechanical impact during switching. (3)
Sensor 1# was installed vertically on the OLTC’s top cover, the vibration signal was directly
transmitted to the sensor through the OLTC’s shell, and the amplitude of the vibration
acceleration at this sensor was the highest in the whole process. Sensor 2# was installed on
the side wall of the transformer tank, and the transmission path included the transformer
oil and the transformer shell. The amplitude was reduced, being second to Sensor 1#, but
the signal was stable. Sensor 3# was installed near the fixed point of the driving mechanism,
which had strong rigidity. Besides the installation posture, the amplitude decreased very
obviously and was the lowest. (4) For Sensor 2# and Sensor 3#, the attenuation of high-
frequency components was particularly severe due to the installation location, installation
posture, and transmission path.

The signal amplitude of Sensor 3# was reduced too much, and the signal of Sensor 2#
needed to be considered for additional processing to reduce the interference of the trans-
former’s own vibration on the vibration signal of the OLTC. Therefore, it was recommended
that the signal of Sensor 1# be the main signal and the signal of Sensor 2# be the auxiliary
signal for analysis.
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The aforementioned analysis showed that the vibration signals collected at different
locations had different vibration characteristics during the same time period. On the
contrary, the vibration signals collected at the same location also had different vibration
characteristics during different time periods. Choosing the proper installation location of
the sensor was crucial to the segmentation processing of the vibration signal. To simplify
the analysis, this study selected the vibration signals obtained using an acceleration sensor
placed on the OLTC’s head cover (Sensor 1#).
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Figure 3. Waveforms of vibration signals at different measuring points.

3. Segmentation Preprocessing
3.1. Necessity of Segmentation Preprocessing
3.1.1. Time Domain Characteristic Analysis

The measured waveform in Figure 2 expanded, as shown in Figure 4.
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Figure 4. Measured waveform expansion of the vibration signal during the normal action of the
on-load tap changer (OLTC).

Figure 4 shows that the vibration signals of the energy storage segment and the
switching segment had obvious differences in either the amplitude of the Y-direction
vibration acceleration or the density of the X-direction vibration waveform. The energy
storage segment lasted for a long time, the amplitude of the vibration acceleration and the
vibration frequency (the number of signal cycles per second) were relatively low, and the
waveform was relatively stable. The duration of the switching segment was very short,
the amplitude of the vibration acceleration was relatively high, the range of the vibration
frequency was wide, and the randomness of the waveform was relatively large.

Therefore, preprocessing the vibration signal of the OLTC in segments inevitably
reduced the possibility of missing useful information.

3.1.2. Frequency Spectrum Analysis

The vibration signals of the energy storage segment, the switching segment, and the
nonsegmented part were analyzed with a fast Fourier transform (FFT), and the generated
spectra are shown in Figure 5.

Figure 5 shows the following: (1) The frequency domain of the energy storage segment
was within 1 kHz, the frequency characteristics were very obvious and concentrated, and
the components above 1 kHz could basically be ignored. (2) The frequency domain of the
switching segment was relatively wide, and it was distributed within 0-50 kHz (due to the
limitation of the sampling rate, the limit frequency of the FFT analysis could only reach
50 kHz). The frequency characteristics were not obvious or divergent. (3) The spectrum
amplitude of the energy storage segment and the switching segment differed by two orders
of magnitude. If the two were added together (that is, nonsegmented), the signal spectrum
of the nonsegmented part and the energy storage segment were almost the same, and the
spectral characteristics of the switching segment were completely obliterated.

In summary, the difference between the energy storage segment and the switching
segment of the vibration signals of the OLTC was obvious, whether from time domain
analysis or frequency spectrum analysis. Nonsegmented processing resulted in missing
the frequency characteristics of the switching segment. Hence, it is necessary to preprocess
the vibration signals of the OLTC in segments, so as to prevent effective information from
being missed and improve the accuracy of fault diagnosis.
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Figure 5. Vibration signal spectrum of the OLTC.

3.2. Method of Segmentation Preprocessing

It was still difficult to monitor the OLTC’s condition online. Therefore, the segmenta-
tion preprocessing method was the best for not increasing data processing complexity. The
method proposed in this study was simple, practical, and had a high accuracy. The basic
steps were as follows.

Step 1: The absolute value of the vibration signal was averaged in units of 1 ms, and
an envelope curve with a sampling rate of 1 kSa/s was obtained.

Step 2: The envelope curve was properly smoothed, and a smooth envelope curve
was obtained.

Step 3: The envelope curve was derived to get the derivative curve, and the feature
inflexion points of the smooth envelope curve were found.

Step 4: The segmentation points of the vibration signal were calculated according to
the feature inflexion points and combined with the time-ordered action characteristics of
the OLTC.

