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Abstract—This paper proposes a sound separation methodol-
ogy based on deep learning neural network (DLNN) to extract
useful diagnostic material in non-invasive audio-based On-Load
Tap Changer (OLTC) diagnostics. The proposed methodology has
been experimentally verified on both artificial mixtures (created
by reproducing the targeted data by the speakers placed next
to the active transformers) and actual mixtures (recorded by
the microphone during OLTC live operation in the field). The
results show that the method produces high-quality estimates
(correlation to referent fingerprints ρ > 0.9) compared to
other sound separation methods, e.g. Independent Component
Analysis (ICA). The proposed framework can also perform
source separation from a monaural mixture (mixture recorded
with a single microphone only), which is impossible for ICA
methods. Moreover, the results show that DLNN trained with
healthy OLTC data produces diagnostically valuable estimates
even when fed with a faulty OLTC audio mixture. For that
reason, once trained, the DLNN can produce the diagnostic signal
estimates from monaural mixtures that can be used with existing
vibration-based diagnostic methods.

Index Terms—OLTC, maintenance, Vibro-acoustic diagnostics,
Deep Learning Neural Networks, Harmonic-Percussive Source
Separation, Semi Blind Source Separation

I. INTRODUCTION

ON-LOAD TAP CHANGER (OLTC) is the only trans-
former element that includes moving parts. The transi-

tion process from one tap position to another is initiated by the
start of the motor drive, followed by the tap selector operation
that makes the transformer winding’s new physical tap posi-
tion. The previous tap selector position release is performed
after the diverter switch operation temporarily places a large
impedance in series with the short-circuited transformer turns.
Some of these events result in mechanical impacts that cause
OLTC to vibrate, thus generating suitable diagnostic signals.

A. Literature review—Vibration-based OLTC diagnostics

During the past twenty years, many new methods for non-
invasive On Load Tap Changer (OLTC) diagnostics have been
developed, and many papers have been published [1]–[20].
These papers were focused primarily on three main research
goals: (i) simplification of the collected signals through ex-
traction of numerical parameters; (ii) parameter-based classi-
fication; and (iii) fault type identification. A detailed review
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of various methods for vibro-acoustic condition assessment of
power transformers and On Load Tap Changers is given in
[11].

Kang et al. [1] used wavelet analysis to determine time
instances between the vibration bursts, the number of bursts,
and the strength of the bursts. In [2], these parameters were
used for a field evaluation over three years with the self-
organizing maps (SOMs) for data classification. An improved
method for burst detection in the vibration signal by selecting
optimal mother wavelet and the burst threshold establishment
is described in [3]. Condition assessment of OLTC Tap Se-
lector utilizing T-F vibration analysis is presented in [4].
Viereck and Saveliev [12] used a wavelet transformation to
show several time-frequency images of the OLTC switching
operation where different phenomena were marked, such as
preselector and diverter switch operation; transformer buzzing
and 50 Hz disturbances of an energized transformer; the
impact of sensor mounting method and tap selector squeaking
anomaly.

Duan et al. [5] showed that the improved Empirical Mode
Decomposition (EMD) with the signal masking is helpful in
the detection of several OLTC faults, such as contact looseness
or insulated panel looseness. Wavelet Packet Decomposition
and genetic optimization support vector machine (GA-SVM) is
used in [6] to classify OLTC vibration signals recorded under
normal operating conditions, with loose main contact and the
broken mainspring.

The OLTC vibration signal and the signal recorded from the
High-Frequency Current Transducer (HFCT) clamped on the
transformer’s grounding cable were used in [7] for interpreting
events related to the OLTC operation. The OLTC vibration
signal classification based on the Hidden Markov Model
(HMM) has proven effective in detecting several faults, such
as poor conditions, contact abrasion, or a loose base in [8].
Classification based on the Dynamic Time Warping [9] of the
OLTC vibration signal showed even better results compared
to HMM classification from [8]. DTW provides a measure of
similarity between time series that may vary in speed. The
authors claim that the proposed method has 100% success
rate in detecting various mechanical problems of OLTC (tap
abrasion, tap loosening, insufficient energy storage).

Seo et al. [10] successfully applied the Savitzky-Golay (SG)
filter to analyze signals from the joint vibration and arcing
measurement system. Here, the SG filter is used to extract
essential information from both types of signals and retrieve
the voltage phase information from the arcing signal.

Signal processing based on integrated ensemble empirical
mode decomposition (EEMD) is used in [13]. EEMD results
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here are used as inputs for the Volterra model and Decision
Acyclic Graph Support Vector Machine (DAG-SVM) to deter-
mine the type of OLTC mechanical faults. The method report-
edly has 98.5% success rate in detecting OLTC mechanical
faults.

Liang et. al. [14] noticed that there exists a problem with the
noise even on the OLTC data collected with the accelerometer,
and for that reason, most of the diagnostic models based on the
vibration signal lack applicability. Consequently, the authors
proposed a fault diagnostics model based on the same-source
heterogeneous data fusion.

An approach to OLTC diagnostics in a smart grid with
electric vehicles (EVs) is presented in [15]: the experimental
results show that the proposed methodology can accelerate
the promotion of EVs and the establishment of intelligent
transportation environments.

Shang et al. [16] divided OLTC vibration signal into several
segments and used a genetic optimization support vector
machine (GA-SVM): it was experimentally shown that the
model has 98.46% success rate in detecting nine different
OLTC mechanical failures.

In [17], a diagnostic method was proposed based on signal
fractal properties. Higuchi’s algorithm was used on a signal
envelope of a simulated OLTC vibration model to estimate the
fractal dimension of the signal. Contact ageing was simulated,
and the results showed increasing differences between the esti-
mated fractal dimension of new and old OLTC contacts. This
method can be used for diagnosing contact degradation and
distinguishing between different mounting methods. However,
no validation on OLTC contacts whose condition is a priori
known has been conducted, nor was the proposed algorithm
tested for OLTC failure detection.

