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Chapter

Novelty Detection Methodology
Based on Self-Organizing Maps for
Power Quality Monitoring

Juan Jose Saucedo-Dorantes, David Alejandro Elvira-Ortiz,
Arturo Yosimar Jaen-Cuéllar and Manuel Toledano-Ayala

Abstract

The inclusion of intelligent systems in the modern industry is demanding the
development of the automatic monitoring and continuous analysis of the data
related to entire processes, this is a challenge of the industry 4.0 for the energy
management. In this regard, this chapter proposes a novelty detection methodol-
ogy based on Self-Organizing Maps (SOM) for Power Quality Monitoring. The
contribution and originality of this proposed method consider the characterization
of synthetic electric power signals by estimating a meaningful set of statistical
time-domain based features. Subsequently, the modeling of the data distribution
through a collaborative SOM’s neuron grid models facilitates the detection of novel
events related to the occurrence of power disturbances. The performance of the
proposed method is validated by analyzing and assessing four different condi-
tions such as normal, sag, swell, and fluctuations. The obtained results make the
proposed method suitable for being implemented in embedded systems for online
monitoring.

Keywords: condition monitoring, power quality, novelty detection,
self-organizing feature maps, feature extraction

1. Introduction

The development and application of intelligent systems in the modern industry
lead to the implementation of improved devices capable of acquiring, process-
ing, storing, and sending any kind of information from any process to perform its
continuous assessment. These novelty systems and devices lead to the industry
4.0 and aim to increase the value of the work developed to handle the complexity
of all the available data from industrial processes. Indeed, this information is not
only directly related to the sensors that are installed in the equipment involved in
processes, but the information could also be the electrical consumption that the
equipment, the supply to the machinery. Due to an adequate electrical supply has
alot of inference in all the processes in the industrial, commercial, and residential
equipment [1].

Therefore, the monitoring of Power Quality (PQ) has been increased and
reached its importance to ensure the appropriate functioning of the electrical equip-
ment in the industrial processes, avoiding unexpected interruptions which may

1 IntechOpen



Artificial Intelligence - Latest Advances, New Paradigms and Novel Applications

cause and lead to the loss in the production or utilities. Moreover, the importance of
developing new strategies and methodologies for monitoring PQ has gained more
interest in the scientific field in recent years [2]. The increase in the electrical power
system and the loads connected to supply sources highlight the importance of the
availability of monitoring systems to detect and face the occurrence of anomalies
presented in the system [3]. Despite in the literature has been identified that prob-
lems related to PQ are caused by the supply system or non-linear behaviors of the
loads, the opportunity of detecting the occurrence of electrical power disturbances
represent a critical challenge to the monitoring systems [4].

In this regard, condition monitoring strategies focused on the assessment of PQ
are mainly related to data-driven approaches. In these cases, the acquisition and
processing of electrical power signals are performed in order to estimate a useful
and meaningful set of features. These, in turn, allow a high-performance charac-
terization of different kinds of electrical power disturbances that may be presented
in electrical power systems. In this sense, most of the classical approaches focused
on the identification of electrical power disturbances are related to the use of signal
processing that transforms the original space of electric power signals through
processing techniques such as Fourier Transform, Hilbert Transform, Wavelet
Transform, among others [5-7].

Additionally, these proposed approaches focused on obtaining a useful set of
features, then use common machine learning-based classification structures to
carry out the pattern recognition and classification of assessed power disturbances.
Indeed, the most used classifier structures are represented by Support Vector
Machines (SVM), Artificial Neural Networks (ANN), infrared Fuzzy Classifiers,
among others [8, 9]. On the other side, self-organizing maps (SOM) is a well-
studied technique that is based on a grid of neurons and by a procedure performed
under unsupervised learning, the topology of an input data space is represented
by a discrete distribution [10]. In this regard, the application of SOM as a part of
a monitoring strategy focused on PQ, may lead to extend its application to solve
different tasks such as feature reduction, multiple class classification, remaining life
prediction, and even novelty detection [11, 12].

