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Abstract: Power quality issues can affect the performance of devices powered by the grid and can,
in severe cases, permanently damage connected devices. Events that affect power quality include
sags, swells, waveform distortions and transients. Transients are one of the most common power
quality disturbances and are caused by lightning strikes or switching activities among power-grid-
connected systems and devices. Transients can reach very high magnitudes, and their duration
spans from nanoseconds to milliseconds. This study proposed a deep-learning-based technique
that was supported by convolutional neural networks and a bidirectional long short-term memory
approach in order to detect and characterize power-quality transients. The method was validated
(i.e., benchmarked) using an alternative algorithm that had been previously validated according
to a digital high-pass filter and a morphological closing operation. The training and performance
assessments were carried out using actual power-grid-measured data and events.

Keywords: power quality monitoring; power grid measurements; transient detection; transient
characterization; deep learning; convolutional neural networks

1. Introduction

Power quality (PQ) monitoring consists of measuring and detecting events that disturb
the grid-supplied waveform and may affect the normal behavior of electrical equipment.
Power quality events include overvoltages, undervoltages, sags, swells, waveform dis-
tortions, flickers and transients [1]. In particular, transients occur more frequently than
other events and are short-term disturbances with amplitudes starting at 5-10 % of the
rated voltage. Electrical equipment are designed to resist PQ events up to a certain level.
If the PQ events exceed certain thresholds, either in duration or amplitude, permanent
damage may occur. The acceptable limits are defined by the IEEE and IEC international
standards, such as IEEE 1159-2019 [1] and IEC 61000-2-2 [2]. Although measurement and
event detection methods have been proposed by these international standards, PQ remains
an active research topic, especially in the area of signal processing, with the development
and proposal of new algorithms and techniques [3-5].

Artificial neural networks (ANNSs) are inspired by the brain network of neurons. The
inputs of each neuron are the weighted combinations of the outputs of other neurons,
together with a bias component. This combination is applied to an activation function,
which provides the non-linearity required by these methods in order to determine the
neuron output [6]. ANNSs have been used in diverse areas of science, usually for pattern
recognition [7] but also in measurements [8] and non-destructive testing [9]. An ANN is
trained by examples, using a back-propagation algorithm [6] until it reaches a suitable
accuracy. Recent advances in computing power, availability of data and advances on
network topologies have led to the development of deep learning (DL) [10]. The main
advantages of DL include the ability to use raw data, minimal human intervention and
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the capacity to search for deeply embedded patterns in the training data. This concept has
enabled breakthrough results in many different areas of science and technology, including
self-driving cars [11], facial recognition [12], and media content suggestions [13], among
many others. The use of DL for power quality event detection and characterization is no
exception, with some recent results presented in the literature [14-17]. However, these have
been limited only to training sets with simulated /synthetic waveforms and without any
real measured data, which cannot capture the full scale of imperfections that characterize
real grid-acquired waveforms.

The most frequent PQ events are transients, and many different methods have been
used to detect and their amplitude and duration. These include, for example, wavelets
[18], time-frequency [19] and morphology methods [20]. The latter can be complex, involv-
ing filtering that is followed by dilation and erosion operations, according to a suitable
threshold to discard the low amplitude transients. This study proposed the use of deep
learning to detect and estimate the amplitude and duration of transients in the electrical
grid. To achieve this goal, a two-stage approach was proposed, in which a convolutional
neural network (CNN) was used to detect the presence of transients, which fed a second
network composed of a convolutional neural network and a bidirectional long short-term
memory (BiLSTM) to estimate the transient duration and amplitude. The two networks
were trained and validated with actual power grid events that were stored in a publicly
available database [21]. The events stored in the database had been detected and character-
ized by the transient detection algorithm presented in [20]. Therefore, this paper presents
the results of the development of a deep learning network, trained and validated with real
acquired signals, for the detection and characterization of PQ transient events.

This paper is divided into four sections, including the Introduction and the Conclu-
sions. Section 2 presents a characterization of the measured transients that were used to
train, validate and test the proposed DL neural network. Section 3 describes the DL net-
work used for transient detection and the subsequent network that estimated the transient
amplitude and duration as well as the main results of this paper.