An acoustic emission (AE) method for OLTC diagnostics
was proposed in [18]. The acoustic bursts were captured
using a piezoelectric transducer mounted on the top of the
transformer—signal analysis in the time and time-frequency
domains for ten different OLTCs. Experimental results have
shown that AE signals from an OLTC running under load are
sufficient for the extraction of diagnostic material. However, all
the OLTCs were healthy, and only one OLTC showed possible
signs of deterioration.

In [19], a method for OLTC condition monitoring using
phase space reconstruction and Poincare sections has been
proposed to tackle the issues of high nonlinearity, overlapping,
and time-variance of vibration signals.

In [20], machine learning and signal processing has been
used for data-driven analysis and prediction of transformer
over/under excitation and inter-turn short circuits. The analysis
is done on vibration signals captured by the accelerometer as
well.

All of the reviewed papers were oriented toward the analysis
of OLTC or transformer core/winding vibroacoustic signals
captured with an accelerometer or similar surface-mounted
sensors. Another approach to this problem is audio-based
diagnostics using signals recorded with a microphone system.
The audio signal is nothing but the vibration that travels
through the air. In our previous work [21], we experimen-
tally proved a strong linear correlation between the vibration

signals’ envelopes collected by an accelerometer and the
audio signal collected by a microphone on a de-energized
transformer placed in a relatively quiet environment.

B. Benefits and challenges of audio-based diagnostics

There are two ways to capture audio signals on an active
transformer: (i) By installing a monitoring system that will
not interfere with the regular transformer operation: in this
case, the recording device should capture events during the tap
change process occurring with the load variation. As each tap
transition process is initiated by the current flow through the
motor, it is possible to use the current clamps signal as a trigger
for capturing events. This way, the acquired data is reduced
only to interesting intervals. (ii) The second way is the on-site
recording by the test personnel (preventive maintenance).

Audio-based diagnostics are especially interesting in this
case as they bring several advantages over vibration-based
diagnostics: (i) Audio measurements can be performed from
a certain distance from the test object. This way, physical
contact with the OLTC can be avoided, and the measurement
procedures can be significantly sped up while keeping a safe
distance from the transformer. (ii) With a flexible microphone
stand the test personal can reach some OLTC positions (such
as OLTC lid) from the ground, which removes the need to
climb on the transformer. (iii) Microphones, in general, have
a lower price compared to the accelerometers. (iv) Avoiding
physical contact with the test object also means avoiding prob-
lems that may result from poor sensor contact. (v) Existing
processing techniques for vibration signals can be applied to
the audio recordings.

However, the biggest problem in audio-based OLTC diag-
nostics is the contamination by the unwanted sources’ sound
signal. Several various audio sources are active during OLTC
operation. Those are (i) noise produced by motor operation,
(ii) noise produced by transformer windings (caused by the
Lorentz forces if the load is connected to the secondary
winding of a transformer), (iii) noise produced by the trans-
former core—magnetostriction, and (iv) noise produced by
the transformer cooling system (ventilators/fans). Separating
the useful signal from the contaminated audio mixture signal
opens the door to OLTC audio-based condition assessment.
The extracted signals can be used as inputs for existing
vibration-based diagnostic methods.

Many different methods and algorithms can be used for
sound separation. In case that the audio source separation is
based on limited or no information about the sources or mixing
system, the separation method is called Blind Source Separa-
tion (BSS) [22]. In the previous papers on this topic [23], [24],
the authors investigated the possibility of application of the
Independent Component Analysis (ICA) [25], [26] based blind
source separation algorithms for OLTC audio-based diagnos-
tics. There are two significant issues with ICA-based source
separation techniques: (i) the time delays due to the slowness
of the sound waves in the air are causing problems for these
algorithms. For that reason, the microphones’ position can
significantly affect the algorithm performance. (ii) ICA-based
techniques require the number of microphones to be equal or
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greater than the number of active audio sources, which makes
the usage of these algorithms quite unpractical. Nevertheless,
authors in [23] and [27] showed that it is possible to extract
the desired OLTC fingerprints with these methods by adjusting
the mic positions. However, if the microphone positions are
not appropriately adjusted, ICA-based algorithms provide poor
separation. Even ICA in the frequency domain [26], proven
effective in EEG/MEG signal analysis, was not successful in
separating these complex mixtures.

C. Benefits of using deep learning for signal extraction

One of the most recent and up-and-coming solutions for
the source separation problem is offered in [28]–[30]. The
solution is based on the novel advances associated with deep
learning neural networks (DLNN). When compared to some
other audio source separation methods, the main advantage
is that DLNN based separation can be performed from only
one audio recording signal (monaural mixture). This reduces
the number of microphones needed for capturing the targeted
diagnostic mixtures. The separation is performed by applying
binary or soft masking in the time-frequency domain. DNN
is trained to produce these bounded values (masks between
0 and 1). Moreover, DLNN based audio separation enables
embedding expert knowledge. This way, the known unwanted
interference can be separated from the useful diagnostic signal
at the first stage of the signal processing, thus making it more
suitable for further use in the diagnostic procedure.

The proposed solution is particularly suitable for the rapid
on-site diagnostics conducted by the test personnel. The idea is
that the signals can be captured while the transformer is active.
Quick condition assessment can help in the decision-making
process –whether the tested OLTC is suitable for further use or
requires additional inspection. The lack of the requirement for
the sensor contact speeds up the test procedure. Even battery
charged wireless microphones could be used for the recording.
Moreover, due to the easy portability, the proposed system
enables the temporary installation of the monitoring system.
However, it should be noted that audio-based diagnostics
is probably not the best option for unsupervised permanent
installation. Different uncontrolled noise sources, such as
those caused by different weather conditions, could increase
interfering noise and thus lead to false alarms.

In conclusion, the deep learning approach to sound sep-
aration allows the incorporation of several signal filtering
techniques into a single neural network but also enables
embedding the expert knowledge to signal filtration. This
approach can be extended to DLNN-based pattern recognition
for useful signal activity detection and later to fault detection,
which rests on similar principles. In addition, the network is
deployable to embedded devices.