Thereby, the main contribution of this chapter lies in the proposal of novelty
detection methodology based on Self-Organizing Maps (SOM) for the monitoring
of Power Quality (PQ ). The proposed methodology faces the occurrence of power
disturbances from the viewpoint of detecting novel events that do not belong to
pre-established normal conditions. Thus, the originality of this proposal includes
the characterization of different electric power signals by means of calculation a
meaningful set of statistical time domain-based features and, then, its posterior
data distribution modeling through individual SOM neuron grid models to perform
the diagnosis and novelty evaluation. The effectiveness of the proposed methodol-
ogy is evaluated by analyzing synthetic electric power signals that consider the
normal condition, sag, swell, and fluctuations. The obtained results make the
proposed method a suitable option for being implemented in embedded systems for
online monitoring purposes.

2. Theoretical basis
2.1 Electric power disturbances
The ideal electric power signals have specific parameters such as fundamental

frequency and a specific range of amplitudes that are also known as nominal
values. Thus, any deviation from these values is determined as an electric power
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disturbance and its occurrence may be detected through PQ monitoring [13].
According to the IEEE Std 1159 [14], a sag is defined as a decrease of the rms

value of the voltage for durations that comprises 0.5 cycle to 1 minute with typical
decreases of 0.1 per unit (pu) to 0.9 pu. On the other side, a swell is defined as an
increase of the rms value and it may occur for values up to 1.1 pu with a duration
of 0.5 cycles to 1 min. Otherwise, fluctuations are defined as a series of voltage
changes that may appear randomly in the envelope of the signal with typical values
between 0.95 pu to 1.05 pu. In the category of waveform distortions are included
the harmonics, which are sinusoidal voltages or currents with frequencies that are
integer multiples of the fundamental frequency. In addition, other kinds of distur-
bances are known as transient, which depicts a phenomenon that presents varia-
tions between two consecutive steady states, that is, during a short interval of time
and can be a unidirectional impulse or an oscillatory wave [15].

2.2 Self-organizing maps

Machine learning represents a suitable tool that may be considered in condition
assessment methodologies applied to the monitoring of PQ to detect the occurrence
of electric power disturbances. In this regard, the SOM is an unsupervised tech-
nique based on a neural network that has been used with multiple purposed, such
as clustering, classification, prediction of novelty detection. The main objective
of SOM is based on the non-linear projection of an original and high-dimensional
input data space into a low-dimensional space represented by a pre-defined num-
ber of neurons. Through this mapping, the data distribution of the input space,
which commonly is represented by a defined number of features, resembles the
mapped neurons since the topology of the data is preserved. In this regard, the
consideration of SOM for PQ monitoring may lead to detecting the occurrence of
power disturbance from a novelty detection viewpoint. Until now, other reported
methodologies used for PQ analysis require to be continuously supervised and they
use a predefined topology of the data, meanwhile, the SOM automatically adjusts
to different data topologies. These are important advantages since they allow to be
trained only once, while other techniques are retrained every time the conditions
change. This is possible of being implemented whether the available data distribu-
tion related to the normal condition is initially modeled and then, eventual novelty
patterns are detected due to the topological characteristics of the initial data distri-
bution are highly associated with the normal condition. Indeed, SOM performance
is qualitatively measured in terms of the average quantization error, Eg, that also
provides information to the degree of novelty detection (INd) described by
Eq. (1) [12]:

Eq < q-training > 0
E, ~E, i
_ - q q—training
Nd - dmax > Eq > Eq—tmining’ 1- d o (1)
max—training  “—q-training
Eq > dmax—tmining’ 1

3. PQ-based novelty detection method

The proposed novelty detection methodology for PQ is composed by five differ-
ent steps as Figure 1 depicts. Thus, in the first step, a complete database composed
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Figure 1.
Proposed novelty detection strategy based on SOM for monitoring and detecting different PQ events.
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Statistical time domain-based set of features.

by several synthetic signals is generated. The database is generated in Matlab fol-
lowing the corresponding definitions established by the IEEE Std 1159 [13]. In this
regard, the synthetic signals are related to different power signals including normal
conditions and different disturbances such as sag, swell, and fluctuations.

Subsequently, in the second step, a meaningful set of 3 statistical time domain-
based features is estimated from all the synthetic signals, this set of features is
composed by the rms value, kurtosis, and skewness [16]. Indeed, the calculation
of a numerical set of statistical-time domain features allows obtaining a significant
characterization due to its capability for characterizing trends and eventual changes
over these trends in the analyzed signals [12, 15]. The mathematical equations of
the considered statistical time domain features are listed in Table 1.