2. Power Quality Transient Characterization

In Figure 1, four examples of the acquired power grid voltage transients with different
characteristics are presented. The amplitudes are shown in per unit (pu) values, which
are typical in power quality, (e.g., [1]), to normalize the amplitudes using, in this case, the
power grid voltage nominal RMS voltage, which was 230 V in Portugal. The power grid
voltages were continuously acquired at 12.5 kS/s using an LEM Hall Effect sensor (LEM LV
25-P) and a 16-bit data acquisition board (DAQ) from National Instruments—NI-USB-9215.
The segments were 50 ms long, which corresponded to 2.5 nominal periods at 50 Hz, with
625 samples for each segment.

Figure 1 shows the transients at different power grid voltage phases with different
amplitudes, phase locations and durations. Figure 1a shows an oscillatory transient while
b and ¢ show negative transients, and the waveform in d includes a positive transient [1].
Notice that other power quality events were not considered here, as the focus was centered
only on transient detection and characterization. The represented data showed, in addition
to the transient, some harmonic distortion typical in low voltage (LV) power grid voltages.

Transient detection and characterization (e.g., amplitude and duration), can be achieved
for example, using wavelet decomposition [22,23] or using a high-pass digital filter fol-
lowed by a closing morphological operation. The high-pass filter and closing morphological
operation method was presented in [24] and implemented in an embedded measurement
system described in [20]. This method was used in this study as the reference method (i.e.,
benchmark) because it was also the process used to detect and measure the real transients
in the event database [21] that was used.
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Figure 1. (a—d) Example of four acquired power grid voltage normalized segments. Each segment
has 625 acquired samples with 16-bit DAQ at 12.5 kS/s, which corresponds to segments with 50 ms.
The four examples highlight the difference in transient amplitudes, durations and relative phase
locations.

Figure 2 represents an example of the high-pass filter and morphological algorithm
operation used to detect the transients and estimate the transient characteristic parameters
(i.e., amplitude and duration). Figure 2a shows an example of an oscillatory transient
near 32ms. The high-pass filter extracts the power grid voltage fundamental component,
and the filter-output absolute normalized voltage is represented in Figure 2b. The closing
morphological operation, which relied on the dilation operation followed by the erosion,
grouped together consecutive oscillations as part of the same transient. Figure 2c shows
the result of the morphology closing operation, where the multiple oscillations were joined
together to define one unique transient event.

Transient detection was performed by a threshold analysis of the closing operation
results (in this paper, a 0.1 pu threshold was considered). If the closing operation results
exceeded the pre-defined threshold, a transient was considered detected. The transient
amplitude was the maximum of the closing operation, and the transient duration was
estimated by the time interval between the first and second interceptions of the closing
operation results, with the threshold value using interpolation. For the example in Figure 2,
the transient had a 0.119 pu amplitude and 0.72 ms duration. Notice that the harmonic
distortions in Figure 2a were present at the filter output, as shown in Figure 2b, but they
were not enough to trigger the transient detection process.

The complete dataset used in this work had 9768 transients, and the histogram dis-
tribution of the amplitude of these transients is shown in Figure 3. Notice that since the
threshold transient detection was set at 0.1 pu, there were no transients with an amplitude
below this value. The highest recorded transient in this dataset had a 1.997 pu amplitude.

Figure 4 presents the histogram of the transient durations for the complete dataset.
Recall that the duration values were obtained by interpolation from the closing morpholog-
ical operation interceptions, according to the 0.1 pu threshold, and have, therefore, better
resolution than the inverse of the sampling rate (80 ps). The maximum recorded transient
duration was 6.6 ms. Notice that there was a significant amount of transients with duration
values near 0.2 ms.
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Figure 2. Example of transient detection and characterization using the high-pass filter and closing
morphology operation. The input segment is represented in (a) while the absolute values of the filter
output are presented in (b). The result of the closing morphological operation is depicted in (c).
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Figure 3. Histogram of the transient amplitudes in the 9768 database segments. Notice that the
original transient detection used to build the database ignored events with transient amplitudes
below 0.1 pu, and, therefore, there are no events below that amplitude.

1500 T T T T T T T T T T T T T

1000 = .