D. Contribution

Literature review has shown that most papers are focused on
OLTC vibration analysis requiring accelerometers or special
sensors. Very little papers explore the possibility of audio-
based diagnostics using microphone recordings. The contribu-
tions of this paper are as follows:

1) framework for OLTC diagnostic signal extraction from
monaural audio mixture recordings;

2) determination of interfering audio sources, their charac-
teristics and signal preprocessing stage for deep learn-
ing;

3) experimentally validated deep learning neural network
for sound separation in OLTC condition assessment

Rest of the paper is structured as follows: in Section II
a brief overview of characteristics of the OLTC useful and
interfering audio signals is presented; Section III describes
in detail the proposed methodology; Section IV shows the
experimental verification results. Section V concludes the
paper.

II. PRELIMINARIES ON OLTC’S VALUABLE AND
POLLUTING AUDIO SIGNALS

OLTC comprises of two main elements: tap selector and
diverter switch. Usually, the diverter switch is located above
the tap selector so that the same driveshaft can operate both el-
ements. Various arrangements are also possible, which mainly
depend on the manufacturer. The sensor position can signifi-
cantly affect the events captured by the sensor. For that reason,
it is desirable to use two sensors for OLTC diagnostics—one
placed as close as possible to the diverter switch chamber
(preferably on the OLTC lid), and the other on the bottom—as
close as possible to the tap selector and motor drive mecha-
nism (Illustrated by Fig. 1). Simultaneously acquired signals
from two vibration sensors placed in the described positions,
shown in Fig. 2, verify the aforementioned statement. The

Fig. 1. Main elements of OLTC and recommended sensor positions

bottom signal (Fig. 2) is not desirable for diverter switch
diagnostics, as the part of this signal related to diverter switch
operation is highly attenuated. However, this signal captured
more events related to the tap selector operation, and thus it is
more beneficial for its diagnostics. The same principle applies
to the OLTC audio-based diagnostics. The number of acoustic
bursts captured by the sensor certainly depends on the OLTC
construction. Therefore, the vibro-acoustic diagnostics should
be adapted for each different OLTC type. Any mechanical
event that results in a corresponding acoustic occurrence can
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Fig. 2. Recorded vibration signals: sensor placed on the OLTC lid (top);
sensor placed on OLTC bottom near tap selector (bottom)

serve as valuable diagnostic information. Knowing the OLTC
construction can help in interpreting individual signal events.
Other methods can also capture mechanical events resulting in
vibration during the OLTC tap change process. For instance,
the dynamic resistance measurement (DRM) current curve
[31], [32] can help in identifying the origin of some bursts
in the vibration signal.

Fig. 3 shows typically acquired and normalized diagnostic
signals for one OLTC tap transition, including the DRM cur-
rent curve, the OLTC vibration fingerprint (recorded with the
accelerometer placed on the OLTC lid), and the motor current
(recorded with the current clamps). While the vibration signal
and the motor current can be captured on an active transformer,
the DRM graph can only be obtained after disconnecting the
transformer from the power grid. For that reason, DRM is
called an invasive test procedure. In Fig. 3, the first burst
of vibration signal (around 0.1 sec) can be associated with
the start of the motor drive. At this moment, the motor
inrush current starts to flow. At approximately 0.4 sec, another
vibration burst can be spotted: the origin of this burst can be
associated with the activation of the tap selector Geneva drive.
Activation of the diverter switch happens at around 3.7 sec,
followed by the several vibration bursts associated with the
diverter switch operation, in a period of about 200 ms. At
approximately 4.4 sec mark, the motor drive stops resulting in
an additional burst detectable in the vibration signal.
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Fig. 3. Typical diagnostic signals for one OLTC tap transition

Fig. 4 shows the segment of the acquired signals related
to the diverter switch operation. Vibration bursts marked

with 1, 2 and 3 can be related to the mechanical events
of diverter switch operation (Fig. 5): burst 1—the moment
when the first auxiliary contact enters the new tap position;
burst 2—the moment when the second auxiliary contact enters
the new tap position; burst 3—the moment when the main
contact enters the new tap position. It is hard to associate any
event in the vibration signal with the moment of deactivation
of the first auxiliary contact. Bursts marked with 4 and 5
can not be related to the diverter switch auxiliary or main
contacts movement. These bursts are probably the result of
the impacts associated with the OLTC breaking mechanism.
Simultaneously recorded dynamic resistance curve serves as a
proof of such a claim: Fig. 4 shows that there are no changes in
the DRM current curve for the interval in which the vibrations
bursts marked with 4 and 5 occur.
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Fig. 4. Segment of Fig. 3 related to diverter switch operation

In an active transformer, valuable diagnostic signals will
be polluted by the sound produced by various sources. Fig. 6
shows the frequency spectra of identified pollution sources and
the time-frequency (T-F) spectrograms of the experimentally
recorded audio signals produced by them. An audio signal’s
frequency components produced by the energized transformer
elements (core, windings, and ventilators) are usually in a
range of up to 1000 Hz, or even up to 2000 Hz in some cases
(see Fig. 6, top left and top right). The audio signal produced
by the motor operation contains higher frequency components,
even up to 5 kHz (see Fig. 6, bottom left). For condition
assessment of the OLTC contacts and detecting mechanical
problems, it is usually enough to observe a lower frequency
range, up to 10 kHz. The main idea of this paper is to use
deep learning to perform extraction of the valuable diagnostic
signal from the recorded monaural mixture, as described in
section III.

