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ABSTRACT

Artificial intelligence (AI) approaches are usually coupled with the wavelet transform (WT) for feature extraction to classify the power quality disturbances
(PQDs). Therefore, selecting a useful WT-based signal processing approach is required for a reliable classification, especially in real-time applications. In this
study, a new hybrid, un-decimated wavelet-transform (UWT)-based feature extraction method using a support vector machine (SVM) with a “a trous” algorithm
is proposed to classify PQDs in distributed generators (DGs). The proposed method was performed in a real-time application of a DG system to classify PQDs.
The derived features were tested on five different machine learning (ML) models by determining the most appropriate classification technique for the proposed
UWT-based feature extraction method. An experimental DG system is constituted in the laboratory using a LabVIEW environment, and the proposed method is
tested under different grid conditions. Besides, other well-known and studied conventional ML methods were also tested under 25 dB, 30 dB, and 40 dB noise
and compared to the developed method. The experimental and simulation results show that the features extracted with the proposed UWT-based method pro-
vide much more successful results in classification than the existing wavelet methods in the literature. Furthermore, the proposed method’s noise sensitivity
performance is much better than other conventional wavelet algorithms, especially in real-time applications.
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1. Introduction

Power Quality (PQ) detection in the real-time domain is required for
distributed generators (DGs) [1]. Continuous monitoring of PQ and
detecting power quality disturbances (PQDs) ensures that the correct
operating mode decision is made and allows components such as
transformers, converters, and control equipment in the power system to
operate with more reliability and with a longer life [2]. Besides, PQ
parameters are essential factors in determining electricity usage cost,
both in terms of production and regulation and consumption [3]. As a
result, PQDs in the power system needs to be fast and accurately
detected, and classified to improve PQ.

DG structure is an essential part of the microgrids [4]. The PQ
problems occurring in the DG side with the integration of renewable
energy systems show similar features to conventional systems. However,
PQDs in micro-grid applications are more complex to identify than
conventional power systems. As with conventional systems, short circuit
faults, switching of large loads, switching large capacitor banks, drive
systems with nonlinear loads, and transformers energization will lead to
transients, sudden current/voltage drops and rises, and voltage fluctu-
ations, harmonics, etc. in the micro-grid. On the other hand, some sit-
uations cause PQDs specific to DGs, such as enabling or disabling DGs,
presence of nonlinear loads, inverter control strategies, and operating
mode switching (islanding/non-islanding) [5]. In addition, environ-
mental characteristics such as variation in solar radiation and wind
speed are also effective in the degradation of PQ in renewable energy-
based DG systems [3,6]. If the PQDs are distinctly classified and
known in advance in DG-based systems, an appropriate mitigation
approach can be adopted and thereby enhance the performance of the
power electronic equipment and control devices. Therefore, effective
operation, control, and protection of the DG system from unwanted
operations are possible by detecting and classifying PQDs with a suitable
method.

Today, the PQ analyzers use the effective value conversion method to
detect and classify the short-and long-term voltage distortions. Although
these methods can be applied easily, they have many disadvantages,
such as difficulty, threshold values selection, uncertainty caused by
operating conditions, involving undetected areas, and being easily
affected by noise [2]. Many of the signal processing-based and artificial
intelligence-based methods related to PQD detection and classification
have been proposed in recent years, differing from conventional power
analyzer methods to eliminate these disadvantages [3]. Besides, signal
processing-based methods use both time and frequency components of a
signal, unlike other methods. Therefore, it is more flexible and reliable
in comparison with the conventional PQD detection and classification
methods.

The proposed signal analysis methods for PQD detection and classi-
fication in literature can be grouped as Fourier Transform (FT) and its
variances, wavelet transform (WT) and its variances, variational mode
decomposition (VMD), s-transform (ST), Hilbert-Huang transform, and
Wigner-Ville Distribution (WVD). FT methods do not allow the local
inspection of frequency components. It cannot give a proper spectrum in
non-stationary signals (transients, short-term voltage sag/swell, etc.).
This problem was solved by the windowing process used in the short-
term Fourier transform (STFT). STFT has a fixed window size and is
not suitable for simultaneously examining the signal’s high and low-
frequency components [7]. ST does not satisfy the real-time re-
quirements for PQD detection since it is based on block processing.
Decomposition of the signals using Hilbert-Huang transform with close
frequency components and during sudden transition such as PQDs is
difficult [2]. The most important resulting limitations of the VMD
method are the boundary effects and sudden signal onset in general. WT-
based methods have flexible time-frequency representation. WT
methods can detect signal discontinuities and sudden changes in high-
grade derivatives where other signal processing methods cannot
detect. However, WT methods perform low performance under noise.

The most commonly used WT-based methods for the detection and
classification of PQDs can be examined in 3 groups as continuous
wavelet transform (CWT), discrete wavelet transform (DWT), and
wavelet packet transform (WPT) [8-13].