The calculation process is shown in Figure 6.
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Figure 6. Process of computer segmentation of the signal.

Some studies showed that the types of faults which were easy to detect were different
during different periods of the vibration signal. The energy storage segment corresponded
to the rotation process of the external transmission shaft, and it was easy to detect the
looseness and jamming of the external transmission mechanism. The switching segment
corresponded to the action of the OLTC switch. The switching process of the OLTC involved
the actions of multiple contacts such as main contacts, main on-off contacts, and excessive
contacts. Therefore, multiple vibration peaks with strong amplitudes were found in the
switching segment. By analyzing the vibration signal in the switching segment, it was easy
to detect whether the contacts of the switch were loose or excessively worn [23,28].

Therefore, extracting the features of different faults at different stages of the vibration
signal is of great significance for analyzing each component of the OLTC. However, in
actual use, the extracted vibration division points often do not correspond to the preset
vibration stage due to noise and the possible loose parts of the OLTC, which greatly affects
the fault diagnosis accuracy. In this study, the signal was preprocessed in segments, just
to discard the time period with too many interference components (the starting segment
and the stopping segment) and retain the time period with rich condition information (the
energy storage segment and the switching segment). Moreover, reserved time periods were
processed separately to prevent the annihilation of the fault information and maintain the
integrity of the fault information. Therefore, the method proposed in this study did not

require the high precision of division points.

4. Experiment
4.1. Sample Description
The established samples are shown in Table 1.
Table 1. Established samples.
Fault Fault Tvpe Number of Continuous Number of Number of Training Number of
Code M Samples Supplementary Samples Samples Extended Samples

Normal (1) 28 0 20 8

0 Normal (2) 28 0 20 8
Normal (3) 28 6 20 14

1 Contact wear (1) 28 0 20 8
Contact wear (2) 28 16 20 24

NA Spring fatigue and 28 4 0 )

contact wear

2 Curved plate falling off 28 0 20 8

3 Curved plate loosening 28 0 20 8

4 Jamming (1) 12 0 10 2
Jamming (2) 28 10 20 18

5 Abnormal switching 28 0 20 8

6 Contact loosening 28 0 20 8

7 Contact falling off 28 0 20 8

Main spring fatigue (1) 28 0 20 8

8

Main spring fatigue (2) 28 16 20 24
Total 404 52 270 186
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The test object was an OLTC, whose type was CMIIL; 600Y /126C-10193W. The type
of vibration acceleration sensor was LC0103TB-50. The sampling rate was 100 kSa/s. The
wavelet base DB3 was used to decompose the vibration signal into four-layer WPs, and
the classifier SVM was used to realize the intelligent diagnosis of the mechanical faults of
the OLTC.

The mechanical faults of the OLTC included drive mechanism faults (e.g., trip over
stop, refusal to move, parts loosening, parts falling off, spindle deformation, and jamming),
switching mechanism faults (e.g., spring fatigue, spring breakage, parts loosening, parts
falling off, and mismatching between the groove and wheels), and selection mechanism
faults (e.g., parts loosening, parts falling off, parts distorted and deformed, and unbalanced
operation of the switch) [32-36]. Some of these faults were mainly reflected in the energy
storage segment, some were reflected in the switching segment, and others affected the
whole process.

The OLTC had 17 tap positions, with transition positions between 8 and 9 as well as
9 and 10. Data with and without transition positions must be processed separately. This
study only focused on data without transition positions. Excluding 8-9 and 9-10 upshifts
and 10-9 and 9-8 downshifts, 14 upshifts and 14 downshifts were detected (1-2, 2-3, 3-4,
4-5,5-6, 6-7,7-8,10-11, 11-12, 12-13, 13-14, 14-15, 15-16, and 16-17 upshifts; 2-1, 3-2, 4-3, 5-4,
6-5, 7-6, 8-7,11-10, 12-11, 13-12, 14-13, 15-14, 16-15, and 17-16 downshifts). The continuous
samples were measured from the 1-2 to 16-17 upshifts and then from the 17-16 to 2-1
downshifts. The supplementary samples were obtained by repeated tests of the 1-2 upshift
and the 2-1 downshift.

The training samples used 1-2, 2-3, 3-4, 4-5, 5-6, 12-13, 13-14, 14-15, 15-16, and 16-17
upshifts and 2-1, 3-2, 4-3, 5-4, 6-5, 13-12, 14-13, 15-14, 16-15, and 17-16 downshifts in the
continuous samples. The extended samples used the supplementary samples, consisting of
6-7,7-8,10-11, and 11-12 upshifts and 7-6, 8-7, 11-10, and 12-11 downshifts. In addition,
this study did not consider a situation where multiple faults occurred together for the time
being. Therefore, the spring fatigue and contact wear fault was only used as an extended
sample. As long as the diagnosis result was spring fatigue or contact wear, the diagnosis
was considered correct.