Fig. 5. OLTC diverter switch operation
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Fig. 6. Frequency spectrum of the polluting sounds: humming noise (top left),
ventilators (top right), motor sound (bottom left), and the T-F spectrogram of
the recorded audio mixture (bottom right)

The above analysis also provided the guidelines for placing
microphones for capturing the audio signals on the active
transformers. As microphones do not require physical contact
with the transformer, they can be placed at a safe distance
(for instance, 1m from the OLTC). In general, it can be
stated that the repeatability of the results is one of the main
factors for establishing quality diagnostics. As one goal is
to track signal deviations over time, it is desirable to place
the sensors in the same position as before. One can do that
by mounting the permanent microphone stands, enabling easy
placement and removal of the microphones during the testing
procedure. Moreover, there are many commercially available
microphones that enable wireless data transfer, which makes
their installation even more straightforward. In this type of
diagnostics, signal normalization is always desirable, as it
enables observation of the relative amplitude ratios. Deviations
caused by small displacements of the sensor position can be
eliminated this way.

III. METHODOLOGY

As described in Section II, the challenge is to separate
the valuable diagnostic signal from the recorded signal mix-
ture contaminated by surrounding noise. The blind source
separation solution proposed in this paper is based on deep
learning neural network (DLNN), made possible by recent
advances described in [28]–[30]. DLNN training process is
based on learning from the provided T-F images formed by the
overlapping T-F chunks from the spectrograms of the predictor
and the target signals. The goal is to minimize the mean
square error between the regression network output and the
input target. Two main approaches are used: soft masking or
binary masking. It is necessary to take the Short-Time Fourier
Transform (STFT) of the mixture and the desired signal over
the observed time interval to produce the ideal STFT binary
or soft mask for that signal mixture. Each T-F point of the
referent (desired) signal is compared with the signal mixture’s
corresponding T-F point. In soft masking, the ratio of these
amplitudes for each T-F point determines the soft mask’s value
in the range [0, 1] of the corresponding TF bin. The mask
value becomes either 0 (full attenuation) or 1 (no attenuation)
for the binary masking. The binary mask can be seen as a

special case of a soft mask. In the DLNN learning process,
overlapping is used in order to obtain more training samples.
The separation of the desired signal x[n] from the mixture is
then performed by applying the Inverse STFT (ISTFT) F−1

of the product of the time-frequency spectrum of the signal
mixture Xµ(m,ω) and the appropriate soft mask MS(m,ω)
(1):

x[n] = F−1
{
Xµ(m,ω) ·MS(m,ω)

}
(1)

where MS(m,ω) is defined as (2):

MS(m,ω) =
||X(m,ω)||
||Xµ(m,ω)||

∈ [0, 1] (2)

where X(m,ω) is the STFT of the desired signal to be
separated.

However, it is necessary to train the DLNN adequately. The
artificially created mixtures helped in identifying the optimal
method for obtaining the training data. Satisfying results for
obtaining the DLNN training data have been achieved with
the following signal processing procedures:

1) for diverter switch diagnostics, the signal mixture is
preprocessed using a combination of a comb filter and
a Wiener filter [33], [34];

2) for tap selector switch diagnostics, the signal mixture is
preprocessed using a combination of a comb filter and
Harmonic-percussive source separation (HPSS) [35],
[36].

Fig. 7 shows the proposed pre-processing stage and the
DLNN learning process. In both cases, the comb filtering
parameters are determined from the recorded audio mixture
segments in which the targeted signal is not active. The fre-
quency spectrum of these signal parts helped identify several
frequency bins with the largest amplitude. This information
is used for selecting the cut-off frequencies for several notch
filters, which are then cascaded to create a notch-comb filter.
For each notch filter, the notch depth is set to −20 dB, which
corresponds to amplitude reduction to 10% of the original
value. Nevertheless, the resulting signal is still quite noisy. To
remove the noise in diverter switch audio mixtures, Wiener
filter based on tracking a priori signal-to-noise ratio using
a decision-directed method [34] showed good performance.
The original implementation was modified, so the filtering
is conducted by observing parts of the signal in which the
targeted source is not active.

On the other hand, for audio mixtures related to tap selector
diagnostics, the HPSS method, based on the complemen-
tary diffusion of the spectrogram, showed good performance
(threshold is set to 0.65, frequency filter length to 1000 and
time filter length to 0.4). The method includes several user-
defined parameters, which can play a significant role in sepa-
ration quality. Any remaining noise in signal segments where
the targeted source is not active can be canceled manually.

The signal processing parameters were tuned to maximize
the correlation between the referent signal and the DLNN out-
put. The advantage of deep learning in audio signal separation
is that it enables embedding the expert knowledge in the signal
preprocessing stage.



6

 

STFT 

 

ABS 

 

ABS 

 

STFT 

 

TIME-FREQUENCY 

SPECTROGRAM 

 

 

IDEAL SOFT MASK  

 

 

 
 

 
OVERLAPPING 

TF CHUNKS 

 

 
 

 
OVERLAPPING 

SM CHUNKS 

 

DEEP NEURAL 

NEWORK 

LEARNING PROCESS 

Preprocessing stage 

COMB 

NOTCH 

FILTER 

SILENT SIGNAL 

ZONES 

IDENTIFICATION 
 

WIENER 

FILTER 

or 

HPSS 

 

 

FFT 

MAX  

AMPS 
Network learning process 

SIGNAL MIXTURE 

WINDOW 

FUNCTION 

Fig. 7. The proposed preprocessing and DLNN training framework

imageinput 
imageInputLayer

FCL1 
fullyConnected...

Biased SL1 
BiasedSigmoid...

BNORM1 
batchNormaliz...

DROPOUT1 
droupoutLayer

Biased SL2 
BiasedSigmoid...

BNORM2 
batchNormaliz...

DROPOUT1 
droupoutLayer

Biased SL3 
BiasedSigmoid...

REGOUT 
regressionLayer

FCL3 
fullyConnected...

FCL2 
fullyConnected...

Fig. 8. DLNN configuration

In this paper, two types of experiments were conducted to
validate the proposed methodology:

1) artificial mixtures recorded by the microphone with the
targeted data are reproduced by the speakers placed next
to the active transformers (Section IV-A). The signal
reproduced by the speaker is amplified to a level that
corresponds to the field conditions. The verification is
conducted by correlating the resulting estimate with the
referent signal reproduced by the speaker.