Occurrences

o
1=}
S

o | 1 1 1 1 1 1

0 05 1 15 2 25 3 35 4 45 5 55 6 65 T
Transient duration [ms]

Figure 4. Transient duration histogram of the recorded transient database. The duration was obtained
by interpolation of the instances where the closing operation crossed the threshold value.
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Finally, Figure 5 depicts the phase location histogram of the recorded transients.
Notice that the phase location was not uniform, with more transients occurring near or
around 180°.
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Figure 5. Histogram of the phase location of the transients included in the measured database.

3. Deep Learning for PQ Transient Detection and Characterization

While there are many different architectures for deep-learning networks, the convo-
lutional neural network (CNN) is especially suited for image analysis and classification.
These networks have the ability to extract hidden patterns in the provided information by
training their internal filters. Therefore, since the problem under study corresponded to
the detection and characterization of transients in acquired data segments, the proposed
algorithm was based on CNNs. The theory of CNNss is beyond the scope of this work, and
a good survey of their theory and applications can be found in [25].

The proposed deep-learning architecture for transient detection and characterization
is depicted in Figure 6. It was a two-step process, where the purpose of the first step was to
detect the presence of a transient while the second step was only used when a transient
was detected, and its objective was to estimate the amplitude and duration of the transient.

Input data segment

W

(o

v

First Network
1D CNN

U
SN\ [ |

Y

Second Network
Hybrid CNN-BiLSTM

Transient Transient
Amplitude Duration

Figure 6. Topology of the proposed deep-learning architecture for the detection and characterization
of power quality transients.

The objective of the first step was to extract the input voltage waveforms without
transients from the 625-sample input time series. This step was obtained with a 1D CNN,
as described in Section 3.1. Power quality transients appeared as spikes in the absolute
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difference between the input time series and the extracted waveform. Transients were
detected by comparison of the absolute difference with a pre-defined threshold.

When a transient was detected, the objective of the second step was to extract infor-
mation that could be used to estimate the transient amplitude and duration. The network
used in the second step was a hybrid CNN-BiLSTM, as described in Section 3.2.

3.1. Transient Detection

The objective of the first network was to obtain the waveform without the transient
from the 625-sample acquired and amplitude normalized time series. The topology used in
this step is depicted in Figure 7 and includes four layers.

This network was a 1D CNN where the first layer was a convolutional layer, which
contains multiple filters with fixed lengths, and its objective is to extract different levels
of information from the input time series. Each filter had different coefficients, and their
numbers depended on the filter length. The output of each filter was the convolution of
the filter with the input time series, along with a stride that was set for the whole layer.
Since the objective of this step was to obtain a time series with a length that was the same
as the input time series (i.e., 625 samples in this particular application), the stride was set
to 1, and padding had to be used to ensure the filter outputs also had the same length.
The convolutional layer had 200 filters with lengths of 240 and 200 bias parameters (one
for each filter), which resulted in a total of 48 200 optimization parameters. The output
of the convolutional layer were 200 time series (the convolution filter outputs), each with
625 samples.

The next three layers were fully connected layers (FCNs), in which the first received
the 200 x 625 data from the convolutional layer and output 100 x 625, for a total of
20100 optimization parameters. The second FCN received the 100 x 625 from the first
FCN and output 100 x 625, for a total of 10 100 optimization parameters. The third and final
FCN received the 100 x 625 from the second FCN and output the final 625 time series, with
101 optimization parameters. Overall, the 1D CNN of this first step had 78 501 parameters
that were then optimized during the back-propagation training process.

In DL applications, the hyperparameters that define each layer are defined before the
training process. If the desired goal is not achieved, these hyperparameters are adjusted,
typically to increase the number of degrees of freedom. The hyperparameters were adjusted
using a random search [26] while avoiding any overfitting of the training data. Although
other methods for hyperparameter-tuning are available (e.g., grid search or Bayesian
search), the use of random search was simple and fast, and it achieved good training results.
In this 1D CNN network, the hyperparameters included the number of filters; their size
and stride for the convolutional layer; and the number of fully connected layers as well as
their distribution to obtain the 625-sample output waveforms without transients.