Then, in the third step, the modeling of all considered power signals is carried
out through different SOM neuron grid structures. Thereby, in this modeling stage,
the data distribution of each one of the events is modeled and represented by a
unique and specific SOM neuron grid model, i.e. the normal condition is repre-
sented by SOM;, and the power disturbances such as sag, swell, and fluctuations are
represented by SOM,, SOM3, and SOMy, respectively.

Afterward, the continuous assessment of electric power signals and the detec-
tion of events is performed by a novelty detection stage, such detection is carried
out by analyzing the resulting Eq value of each one of the considered SOM’s neuron
grids. Specifically, the Eq values are successively analyzed by each SOM neuron
grid. That is, a measurement is assessed, first, through the SOM; in order to analyze
its normal condition. Subsequently, a novel event is detected if an abrupt change in
the Eq value is obtained. In this regard, the electric power signal under inspection
is subsequently analyzed by a second, third and fourth SOM’s neuron grids aiming
to find the SOM model that best represents such power signal in Eq terms. Indeed,
the increase of the Eq value lies to achieve a novelty detection. Such increase is due
to the topological characteristic of the database considered during the modeling of
each SOM neuron grid and its difference with the topological characteristics of the
measurement under inspection.

Finally, the diagnosis and classification of different power disturbances follows.
Synthetic signals with multiple power disturbances are analyzed in this step, in
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order to validate the effectiveness of the proposed fault detection and identification
methodology.

It worth mentioning that the PQ monitoring problem is addressed by the novelty
detection technique since changes in the Eq values would be analyzed to conclude if
effectively a power disturbance occurs, or if simply the electrical equipment reaches
anew condition that falls between an operating range that stills remains normal.

In counterpart, techniques focused on outlier/anomaly detection could lead to
misclassifications.

4, Results

The proposed novelty detection methodology has been implemented in Matlab,
a software platform used to develop multiple engineering applications such as
condition monitoring of industrial systems.

4.1 Synthetic signal database

As it has been aforementioned, a database composed of different synthetic sig-
nals is generated by taking into account the corresponding definitions established
by the standards. In this sense, it should be highlighted that any power disturbance
must fulfill specific characteristics for being considered as a specific disturbance,
otherwise, there will be no appropriate category to which it could belong. Thus,
all synthetic signals are generated by considering a sampling frequency of 8 kHz
and 50 Hz as fundamental frequency; additionally, different levels of noise are also
considered with the aim of increasing the variability of the database.

Consequently, a database with four different patterns is generated, such patterns
are related to different electric power conditions representing the normal condition
and, three disturbances such as sag, swell, and fluctuations. Hence, for each one
of the considered electric power conditions, twenty synthetic signals are produced
with a signal duration of 5 seconds.

4.2 Signal processing and data modeling

Subsequently, as it has been described, all synthetic signals are processed by
estimating a set of statistical time-domain based features. The proposed feature
estimation is considered attempting to highlight the most meaningful characteris-
tics that may describe the incidence of unexpected electric power disturbances.

In this regard, due to there exist specific disturbances that may appear instantly,
the statistical set of features is individually estimated for each one of the cycles
that compose a complete electric power signal; indeed, a zero-crossing detector is
considered to identify the beginning and end of each cycle. Thus, for each one of
the considered conditions, twenty synthetic signals with 250 cycles are subjected to
this feature estimation, as a result, a feature matrix with 5000 files (samples) and 3
columns (features) is obtained for each specific condition.

Then, the data distribution of each one of the electric power signals, rep-
resented by its corresponding feature matrix, is modeled and represented by a
unique and specific SOM neuron grid model. Thereby, the considered SOM’s
neuron grids consist basically of a predefined number of neurons (10 x10) which
is known as the Matching Unit (MU). Subsequently, during a training process,
each SOM neuron grid is randomly initialized and consecutively is adapted to the
data distribution under evaluation aiming to retain as much as possible its topo-
logical properties.
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Furthermore, the performance achieved for each SOM neuron grid model may
be quantitatively defined in terms of its quantization error. Specifically, the average
quantization error, Eq, represents the mean distance from each measurement to the
nearest neuron that is activated (Best Matching Unit-BMU). Thus, after modeling
the data distribution of the electric power signal in normal conditions, the first
SOM; neuron model achieves a mean quantization error equal to 0.0016.