2) Using recordings from a working OLTC on an active
transformer in the field, the verification is conducted
by comparing the DLNN estimate with the referent
signal recorded on a transformer disconnected from the
power grid (Section IV-B). Once trained, the DLNN
can perform the separation by itself, incorporating the
knowledge of source separation.

In all cases, the Pearson’s correlation coefficient ρ is used as
the key performance indicator (3). Value of ρ ' 0.9 suggests
a strong correlation. x is the referent audio signal, y is the
signal estimated by DLNN, and σx and σy are the standard
deviations of x and y, respectively; µx and µy are the mean
of x and y, respectively.

ρxy =
1

σxσy(N − 1)

N∑
i=1

(xi − µx) (yi − µy) (3)

Again, note that using an audio signal as a referent signal is
appropriate since a strong correlation between an audio signal

and a vibration signal captured with an accelerometer exists
[21].

A. Experimental setup, computational complexity and scala-
bility

The signal processing in this paper is conducted on the x64
based PC with Intel Core i5-3470 CPU @ 3.2 GHz with 8
GB RAM. MATLAB R2021a with Deep Learning Toolbox
and Audio Toolbox is used for signal processing and DLNN
design. DLNN training time depends on the length of the input
data set: training time for 20 tap transition audio recordings
(up to 300 ms length) took 6 minutes. The observed training
time increased linearly with the number of recordings, and
one could theoretically train the DLNN with around 4000
such recordings in 24 hours. Note that 4000 recordings are a
huge database for OLTC recordings. Once trained, the DLNN
produces a mask quite fast when fed with the STFT of the
audio mixture. For instance, the elapsed time for predicting
the mask for the 5 sec audio mixture, sampled with 20 kHz
(100000 samples), on the used hardware is under 15 sec.

All the audio signals presented in this paper are recorded
with the omnidirectional Behringer ECM8000 condenser mi-
crophone connected to the multi-channel Tascam DR680 audio
recorder. The ECM8000 features a perfectly flat frequency re-
sponse from 15 Hz to 20 kHz. On the other hand, the vibration
signals are recorded with the HS-170 premium accelerometer.
Declared accelerometer frequency response is 0.8 Hz (48cpm)
to 19 kHz (1.140kcpm) ± 3dB, with 50 mV/g sensitivity and
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30 kHz resonant frequency. The total measuring range is ±160
g. The accelerometer signal is processed and recorded by the
constructed improvised recording unit, consisting of power
supply, signal preprocessing stage, ADC, MCU (32-bit ARM
Cortex-M) and USB communication for transferring the data
to PC.

B. DLNN structure

Number of DLNN inputs is determined by the user selected
FFT size Fs and the selected size of the overlapping T-
F consecutive chunks (Nchunks). The input images are then
reshaped into the 1-1-u vectors, where u represents the number
of DLNN inputs: u = (0.5Fs + 1)·Nchunks. Increased FFT size
increases details of the time-centric events of the STFT signal
representation, but also increases the network size. Dividing
FFT size by two is used because only one side of the frequency
spectrum is observed. Selected FFT size of Fs = 256 and
Nchunks = 20, defines image input size of 1-1-2580.

The network consists of a total of 12 layers, as presented
in Figure 8. The DLNN image input layer loads images to
the network and applies the data normalization. The network
consists of three fully connected layers. These layers are used
to multiply the inputs by a weight matrix. Each of these layers
is followed by the sigmoid layer, which applies a sigmoid
function to the input such that the output is bounded in the
interval (0, 1). The batch normalization layers normalize the
mini-batch of data across all observations for each channel
independently, while the dropout layers are used to randomly
set the input elements to zero with a given probability (0, 1).
Finally, the regression layer is used to compute the half-
mean-squared-error loss for the regression task. The DLNN
configuration and training are performed in MATLAB. The
used solver for the network training is ADAM (adaptive
moment estimation) optimizer, with the default defined decay
rates of the gradient and squared gradient moving averages.

The DLNN parameters were tuned based on the
compromise between system performance, training speed
and simplicity. This is evaluated through the loss function
(root mean square error between the regression network
output and the input target). Generally, the goal is
to minimize the loss function. The trainNetwork
MATLAB function with the following options provided good
performance: Nchunks=20, MiniBatchSize=128,
MaxEpoches=3, LearnRateDropFactor=0.8,
shuffle="every-epoch".

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Validation by artificial mixtures

1) Diverter switch operation: The experimental recordings
show that the signal recorded with the microphone placed
close to the OLTC lid, desirable for diverter switch diagnos-
tics, is mostly polluted by the transformer’s cooling system
humming noise. The interesting diagnostic interval for the
diverter switch operation usually takes between 40 ms and
250 ms. In the first experiment, the fingerprints captured by
the accelerometer placed on the lid of a disconnected OLTC
are reproduced by the speaker placed next to an active 60

MVA transformer. In total, 25 of these signal mixtures were
reproduced and recorded (R1–R25), where each mixture con-
tains a signal corresponding to one OLTC tap transition. The
recorded mixture is then de-noised, as described in Section
III. The de-noised signal and the recorded signal are now
used for the DLNN training process. The training process is
conducted using 5, 10, 15, and 20 tap recordings to investigate
the impact of training data amount on DLNN performance.
The remaining five mixtures for tap recordings R21–R25 are
used for the DLNN validation. The validation is conducted
by correlating the referent fingerprints’ envelope with the
envelopes of the estimates in the defined time interval. The
obtained results (Table I) show that the estimates become
slightly better as more data in the DLNN training process
is used, as expected. The regression network performance
was evaluated through the root mean squared error (RMSE)
which is shown in Table I. RMSE decreases as training data
increases, while the correlation coefficient ρ increases (the
measure of correlation between the estimated fingerprint and
the one hidden in the mixture). Value of ρ ' 0.9 indicates that
the proposed framework produces the high-quality estimates.
In comparison, different ICA-based BSS methods applied to
the same data set have a weaker performance: ρ < 0.8 [24].
Fig. 9 shows the original signal mixture, the de-noised signal
after comb-notch filter and Wiener+comb-notch filters for one
OLTC operation. STFT of the original mixture and the de-
noised signal are used in the DLNN learning process. The
envelope of the DLNN estimate is then correlated with the
original signal reproduced by the speaker.