The performances of WT techniques for PQD detection and classifi-
cation are shown in Table 1. DWT, CWT, and WPT methods are used for
PQD detection and classification, but these methods have some draw-
backs and limitations in the classification of PQDs. In this study, unlike
the conventional techniques, the un-decimated wavelet transform
(UWT) method, which is mostly used in image processing, was used. It
has not been used in the power system already as the feature extraction
in the classification of PQDs. In ref. [14], the UWT method is suggested
for fault detection in PV-based microgrids for the first time. This method
has been tested in real-time applications, and it overcomes the draw-
backs and limitations of WT methods. UWT reduces the oscillations and
noise in the measured voltage quantities. UWT is useful for selecting
threshold values rather than DWT, and noise sensitivity is lower than
other WT-based applications [15].

Various artificial intelligence-based algorithms have been used in the
literature to classify PQDs in DG applications. Al-based detection and
classification methods for PQDs constituted of neural network-based
classifiers [16,17], support vector machine (SVM)-based classifiers
[18,19], fuzzy expert system-based classifiers, decision tree (DT),
random forest (RF) classifiers, and deep learning-based classifiers [3].
These methods, which have superiority over other methods are classi-
fied with multiple classifiers along with powerful features are extracted
over the original signal with the appropriate signal processing method.
An important aspect of feature extraction is signal analysis. In this study,
a new UWT-based signal analysis method with a “a trous” algorithm is
proposed to feature extraction of PQDs. To assess the performance of the
proposed scheme, different classifiers have been considered. The overall
recognition test accuracy for the PQDs is 99.85% for the proposed UWT
and kernel SVM-based hybrid method. The classification accuracy under
low-level noise and high-level noise conditions is 99.66% and 99.32%,
respectively.

The Contribution of the Study can be summarized in three sections:

e To improve the resolution of time—frequency analysis, an UWT-based
decomposition method with a “a trous” algorithm was used for the
first time in the classification of PQDs among the existing WT-based
methods. The improved UWT method has advantages in noise
reduction, peak or valley detection and it obtains high-frequency
resolution at high frequencies.

e The performances of five different classifiers on the most used WT
and proposed UWT methods were examined in detail. The classifiers’
performance, which is developed based on WT but has dramatically
low performance under noise, has been improved with UWT.

Table 1
Performances of WT-based methods for PQD detection and classification.
DWT CWT WPT UWT
Peak Detection ~ Not Robust — Robust Robust
Accuracy
Real-Time Most Suitable Not Suitable Suitable Suitable
Fault
Detection
Prevalence of High Low Moderate New
use
Response Time  Very short Long Short Short
Noise High Moderate High Very Low
sensitivity
Non- Suitable Suitable Suitable Most
stationary suitable
analysis
Feature Not suitable for ~ Not suitable Not suitable for ~ Most
extraction noisy for real-time noisy suitable
process conditions conditions




e The UWT and SVM-based hybrid method was performed with high
accuracy and reliability even under noise from 25 to 40 dBs.

This paper is structured into five sections. Section 2 presents syn-
thetic PQD generation, details of the UWT decomposition, parameter
design, and feature extraction process. At the same time, UWT advan-
tages are presented in detail in this section. The proposed methodology
for the classification of PQDs is investigated in Section 3. Section 4
covers mathematical, simulation, and real data results related to the
classification of PQDs. In addition, a comparative analysis of the pro-
posed method with existing methods is given in this section. Finally,
Section 5 concludes the proposed research work details.

2. Methodology

The graphical abstract of this paper is given in Fig. 1. In the first
stage, PQD data were generated from both the integral-based mathe-
matical method in the LabVIEW environment and the simulations per-
formed using the modeled micro-grid in MATLAB. Different levels of
noise were added to the generated PQDs and these signals were pre-
processed. Then, an UWT-based decomposition with the “a trous” al-
gorithm was applied to the event signals and different levels of detail
coefficients were obtained. After the decomposition, feature vectors for
nine classes were determined. The feature vector is the input to the
improved kernel SVM. At the output of the SVM classifier, there are PQD
event output labels (C1, C2, ..., C9). When the SVM model was created,
the validity of the proposed method is tested with the PQD data acquired
by using the experimental test system.

2.1. PQD data generation

Most of the available literature used a mathematical model or
simulation model for the generation of data due to the difficulty of
obtaining the real signals related to the PQD. In this study, the integral-
based mathematical model was used to produce PQD signals [20]. The
most common PQD signals, especially in microgrid applications, were
provided automatically in the LabVIEW environment according to the

IEEE standards [21]. Besides, different levels of noise can be applied to
generated PQD signals through the program interface.
Different parameters for the PQD signals can be presented as bellows:

e The fundamental frequency value is 50 Hz.