4.3 Novelty detection and PQ diagnosis

In order to demonstrate the effectiveness of this first SOM; neuron grid for
modeling the normal condition and to evaluate its achieved performance, three
different electric power signals, with an electric disturbance, are assessed through
the SOM; model. Thus, in Figure 2 is shown the mean quantization, Eq, obtained
by the first SOM; model during the evaluation of the first electric power signal that
includes a power disturbance. From Figure 2, it should be clarified that each sample
of the horizontal axis represents each analyzed cycle from the electric power signal
under evaluation. In this regard, it is possible to observe that an abrupt increase
of the Eq is achieved between samples 89 and 93, this increase depicts the sudden
occurrence of an abnormal condition, indeed, such occurrence is also known as
novel detection.

Due to a novelty detection is performed by the SOM;, the electric power signal
under evaluation has to be analyzed in order to confirm the occurrence of dis-
turbances. Hence, in Figure 3a is shown the complete electric power signal and,
through visual inspection, it is possible to identify an abnormality on the signal
(amplitude reduction), where, such abnormality describes a sag. A detailed visu-
alization of the affected part of the power signal is shown in Figure 3b, thus, from
Figure 3b, and by following the definitions established by the IEEE Std 1159, it
may be determined that three cycles of the power signal are affected by the occur-
rence of sag.

Afterward, a second and a third electric power signal that also includes power
disturbance are also assessed under the SOM; model. In this sense, the Eg value
achieved during the evaluation of the second signal is graphically represented and
shown in Figure 4. For this electric power signal, the novelty detection is placed
between samples 175 and 178, on the other hand, when this electric power signal is
visually inspected an instantaneous amplitude increase is detected. In Figure 5a is
shown the complete electric power signal evaluated and, in Figure 5b is shown a
detailed visualization of the affected part of the second power signal, that, accord-
ing to the established definitions represents the occurrence of swell and affects the
power signal during two cycles.

0.15 . .

Novelty detection
L | 1
=
53]
0.05r T
Sample 89 Sample 93
O (At AAN s, ot = st mtontones
0 50 100 150 200 250
Samples

Figure 2.
Graphical representation of the resulting mean quantization ervor (Eq) that is obtained during the evaluation
of an electric power signal that includes an unknown power disturbance (sag), in the first SOM, model.
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Figure 3.
Electric power signal with a power disturbance, SAG, evaluated under the first SOM, model. (a) Complete
signal with 5 seconds of duration and, (b) zoom of the detailed signal that shows the signal affectation.
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Figure 4.
Obtained mean quantization ervor during the evaluation of an electric power signal that includes an unknown
power disturbance (swell), in the first SOM, model.

Later, the third electric power signal is finally evaluated through the first SOM;
model, the Eq value obtained during its evaluation is graphically represented in
Figure 6, where, the novelty detection is performed between samples 21 and 32.
Thus, when this electric power signal is visually inspected, it is noted that several
amplitude variations appear over the power signal, as in Figure 7a is shown. In
Figure 7b is shown a detailed visualization of the affected part of the third power
signal, that, in terms of the established definitions, such amplitude variations
represent the occurrence of fluctuations. Thereby, through the evaluation of these
three electric power signals, which include power disturbances such as sag, swell,
and fluctuations, is validated the effectiveness of considering a specific SOM
neuron grid to model and represent the data distribution of electric power signals in
normal conditions.
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Electric power signal with a power disturbance, SWELL, evaluated under the first SOM, model. (a) Complete
signal with 5 seconds of duration and, (b) zoom of the detailed signal that shows the signal affectation per

two cycles.
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Figure 6.
Achieved mean quantization ervor obtained during the assessment of an electric power signal that includes an

unknown power disturbance (fluctuations), in the first SOM, model.

Regarding the proposed methodology, the modeling of the data distributions
related to synthetic electric power signals with different disturbances such as sag,
swell and fluctuations, is also performed by three individual SOM neuron models,
SOM,, SOM5 and SOM, respectively. Thereby, SOM, represents the sag power dis-
turbance, SOMj; represents the swell power disturbance and, SOM, represents the
fluctuation power disturbance. The mean quantization error, Eq, achieved during
the training of each SOM neuron model is 0.003, 0.0023 and 0.0016, for each one
of the considered disturbances, sag, swell and fluctuations, respectively.