TABLE I
DLNN VALIDATION USING ARTIFICIAL MIXTURES FOR DIVERTER SWITCH

OPERATION

Used acoustic
fingerprints
for DLNN
training

Iterations per
epoch / Max
iterations

DLNN train-
ing time

RMSE ρ

5, R1–R5 256 / 795 1 min 48 sec 6.8803 0.8842
10, R1–R10 478 / 1434 3 min 05 sec 6.3620 0.8968
15, R1–R15 683 / 2049 4 min 33 sec 6.1525 0.9097
20, R1–R20 923 / 2769 6 min 14 sec 6.0613 0.9113
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Fig. 9. Signal de-noising: original mixture (left), comb filtered (middle),
Comb+Wiener filtered (right)

However, the real question is: what will happen if the
DLNN, trained with the fingerprints from a healthy OLTC,
is fed with the mixture containing a problematic OLTC signa-
ture? The resulting DLNN estimate, in this case, should also
transfer the essential diagnostic information. As already exper-
imentally proven and reported [1]–[3], mechanical problems
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on diverter switch will be reflected in the OLTC acoustic fin-
gerprint in the form of increased or decreased burst amplitude
or timing between the acoustic bursts. For that reason, in the
following experiments, DLNN training process is conducted to
the mixtures containing the OLTC fingerprints that correspond
to healthy diverter switch state. Now, the trained network is fed
with the mixtures that contain the problematic diverter switch
fingerprints, including missing burst, increased time between
the bursts and the increased burst amplitude.

Similar results are obtained with the cooling system turned
on. The experiments were repeated on several test sites, with
the cooling system turned on and off. Table II shows the aver-
age values of obtained Pearson’s correlation coefficients ρ in
these experiments. The average Pearson correlation coefficient
value ρ is above 0.9. Fig. 10 shows (clipped to 0.5 for better
visibility of bursts with the smaller amplitudes) that the critical
diagnostic information in the form of the increased timing
between the bursts, missing bursts and increased burst ampli-
tude is also transferred into the DLNN estimate. Therefore, the
results again show that the DLNN trained using the proposed
framework produces high-quality estimates suitable for further
use in the diagnostic process, regardless of the noise produced
by the cooling fans or the fact that the DLNN was trained with
the healthy fingerprints only.

TABLE II
DLNN PERFORMANCE WITH/WITHOUT COOLING SYSTEM TURNED ON

(DLNN TRAINING: R1–R20)

Transformer
type

Manufacturer Year ρ, Fans on ρ, Fans off

TRP 20000-
23/AN

Končar 2003 0.9012 0.9161

ARZ 400000-
420

Končar 2003 0.9124 0.9140

TRP 40000-
123/R

Končar 1999 0.9088 0.9205

ARZ 150000-
245S

Končar 2003 0.9165 0.9289

TFT 8800 Asea 1965 0.9058 0.9104
4 TRZ 60000-
123

Končar 1969 0.9113 0. 9251

2) Tap selector operation: The interesting diagnostic inter-
val for tap selector operation usually takes up to 10 seconds.
The noise from OLTC motor operation will mainly pollute
the diagnostic signal in this case. Rivas et al. [4] identified six
characteristic acoustic bursts in vibration signal taken from
OLTC type D I 1200 150/110 12 23 3 W, and experimentally
proved that the timing between the bursts and number of
bursts is essential diagnostic information for detecting tap
selector problems. In the following experiment, the vibration
signal, useful for tap selector diagnostics, is captured by an
accelerometer on ELIN transformer type RTdxP 160000/200,
with motor drive unit type MLRG 3/720 (see Fig. 2). The
accelerometer captured eight characteristic vibration bursts in
this case. The origin of two additional bursts, one at the start
and one at the end of the tap transition process, can be related
to the manual switch contactor control. This signal is now
reproduced by the speaker placed next to the working OLTC
motor. The motor shaft is disconnected from the OLTC drive

mechanism to eliminate other sounds. The recorded mixture is
de-noised, as described in Section III and used for the network
training. Due to the PC memory limitations regarding STFT,
the signal is divided into several frames. Each new frame
is used to adjust network weights after the initial training
process. Several different faults are simulated, according to
[4]. Figure 11 shows the recorded mixture, the envelope of
the referent signal and the DLNN estimates. The envelopes of
referent and estimate signals are correlated, and the correlation
factor ρ > 0.9. Therefore, it can be concluded that the DLNN
estimates are high-quality and also carry crucial diagnostic
information of both healthy and faulty tap selectors.

B. Field experiment validation

In the next four experimental case studies, the training and
validation of the proposed DLNN framework is done using
actual audio recordings of online transformers in the field.
Cases I and II are related to diverter switch diagnostics, while
Cases III and IV are related to tap selector diagnostics.

1) Case I: Transformer type 31.5/21/21—110/36.75/6.3,
manufactured by Tovarna Transformatorjev (1988), with 21-
position coarse/fine type OLTC, Elprom-Energo: First, the
audio signals are captured on the de-energized transformer,
during the regular maintenance procedure. Observation of
the recorded fingerprints shows that they differ for even and
odd tap positions. The reason is the design of the diverter
switch, which moves in two directions. Fig. 12 shows that
the envelope of one of these two characteristic fingerprints
contains additional burst that probably originates from the
OLTC breaking mechanism. Furthermore, in the first signal,
the acoustic bursts’ amplitude grows sequentially, one after the
other, while for the second signal, the highest spike amplitude
is observed in the second burst from the left.