The detailed descriptions of the fault types in Table 1 are shown in Table 2.

Table 2. Descriptions of fault types.

Fault Type Description

Normal (1)

Normal (2) No fault. Data were obtained on different dates. The OLTC was detachable; therefore, the data might
be different.

Normal (3)

Contact wear (1)

The surface of a group of four moving and static transition contacts were artificially roughened to
simulate the fault that the contacts were burned by the arc.

Contact wear (2)

The surface of 16 A-phase moving contacts were artificially roughened to simulate the fault that the
contacts were burned by the arc.

Spring fatigue and contact wear

The main spring was shortened by two turns, and the surface of the 16 A-phase moving contacts was
artificially roughened.

Curved plate falling off

The entire curved plate of phase A was removed.

Curved plate loosening

The screws of the A-phase curved plate were loosened.

Jamming (1)

Sawdust was added to the gearbox. Jamming (1) and Jamming (2) were different in the position and

Jamming (2)

quantity of sawdust.

Abnormal switching

The position of the switch was adjusted so that it was offset by a certain angle.

Contact loosening

The pressure spring of the selector switch contact was cut off for one turn.

Contact falling off

One set of three selector switch contacts was removed.

Main spring fatigue (1)

The main spring was shortened by four turns.

Main spring fatigue (2)

The main spring was shortened by two turns.
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4.2. Diagnosis Results

After the vibration signal was segmented, the accuracy of the SVM model training
and optimization was 97.19%, which was higher than when it was not segmented (92.28%).
A total of 270 training samples and 186 extended samples, as well as the trained model and
the c and g parameters after optimization, were used for fault diagnosis by the SVM; the
diagnosis results are shown in Table 3. In the table, error means that a normal sample was
diagnosed as a fault, mistake means that a fault was diagnosed as another fault, and miss
means that a faulty sample was diagnosed as normal. It should be noted that if the sample
of spring fatigue and contact wear was diagnosed as major spring fatigue or contact wear,
the diagnosis result was considered correct.

Table 3. Diagnosis results.

Segmented Nonsegmented
Fault Type Total Number of Samples : : ; N
Error Miss Mistake Error Miss Mistake
Normal 90 1 / / 2 / /
Contact wear 72 / 3 / 3
Curved plate falling off 28 / /
Curved plate loosening 28 / / 1
Jamming 50 / /
Abnormal switching 28 / /
Contact loosening 28 / 1 / 2
Contact falling off 28 / /
Main spring fatigue 72 / 1 / 3
Spring fatigue and contact wear 32 / 1 / 3 12
Total 456 1 2 4 2 3 21
Correct rate 98.46% 94.30%

In Table 3, when vibration singles were not segmented, the 2 errors were diagnosed as
contact wear, the 3 misses were faults related to contact wear, 3 out of 21 mistakes were
wrong judgments of other faults as contact wear, and 15 were wrong judgments of faults
related to contact wear as other faults.

Table 3 shows that the accuracy of fault diagnosis increased from 94.30% in nonseg-
mented preprocessing to 98.46% in segmented preprocessing. The increase was greater,
especially for contact wear faults.

5. Conclusions

The vibration signal of the OLTC consisted of a series of sharp vibration bursts, and
its fault feature during certain periods was easily missed. This study considered that
preprocessing the vibration signal of the OLTC in segments could effectively solve this
problem. This study explored the necessity of a segmented preprocessing method. The
main conclusions are as follows:

1.  The vibration signal of the OLTC was divided into the starting segment, energy
storage segment, switching segment, and stopping segment. The signals of the
starting segment and the stopping segment were very random and generally not used
for analysis;

2. Whether from time domain analysis or frequency spectrum analysis, the difference
between the energy storage segment and the switching segment of the vibration
signals of the OLTC was obvious. Nonsegmented processing resulted in missing
frequency characteristics for the switching segment. Hence, it was necessary to
preprocess the vibration signal of the OLTC in segments;

3. The segmented preprocessing method for the vibration signals of the OLTC was
presented. The method was simple, practical, and highly accurate;
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4. The main mechanical faults of the OLTC were simulated, the vibration signals were
collected, and OLTC fault diagnosis experiments were conducted. The experimental
results showed that the accuracy of the fault diagnosis increased from 94.30% in the
nonsegmented preprocessing to 98.46% in the segmented preprocessing. The increase
was greater, especially for contact wear faults. The method was successfully applied
to the actual project.

The segment points were fuzzy and not precise enough due to the limitation of the
waveform. However, this had little effect on feature extraction. In addition, theoreti-
cal verification was carried out in the laboratory, and it was impossible to simulate the
impact of the actual working environment on the analysis results. This aspect requires
further research.
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