Accordingly, in order to evaluate the performance achieved by each modeled
SOM neuron model, an electric power signal that includes all considered condi-
tions, normal, sag, swell and fluctuations, is evaluated through the four SOM



Novelty Detection Methodology Based on Self-Organizing Maps for Power Quality Monitoring
DOI: http://dx.doi.org/10.5772/intechopen.96145

1.5 _ ‘(' Fluctuations

[a—

=
E 0.5
s 0
£
< 0.5

-1

0 1 2 3 4 5
a) Time (S)
L5 ' ' ' ' " _ Fluctuations '
/

Amplitude

\n I
ALANAERLY

. . 05 055 06 065 0.7
b) Time (s)

Figure 7.

Electric power signal with a power disturbance, fluctuations, evaluated under the first SOM, model.

(a) Complete signal with 5 seconds of duration and (b) zoom of the detailed signal that shows the signal
affectation.
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Figure 8.
Electric power signal with three power disturbances, sag, swell and fluctuations, used by the subsequent
evaluation through SOM,, SOM,, SOM; and SOM,,.

neuron models, SOM;, SOM,, SOM3; and SOM,. Thus, as it has been mentioned, the
electric power signal is first evaluated through the SOM1 neuron model and, in case
of novelty detection, such electric power signal is subsequently analyzed by SOM,,
SOM3; and SOM, neuron grids aiming to find the SOM model that best represents
such power signal in terms of its Eq value. In Figure 8 is shown the electric power
signal used to evaluate the SOM neuron grid structure, this electric power signal

is composed by concatenating an electric power signal in a normal condition of

5 seconds of duration with the electric power signals shown in Figure 3a, Figure 5a
and Figure 7a.
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Mean quantization error achieved by each SOM neuron model during the evaluation of an electric power signal that
includes power disturbance such as sag, swell, and fluctuations. (a) SOM,, (b) SOM,, (c) SOM; and (d) SOM,,.

The Eq values achieved by each SOM neuron model are individually shown from
Figure 9a-d, for SOM;, SOM,, SOM; and SOM,, respectively. Therefore, by analyz-

ing the Eq value of Figure 9a, from SOMj, it is possible to notice the occurrence
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of different events detected as novelties. In this regard, when the first novelty
detection occurs, the Eq values of the following SOM’s neuron models have to be
analyzed. That is, while a novelty detection is performed by the SOM; neuron grid,
for these specified number of samples, in the second SOM neuron grid, SOM,, is
achieved the lowest E'q value; whereas, the rest of SOM’s neuron models present an
abrupt increase of the Eq value. Consequently, the first novelty detection of SOM;
belongs to the appearance of sag.

Subsequently, when the second novelty detection appears over the E'q value of
SOM; (Figure 9a), in the SOM3 is achieved the lowest Eq value; while the rest of
SOM’s neuron models the abrupt increasing and change of the E'q value is described;
thus, the occurrence of swell produces the second novelty detection. Finally, the
third novelty detection that occurs in the Eq value of SOM; trend to produce abrupt
and variable changes of the Eq value, indeed, this variable behavior also appears
over the Eq values of SOM, and SOM; neuron grids, and, the unique SOM neuron
model that do not present these abrupt and variable changes in the Eq value is the
SOM, neuron grid. Hence, the third novelty detected by the SOM, neuron grid
depicts the occurrence of fluctuations.

Therefore, the obtained results prove the effectiveness of the proposed meth-
odology to perform the PQ monitoring and for detecting the occurrence of electric
power disturbances. In fact, the proposed diagnosis methodology also has the
advantage of considering additional disturbances for being modeled through addi-
tional SOM’s neuron grids models. Definitely, this proposed structure is suitable
to be implemented in embedded systems such as field-programmable gate arrays
(FPGA) for online monitoring purposes.

Moreover, aiming to summarize the obtained results in Table 2 are shown the
resulting classification ratios that were achieved during the training and validation
of each SOM neuron grid model; thus, three test cases are evaluated. As in Table 2 is
observed, the test case 1 consists on evaluating the available data related to
the Normal and Sag conditions through the first SOM; model and, in the case of
the Normal (evaluated as the known condition) condition is achieved 100% of the
global classification ratio; whereas, in the case of Sag (evaluated as the unknown
condition) or novelty detection 100% of the global classification is also obtained.
Subsequently, for the second test set, the conditions considered as known are the
Normal and Sag conditions and, the occurrence of Swell is evaluated as the known
condition; in the third test case, the known conditions are Normal, Sag and Swell;
while the Fluctuation represents the unknown condition. Therefore, it should be
highlighted that all the samples that were evaluated have been correctly identified
and diagnosed to its corresponding class (assigned condition) with a membership
probability higher than 97% for all cases.