To test the proposed methodology, the transformer is con-
nected back online. For the test purposes, the network operator
allowed only four OLTC operations in this mode: one up, one
down, one down, and again one up. The recorded mixtures
are divided into two signals: one that contains two diverter
switch fingerprints that correspond to odd tap transitions, and
one that contains two fingerprints for even tap transitions. The
idea is to train the network with the first mixture and the cor-
responding de-noised data, then test the DLNN performance
using the second mixture. Fig. 13 shows the network training
data envelopes (odd positions), recorded signal mixture (even
position) and the corresponding DLNN estimates.

It should be noted that it would be better for the DNN
training process if more data were used. However, even with
training data that contain only two fingerprints, the resulting
DLNN estimate for even tap transition transferred important
information, such as the additional (breaking) burst and burst
amplitude ratios. Moreover, the correlation factor ρ for the
envelopes of the two estimates that correspond to even tap
transitions is 0.9456 which indicates strong correlation and
good repeatability for these two estimates.

2) Case II: 150 MVA transformer type TFT 8800, manufac-
tured by ASEA, with 21-position OLTC type UCRB 220/1200:
The procedure from the previous case is repeated. First, the
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Fig. 10. Different diverter switch problematic mixtures on the left and their respective DLNN estimates on the right. Fingerprints (top to bottom): healthy
OLTC, increased timing, missing burst, increased burst amplitude
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Fig. 11. Different tap selector problematic mixtures (top to bottom): recorded mixture, healthy OLTC, broken input contact bar, worn tap selector, damaged
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signals were recorded on the completely de-energized trans-
former. Visual inspection of the recorded fingerprints shows
that they differ for odd and even tap transitions. Now, the
transformer is energized but left idling. In total, 14 signal
mixtures that correspond to 14 tap transitions are recorded.
Twelve of these are used in the network training process.
The remaining two mixtures are used for network performance
validation.

Figure 14 shows the recorded signal on the de-energized
transformer, the corresponding recorded signal mixture and

the corresponding DLNN estimate for odd and even tap
transitions. The calculated correlation factor ρ between the
referent signal and the corresponding estimate is 0.9679 for
odd and 0.9667 for even tap transition. Visual inspection of
the signals also confirms that the DLNN produced quality
estimates for further use in the diagnostic process.

Note that the visual inspection is subjective by nature.
However, we argue that if there is a mechanical problem on a
particular OLTC, its fingerprint pattern will defer to the level
that can be spotted with the bare eye. Please note that the goal
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Fig. 12. Case I: Envelopes of two characteristic fingerprints—even tap
transition (left) and odd tap transition (right)
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Fig. 13. Case I: DLNN training and validation of characteristic fingerprints’
envelopes—odd transitions for DLNN training (top left and top right),
recorded signal mixture of even transition (bottom left), estimated signal
(bottom right)

of the audio diagnostic procedure is just a quick assessment of
whether such an OLTC needs further investigation. There are
other more reliable methods for further processing. However,
such methods require more time for a test setup and some
special modes of test object operation, e.g. DRM requires the
disconnection of the transformer, connecting current cables
and injecting current, which is time-consuming.
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Fig. 14. Case II: Even tap transition—reference signal (top left), recorded
signal mixture (top middle), estimated signal (top right); Odd tap transition—
reference signal (bottom left), recorded signal mixture (bottom middle),
estimated signal (bottom right)

3) Case III: 20 MVA transformer type TRP 20000-123/AN,
manufactured by Končar: Another interesting example of a
useful signal for audio-based OLTC tap selector diagnostics

is the mixture recorded on the idling 20 MVA transformer.
Prior to recording the audio mixture with a microphone, the
accelerometer is mounted on the de-energized transformer wall
and used to capture the signal during the tap-change process.
Analysis of the vibration signal showed that it captured only
events related to diverter switch operation, while it missed the
critical diagnostic information for tap selector.

On the other hand, the audio mixture captured on idling
transformer shows that this mixture contains more burst
events associated with tap selector operation. The de-noising
procedure for isolating these events required several steps.
First, the notch-comb filter is used to remove the harmonics
with the highest amplitudes. Listening to de-noised signals
at reduced playback speed helped to identify five interesting
bursts for a one-tap transition. Some of these events are
invisible when observing a plotted mixture graph. However,
these five events are visible in the percussive component,
extracted with the HPSS method, with the proper adjustment of
HPSS parameters. The extracted percussive signal component
and the initially recorded mixture were used in the DLNN
learning process. The trained network is then fed with the
STFT of the new mixture.

Figure 15 shows the signal recorded with the accelerometer,
the recorded mixture, and the DLNN signal estimate. The
correlation factor between the envelope of the part of the
signal that matches the accelerometer data is ρ = 0.9348.
The events that were not captured by the accelerometer, but
are visible in the estimate, are the ones that can be heard
by listening to the recorded mixture at the reduced playback
speed and thus represent the valuable diagnostic information.
The results show superior performance of the proposed DLNN
framework compared to ICA-based approach. Furthermore,
one microphone system simultaneously recorded events related
to both diverter switch and tap selector operation, something
that the accelerometer failed to record and would require
careful placement of an extra sensor.
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Fig. 15. Case III: recorded vibration signal (top), recorded audio mixture
(middle) and DLNN estimate (bottom)

4) Case IV: 7500 kVA Willson Transformer with OLTC
manufactured by Fuller: The targeted signal, in this case,
is again the one related to tap selector diagnostics. Analysis
of the recorded audio mixture on this 7500 kVA transformer
shows high pollution with the transformer’s humming sound
and the noise of the motor operation. Listening to the signal at
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reduced playback speed helped identify several events that can
be qualified as necessary for tap selector condition assessment.
The signal is now de-noised as described in Section III,
including the manual cancellation of the remaining noise. The
recorded mixture and the de-noised signals are used for the
DLNN training process. The new mixture is then fed into the
DLNN, which performed soft mask estimation, which is used
for signal separation.