The training process consisted of inputting the time-series segments of the acquired
power grid voltage without PQ events but with the normal voltage grid distortions and
noise. Then, we trained the network to estimate the same time series. Back-propagation
used the differences between the input time series and the network-estimated time series
to adjust the set of optimization parameters of the network, so that the network output was
similar to the input (only in the training, validation and test steps, as these datasets did not
contain transients). Once the network was trained, whenever a time series with a transient
was inserted, the network should output the time series without the event. The difference
between the input and output time series indicated if a transient had been detected and
included information about the transient for its characterization, namely, the transient
amplitude and duration, which was addressed in the second step, as depicted in Figure 6.

For the training process of the 1D CNN, a dataset of 5585 time series, with 625 samples
per segment without transients, was used. The validation used a different dataset with
621 segments while the test set had 470 segments. Figure 8 shows four examples of the
trained network inputs and outputs, where the blue line corresponds to the network time
series input (on the left-side vertical axis) and the red line is the difference between the



Energies 2023, 16, 1915

7of 11

input and output of the network (right-side vertical axis). In this figure, only one period
of the nominal power grid voltage (20 ms) is shown to improve the transient and spike
visibility. The example in Figure 8a corresponded to a time series without a transient, and
the difference showed the absence of any significant spikes. The difference was always
below 0.05pu, and the harmonic distortions were not registered. The examples in the
remaining subplots of Figure 8 correspond to the input time series with transients, and
the corresponding spikes are clearly visible and aligned with the time series transients.
The situation depicted in Figure 8c had the largest represented amplitude transient, which
exceeded 0.5 pu near 47 ms.

& Oy OO
Q) - OO\

Figure 7. Internal topology of the 1D CNN that aims to extract the power grid voltage waveform
without transients. This was then used to detect if a transient occurred by subtracting it from the input
time series. The second network used the absolute difference to estimate the transient amplitude
and duration.
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Figure 8. Examples of the operation of the 1D CNN: (b—d) depict transients while (a) is a transient-free
segment. The blue lines depict the input time series (left vertical axis) while the red lines represent
the difference between the input and output time series (right vertical axis).

3.2. Transient Parameter Estimation

The second step of the proposed method began with the absolute difference between
the acquired segment and the output segment from the previous step, as shown in Figure 6,
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and its objective was to estimate the transient amplitude (;47) and duration (/D\l-). The
learning process used the transient amplitude (A;) and duration (D;) values obtained by
the high-pass filter and morphology operation, as described in Section 2. Training was
performed using the mean-squared error (MSE) weighted by the average values of the
transient amplitudes (A) and transient durations (D)

V& (A —a\ N(D-D\
MSEweighted:N Z( ZZ l) +Z< 15 l) 1)

i=1 i=1

where N is the number of data segments used. This weighted MSE was necessary because
the two estimated parameters had significantly different orders of magnitude (i.e., the
average transient amplitude was A = 0.347 pu, and the average transient duration was
D = 0.702ms). If the same weight were used, the training process would tend to give
more relevancy (i.e., weight) to the highest magnitude parameter (in this case, the transient
amplitude). In this situation, the lowest magnitude parameter estimation, the transient
duration, would become irrelevant in the optimization process, which would result in poor
transient duration estimation.

The proposed network topology for this second stage, represented in Figure 9, was
a hybrid CNN-BiLSTM. It began with a convolutional layer with 64 filters, with a size of
15, a stride of 1 and no padding, as in this case, there was no need to maintain the size of
the time series. The output of this layer was 64 x 611 with 15 x 64 weights and 64 biases,
for a total of 1024 optimization parameters. The output of the convolutional layer was
fed into a bidirectional long short-term memory (BiLSTM) layer with 100 hidden units.
The BiLSTM was used because it could learn from the dependencies of the time-series
sequence data. The bidirectional version considered the dependencies in both directions
by adding one extra LSTM layer with the input data in the reverse order. This BiLSTM
layer had 64 x 800 input weights, 800 x 100 recurrent weights and 800 output biases, for a
total of 132 000 optimization parameters, and it output 200 values. The final layer was a
fully connected neural (FCN) network, which output the two estimated parameters (i.e.,
transient amplitude and duration). This layer had 2 x 200 weights and 2 biases, for a total
of 402 parameters, and these were then optimized during the learning process using the
cost function MSEyeighted from (1). The complete network had a total of 133 426 parameters
that were optimized during the back-propagation-based training process.