Regarding other novelty detection methods, one-class support vector machine
(OC-SVM) remains as the most classical approach that has been implemented
under condition monitoring strategies to perform novelty detections. In this sense,
the consideration of OC-SVM with classical feature reduction techniques, such as
PCA (Principal Component Analysis) and LDA (Linear Discriminant Analysis),

Test case Known class (%) Unknown class (%)

1 Normal (100%) Sag (100%)

2 Normal (100%), Sag (100%) Swell (>98%)

3 Normal (100%), Sag (100%), Swell (100%) Fluctuation (>97%)
Table 2.

Resulting diagnosis and novelty detection vatios for each SOM neuron grid model.

11
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are used to evaluate the available data to detect novelties during the PQ monitoring.
Thus, by evaluating the available data by means of such approach a global clas-
sification ratio about 62% is approximately obtained for each evaluated condition.
Therefore, it must be mentioned that the consideration SOM neuron grids as a part
of a novelty detection structure leads to obtain advantageous results over classical
approaches such as OC-SVM.

4.4 Experimental validation by analyzing a photovoltaic generation system

Additionally, the proposed method is evaluated under a real scenario in order
to highlight the effectiveness and performance during the novelty detection of PQ
disturbances. In this regard, experimentation is performed in a 30-MW wind farm
located in northwest Spain. A proprietary data acquisition system (DAS) is used for
collecting and storage the electrical signals. This DAS is based on field programmable
gate array (FPGA) technology and it is able to acquire data from 7 channels simulta-
neously. Three of these channels are devoted to collect the voltage signals, whereas
the four remaining channels are intended to receive current signals. The FPGA-based
DAS operates at a sampling rate of 8000 samples per seconds and has a 16-bit analog
to digital converter that ensures the proper representation of the acquired data.
Finally, the DAS incorporates a 128 GB SD memory that allows performing the
uninterrupted data storage for periods up to 11 days. When the memory is full, it can
be easily replaced to continue with the acquisition process. The DAS is located at the
substation of the windfarm, which means that the production of the complete farm
can be monitored. The measurements are taken from a measuring transformer, so the
DAS must measure voltages up to 110 Vrms. The commercial current clamps SCT-
013-010 from YHDC are used to perform the current measurements in this location.

Therefore, the proposed novelty detection method for detecting the occurrence
of PQ disturbances is applied to real data acquired from a real scenario as follows:

1. One of the voltage signals that was acquired during the monitoring of the
transformed is processed as is described in Section 3, this processing is per-
formed in order to compute the proposed set of 3 statistical features.

2. Subsequently, the set of statistical features that represent the voltage signal is
evaluated though all the SOM neuron grids models that were obtained dur-
ing the training procedure, in which, the synthetic signals were considered.
Specifically, such set of statistical features is evaluated through the neuron grid
model: SOM;, SOM,, SOM; and SOM,, which represent the normal condition,
the occurrence of sag, swell, and fluctuations, respectively.

3.The mean quantization error, Eq, is analyzed aiming to determine the novelty
detection and aiming to determine whether the occurrence of a PQ distur-
bance is detected by one of the SOM models.

In this regard, after evaluating the set of the statistical features through each
one of the SOM neuron grid models, SOM;, SOM,, SOM; and SOM,, the E'q value
is obtained. Thereby, the Eq value achieved by each SOM model is represented
and show from Figure 10a-d, respectively. From these obtained results it should
be highlighted that the graphical representation of the Eq value of Figure 10a, c
and d, presents an abrupt increase. This increase is produced due to the neuron
grid models SOM;, SOM3 and SOM, detect a novelty; on the other hand, the Eq
value achieved by the SOM, neuron grid does not show the increase since it could
be considered that the novelty detection belongs to the occurrence of sag.