Figure 16 shows the recorded signal mixture and the tar-
geted signal estimate. In this case, only an audio signal is
recorded, while the reference data from the accelerometer was
unavailable, so it is not possible to provide any numerical
comparison. However, events visible in the estimated data can
again be verified by listening to the recorded mixture and
the estimate at the reduced playback speed and by comparing
these sounds. The resulting audio signal estimate is suitable
for measuring the timing between individual bursts and thus
as an input to the existing condition assessment methods.

0 5 10 15 20 25
time [s]

-1

0

1

N
o

rm
. 

a
m

p

Recorded audio mixture

0 5 10 15 20 25
time [s]

-1

0

1

N
o

rm
. 

a
m

p

DLNN diagnostic signal estimate

Fig. 16. Case IV: recorded audio mixture (top) and DLNN estimate (bottom)

C. Results discussion and limitations of the proposed method-
ology

The limited number of recordings presented in this paper
are probably not covering all the possible noise sources that
can be found in the field. However, the measurement noises
such as Laplace noise and Cauchy noise can also be filtered by
different techniques in the signal preprocessing stage. These
filters can be applied to the DLNN estimate before further
processing.

The methodology proposed in this paper has been compared
to 7 other state-of-the-art audio source separation techniques
based on independent component analysis for estimation of
useful diagnostic material, and results are compared in Table
III. The proposed approach is superior and provides high-
quality estimates of vibration signals based on monaural sound
recordings.

Nevertheless, there are several limitations of the audio-
based diagnostics and the proposed framework. First of all,
audio-based diagnostics is not the best tool for continuous
online monitoring because different weather conditions can
cause additional noise captured by microphones, e.g. rain or
thunder, noise from the surrounding traffic, etc. Furthermore,

TABLE III
PERFORMANCE COMPARISON BETWEEN PROPOSED DLNN APPROACH

AND ICA-BASED BLIND SOURCE SEPARATION ALGORITHMS FOR
DIVERTER SWITCH OPERATION

Method
Correlation coefficient ρ between

estimated and reference signal
Mean Minimum Maximum

FPICA 0.66 0.60 0.71
POWERICA 0.69 0.58 0.77
EFICA 0.61 0.52 0.69
NG-FICA 0.70 0.67 0.76
THINICA 0.64 0.59 0.68
ERICA 0.59 0.52 0.69
UNICA 0.60 0.52 0.69
DLNN-HPSS 0.92 0.9 0.97

repeatability of measurements can only be ensured by placing
the microphone in approximately the same position, which
can be problematic. Weather conditions such as wind can also
move the microphone positions if not shielded from the wind.
The proposed methodology has been tested only on several
transformers and is not universal; it should be adapted for
each new type of transformer/OLTC.

The targeted audio signal produced by the OLTC elements
in the case of a healthy or defected state has a different time-
frequency content when compared with the interfering noise.
The robustness of the DLNN approach in signal separation
allows the training process to be carried out using only audio
mixtures taken from a healthy transformer. The experiments
with the artificial mixtures showed that the targeted signal
estimates from such DLNN would also transfer the essen-
tial diagnostic information when fed with the new mixtures
that contain the “defected cases”. The extracted signals are
then suitable for comparison with each other, enabling easier
detection of the deviations and thus detecting the potential
failures.

V. CONCLUDING REMARKS

Binary or soft masking is an effective way for audio signal
separation from monaural (recorded by a single microphone)
mixtures created by multiple sound sources. The knowledge
of source separation can be embedded in the deep learning
neural network. Once trained, the deep neural network can
produce the targeted signal estimate directly from the Short-
time Fourier transform of the recorded signal mixture. In this
paper, for the non-invasive audio-based condition assessment
of the OLTC, we propose to observe two signals—the one
related to tap selector diagnostics and the other related to
diverter switch diagnostics. The experimental recordings show
that both of these signals are polluted with the noise pro-
duced by different transformer elements. To train the neural
network, several signal processing techniques are used to de-
noise signals and obtain the training material. The proposed
methodology enables embedding knowledge of the signal
separation into the neural network, which can later be used to
obtain the desired signal estimates for further use in existing
vibration-based methods for OLTC condition assessment. The
proposed methodology has been experimentally verified on
both artificial mixtures (created by reproducing the targeted
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data by the speakers placed next to the active transformers)
and real mixtures (captured by microphones during OLTC
live operation in the field). The proposed methodology has
also been compared to other sound seperation algorithms to
demonstrate better performance.

For the first time, this paper has shown that a high-quality
diagnostic material can be estimated from audio recordings as
an alternative to vibration-based measurements. The estimated
OLTC fingerprint from an audio recording is highly similar
to the vibration fingerprint taken by an accelerometer which
means existing methodologies for estimating faults or health
status can be used. The experimental results show that (i)
the proposed framework produces higher quality estimates
than other sound separation methods (linear correlation factor
ρ > 0.9 compared to ρ < 0.7), (ii) the deep neural network
performs well when fed with recordings from faulty OLTCs,
and (iii) audio-based diagnostics can record separate events
which would otherwise require careful placement of several
vibration sensors. These estimates can be further used to
detect problems on both the diverter switch and the tap
selector. The described framework can help speed up the
diagnostic procedures after the initial deep neural network
learning process.

The main advantages of the proposed methodology are: (i)
contactless measurements and extraction of useful diagnos-
tic OLTC signals which can speed up test procedures, (ii)
possibility to conduct measurements on active transformers,
(iii) measurement system portability which enables installing
the temporary monitoring solutions, (iv) extracted signals can
be used in existing signal processing algorithms for OLTC
vibration analysis, (v) flexible microphone stand can be used
by the test personnel to reach some OLTC positions from the
ground.

Nevertheless, the proposed methodology has been verified
only on a limited number of transformers and OLTCs, and the
universality cannot be guaranteed. Therefore, this methodol-
ogy should be adapted to specific units being tested. Future
work consists of recording more measurements on different
transformers to compare the performance of the methodology
over time. Finally, an online open database of OLTC signals
will be established to facilitate research and development in
this area.
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