This network was trained with 7326 acquired data segments with real measured
transients that had been pre-processed by the first network. For validation, a set with
1466 similar data segments was used. The testing stage was conducted with a different set
with 976 segments.

The results obtained from the test set are shown in Figure 10. Figure 10a depicts
the estimated transient amplitudes as a function of the actual transient amplitudes (i.e.,
benchmarks) while Figure 10b is the corresponding representation for the transient duration.
In Figure 10a, the 0.1 pu lower limit of the transient amplitude of the used segments is
clearly visible. Figure 10c,d show the estimated transient amplitude and duration error
histograms. The proposed method was better at estimating the transient amplitude than
the transient duration. This was a reflection of the complexity in estimating the transient
duration, which was tied to the threshold that had been used in the baseline algorithm (i.e.,
high-pass filter and morphological operation) and had never been explicitly used in the
DL networks. Specifically, from the absolute difference between the input segment and the
clear segment estimated by the first 1D CNN, this two-step hybrid CNN-BiLSTM network
must extract the transient duration using only the target values input during the training
process as a reference.

The root-mean-square error (RMSE) of the transient amplitude, as obtained using
the benchmark values from the filter and closing morphology algorithm, was 0.0197 pu,
and the average error was —0.00037 pu. As for the transient duration, the RMSE was
0.2024 ms, and the average error was 0.00039 ms. The estimated amplitude error interval
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[—0.045;0.034] pu was based on 95 % of the situations shown in Figure 10. For the estimated
duration error, the corresponding 95 % interval was [—0.45; 0.33] ms. These results again
highlighted that the proposed method could achieve better results when estimating the
transient amplitude, as compared to the estimated transient duration.

Amplitude

0
0

Transient
Duration

S

A

Figure 9. Hybrid CNN-BiLSTM topology for the second step, which receives the absolute difference
from the output of the first 1D CNN as well as the acquired data and estimates the transient duration

and amplitude.
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Figure 10. Test set results. In (a), the relation between the real transient amplitude (i.e., benchmark)
and the proposed method’s estimated amplitude is shown while in (b), the corresponding relation for
the transient duration is plotted. The histogram of the estimated transient amplitude error is shown
in (c), and the estimated transient duration error is shown in (d).
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4. Conclusions

This paper addressed the detection and characterization of power quality transients,
which are the most common type of disturbances in the power grid. Although widely
studied with different approaches, as described in the scientific literature, they usually
require technical knowledge and advanced finely tuned signal processing algorithms, such
as filtering, morphology operations and wavelets, among others. Previous studies available
in the literature have applied deep learning methods to evaluate power quality but only
with simulated /synthetic waveforms, which do not include the diverse characteristics of
actual grid waveforms. The approach described in this paper used only real measured data
to study the performance of deep learning on real grid transients. The strategy used for
the deep-learning network divided the problem into two steps: the detection of transients
and the characterization of amplitude and duration. A 1D CNN was optimized to extract
the voltage waveform without transients, which was not a pure sinewave due to the
presence of harmonics and waveform distortions. The second network, a hybrid CNN-
BiLSTM, received (as input) the absolute difference between the original acquired signal
and the output of the first network, as shown in Figure 6. This network was used to estimate
transient parameters and was composed of a convolutional layer, followed by a bidirectional
long short-term memory layer, and then completed with a fully connected layer.

The proposed architecture was trained with real acquired data, with and without
transients, and the DL test step resulted in a transient RMSE amplitude of 0.0197 pu and
0.2024 ms for the transient duration. This deep-learning approach performed better when
estimating the amplitude of the transient, as compared to its duration estimation, as shown
in Figure 10. These results validated the use of deep-learning algorithms for PQ transient
detection and characterization, using real measured data for training and validation.

Future work will include the implementation of the trained networks in an embed-
ded measurement system (e.g., in an STM32Cube.Al) for the continuous detection and
characterization of real-time power grid transient events. The assessment of the perfor-
mance of the measurement system will be compared with previously developed embedded
measurement systems that use a high-pass filter and morphological operations.
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