12



Novelty Detection Methodology Based on Self-Organizing Maps for Power Quality Monitoring
DOI: http://dx.doi.org/10.5772/intechopen.96145

600 - - . . :
Novelty detection
400 1
s
£3
200 Sample 5164\ |
0 A N — . I L l
0 1000 2000 3000 4000 5000 6000
a) Samples
4 ' ' Sample 4800 '
RN
3 - .
> 1
Ry 2
1 .
0 1 1
0 1000 2000 3000 4000 5000 6000
b) Samples
600 . T . . .
Novelty detection
400 r T
S
Ry
200 r 1
Sample 5164
0 1 1 L L 1
0 1000 2000 3000 4000 5000 6000
0 Samples
600 - - . . .
Novelty detection
400 .
>
83
200 r 7
Sample 51 64\
N | N
0 1000 2000 3000 4000 5000 6000
d) Samples

Figure 10.
Achieved mean quantization ervor by each SOM neuron model by evaluating the electric power signal of a
transformer in: (a) SOM,, (b) SOM,, (c) SOM; and (d) SOM,,.

Afterward, in order to validate the occurrence of the sag, the voltage signal
is analyzed by visual inspection to find and detect such PQ disturbance; in this
sense, in Figure 11a is shown the voltage signal and it may be observed that
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Figure 11.

Voltage signal acquived during the monitoring of the electric transformer in which a novelty detection is
detected. (a) Complete voltage signal, (b) zoom over the specific area in which the disturbance is detected and
identified as sag.

around the eight-second a disturbance is presented. Also, in Figure 11b is shown
a zoom of such specific area in which the disturbance is presented and, it can be
appreciated that the disturbance has the specific characteristics that belong to the
occurrence of sag. In this sense, it should be highlighted that the effectiveness of
the proposed novelty detection methodology has been proved by analyzing real
data acquired from a real scenario that includes the monitoring of a transformer.

5. Conclusions

This chapter proposes a novelty detection methodology based on Self-
Organizing Maps to perform the monitoring of Power Quality. The obtained result
proves the effectiveness of the proposed method for detecting the occurrence of
unexpected and undesirable electric power disturbances such as sag, swell, and
fluctuations.

Thus, two main important key points must be highlighted from this proposal.
First, the characterization of the electric power signals through statistical time-
domain based features leads to achieving a high-performance representation of
the data distribution. Second, the modeling of the available data by means of
SOM’s neuron grids allows preserving the topology of the data, which is a key
feature that leading the detection of novelty events. Additionally, the consid-
eration of a collaborative SOM neuron structure based on the analysis of the
mean quantization error effectively detects all novel electric power disturbances
considered.
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Finally, the proposed method is evaluated under a synthetic database of electric
power signals that considers the occurrence of four conditions, normal, sag, swell,
and fluctuations. In fact, the proposed PQ monitoring structure may be extended to
other power disturbances. The obtained results depict that this proposal is a suit-
able option to be implemented in embedded systems, such as field-programmable
gate arrays (FPGA), as a tool for online monitoring with application in industrial
processes.

Acknowledgements

This research work has been partially supported by the FONDEC-UAQ-2019
under the registered project FIN202011.

Conflict of interest

The authors declare no conflict of interest.

Author details

Juan Jose Saucedo-Dorantes*, David Alejandro Elvira-Ortiz,
Arturo Yosimar Jaen-Cuéllar and Manuel Toledano-Ayala
Engineering Faculty, Autonomous University of Queretaro,

San Juan del Rio, Mexico

*Address all correspondence to: jsaucedo@hspdigital.org

IntechOpen

© 2021 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms
of the Creative Commons Attribution License (http://creativecommons.org/licenses/
by/3.0), which permits unrestricted use, distribution, and reproduction in any medium,

provided the original work is properly cited.

15



Artificial Intelligence - Latest Advances, New Paradigms and Novel Applications

References

[1] D. A. Elvira-Ortiz, R. A. Osornio-
Rios, D. Morinigo-Sotelo, H. Rostro-
Gonzalez, and R. J. Romero-Troncoso,
“Power quality monitoring system
under different environmental and
electric conditions,” Proc. Int. Conf.
Harmon. Qual. Power, ICHQP, vol.
2018-May, pp. 1-6, 2018.

[2] M. A. Rodriguez-Guerrero, A. Y.
Jaen-Cuellar, R. D. Carranza-Lopez-
Padilla, R. A. Osornio-Rios, G. Herrera-
Ruiz and R. d. J. Romero-Troncoso,
"Hybrid Approach Based on GA and
PSO for Parameter Estimation of

a Full Power Quality Disturbance
Parameterized Model," in IEEE
Transactions on Industrial Informatics,
vol. 14, no. 3, pp. 1016-1028, March
2018, doi: 10.1109/TI1.2017.2743762.

[3] L. Morales-Velazquez, R. de].
Romero-Troncoso, G. Herrera-Ruiz, D.
Morinigo-Sotelo, and R. A. Osornio-
Rios, “Smart sensor network for
power quality monitoring in electrical
installations,” Meas. J. Int. Meas.
Confed., vol. 103, pp. 133-142, 2017.

[4] S. M. Blair, C. D. Booth, G.
Williamson, A. Poralis, and V.
Turnham, “Automatically Detecting
and Correcting Errors in Power Quality

Monitoring Data,” IEEE Trans. Power
Deliv., 2017.

[5] S. Jamali, A. R. Farsa, and N.
Ghaffarzadeh, “Identification of
optimal features for fast and accurate
classification of power quality
disturbances,” Meas. J. Int. Meas.
Confed., vol. 116, no. August 2017, pp.
565-574, 2018.

[6]]. Li, Z. Teng, Q. Tang, and J. Song,
“Detection and Classification of Power
Quality Disturbances Using Double
Resolution S-Transform and DAG-

SVMs,” IEEE Trans. Instrum. Meas., vol.

65, no. 10, pp. 2302-2312, 2016.

16

[71 W. Qiu, Q. Tang, J. Liu, Z. Teng, and
W. Yao, “Power Quality Disturbances
Recognition Using Modified S
Transform and Parallel Stack Sparse

Auto-encoder,” Electr. Power Syst. Res.,
vol. 174, no. February, p. 105876, 2019.

(8] S. Karasu and Z. Sarag, “Investigation
of power quality disturbances by using
2D discrete orthonormal S-transform,
machine learning and multi-objective
evolutionary algorithms,” Swarm Evol.
Comput., vol. 44, no. November 2018,
pp. 1060-1072, 2019,

[9] S. Wang and H. Chen, “A novel deep
learning method for the classification of
power quality disturbances using deep
convolutional neural network,” Appl.
Energy, vol. 235, no. November 2018,
pp. 1126-1140, 2019.

[10] A. E. Lazzarettil, V. H. Ferreira and
H. V. Neto, "New trends in power quality
event analysis: novelty detection and
unsupervised classification," Journal

of Control, Automation and Electrical
Systems, vol. 27, pp. 718-727, 2016.

[11] Z. Li, H. Fang, M. Huang, Y. Wei and
L. Zhang, " Data-driven bearing fault
identification using improved hidden
Markov model and self-organizing

map,"' Computers & Industrial
Engineering, vol 116, pp. 37-46, 2018.

[12]], ]. Saucedo-Dorantes, M. Delgado-
Prieto, R. A. Osornio-Rios and R. J.
Romero-Troncoso, "Industrial data-
driven monitoring based on incremental
learning applied to the detection of
novel faults," IEEE Transactions on
Industrial Informatics, Feb 2020, DOI:
10.1109/T11.2020.2973731.

[13] M. H. J. Bollenand I. Y. H. Gu,
Signal Processing of Power Quality
Disturbances. 2005.

[14] IEEE, IEEE Std 1159 - IEEE
Recommended Practice for Monitoring



Novelty Detection Methodology Based on Self-Organizing Maps for Power Quality Monitoring
DOI: http://dx.doi.org/10.5772/intechopen.96145

Electric Power Quality., vol. 2009, no.
June. 2009.

[15] O. Florencias-Oliveros, J. J.
Gonzalez-de-la-Rosa, A. Agliera-Pérez
and J. C. Palomares-Salas, " Power
quality event dynamics characterization
via 2D trajectories using deviations of
higher-order statistics," Measurement,
vol. 125 pp. 350-359, 2018.

[16] ]. J. Saucedo-Dorantes, M. Delgado-
Prieto, R. A. Osornio-Rios and R. de
Jesus Romero-Troncoso, "Multifault
Diagnosis Method Applied to an Electric
Machine Based on High-Dimensional
Feature Reduction," in IEEE
Transactions on Industry Applications,
vol. 53, no. 3, pp. 3086-3097, May-June
2017, doi: 10.1109/TI1A.2016.2637307

17