The sampling frequency is 10 kHz.

o The number of cycles of the fundamental frequency is ten cycles (0.2
s-2000 points).

e The number of samples for each class is 2000.

e The amplitude of the PQD signals is based on per-unit (pu)

Many studies have been examined [20-26] to obtain the mathe-
matical model for the eight most common PQD events in the power
system. Table 2 shows that training, validation, and test dataset can be
generated randomly by the software created based on the equations
specified among the possible PQD parameter values. Additionally, un-
like other studies, voltage drops/rises, the frequency drops/increase,
signals containing low harmonics, and their multiple states can be ob-
tained with the proposed software using LabVIEW in nominal signal
generation under normal conditions within the limits of IEEE standards.
The variety in the nominal signal data has increased system flexibility
and reliability. Waveforms and definitions of the most common PQDs
specified in IEEE 1159 std [22].

To simulate the PQDs in a noisy environment, the ideal PQD wave-
forms with White-Gaussian noise have been considered. The definition
of signal-to-noise ratio (SNR) can be expressed as

Py
SNR = 10log, (}%) dB (@)
where P; and P, refer to the average power of the ideal signal and

noise signals, respectively. The database of PQDs for SNR=c0, SNR = 40
dB, SNR = 30 dB, and SNR = 25 dB.

2.2. Un-decimated wavelet transform (UWT)

The WT, which is often used in pattern recognition applications, can
decompose signals at different scales and resolutions. WT-based DG
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Table 2
Mathematical model of PQDs [20-26].

Class PQD Signals Equations

Threshold Parameters

C1 Nominal x(t) = sin(2nft —p)x(t) = [1 —a(u(t — ) — u(t — ) ) Jsin(2aft —p)x(t) =
[1+p(u(t - t1) - u(t - t2) ) Isin(2nft —)x(t) = sin(2aft —p) + 7 sansin(2fit —o;)

c2 Sag x(t) = [1 —a(u(t —t) - u(t — t2) ) Jsin(22ft —¢)

c3 Swell x(t) = [1+p(u(t — o) — u(t — tz) ) Jsin(2ft —¢)

c4 Interruption x(t) = [1—y(u(t — &) — u(t — t2) ) sin(2zft —¢)

c5 Harmonics x(t) = sin(2zft —p) + Y7_sansin(naft —9)

C6 Flicker x(t) = [1+6sin(2xfit) | sin(2xft —p)

c7 Oscillatory x(t) = sin(2aft —) + fexp(—(t — t1)/zsin(2fo(t — t1) — 9)((u(t — t2)—(u(t —tr) ))
transient

C8 Impulsive x(t) = sin(2aft —p) + o(exp( —750(t —ty) —exp(—344(t — tq))((u(t —tq) —u(t —t5)))

transient Spike

Cc9 Notch

X(t) = sin(2zft —g) —sign(sin(2aft — ) ) + S 1% ansin(naft —9,)k(u(t — (t. + s.n) — u(t — (tg +s.n)))

49.8<f<502 —r<gp<nx

0<a<01,0<5<0.1
0,t<0

Ut =91¢>0

T<ty—t; <9T

01<a<09

T<ty,—t <9T

01<p<08

T<tp—t; <9T

09<y<1

n = {3,5,7}; 0.05 < a, < 0.15

7 < I, 8 9 <an ={3,5,7};

0.05 < a, <0.15

n" ={1,3,5};

a; =1n" =1;0.05 < a, <0.15n" =

(3.5

0.05<6<0.1

8< f; < 25 Hz

300Hz < f, < 900Hz;

8ms <7< 40ms; —7 <9 <70.5

T<ty—t <3T

0.222 <o <1.11;

T<t, <9T

ty =t + 1ms

0.01 T< ty —t. < 0.05T;

tg <s;te > 0;

01<k<04

ap < 0.03

T
¢ ={1.2.4.6)s =

systems methods can be examined under four headings: the CWT, DWT,
WPT, and UWT. WT uses the mother wavelet (y(x)) function as a scal-
able window concept instead of the windowing concept used in the
STFT. The CWT is using parameter b is the shifting factor, and the
scaling factor is s. The CW function (y ;) is expressed as in equation (2).
CWT is determined through equation (3) by using the wavelet function
[27].

1 t—>b
Vo = 7§W< S ) (2)
CWT (s, b) = \/% / mf(t)w(%) dr 3)

CWT method is done through a limited real-time process because of
the intensive computation. DWT is designed by using filter banks to
remove the disadvantage of the computational load in the CWT. The
DWT performed to signal as equation (4) using gjx(n) main wavelet
function (equation (5)).

DWT(j,k) = > > S(n)giu(n) gu € Z,j ENk€Z )
nezZ keZ
gix(n) = ag?g(ag'n — kby) 5)

The relation between S(n) and g (n) can be expressed as
S(n) =" "disgix(n) ®)
neZ keZ

As a result of the decomposition performed with DWT, approxima-
tion coefficients (cA,) and detail coefficients (cD,) are obtained. Wavelet
coefficients can be calculated by

cAln] = > S(k)g[2n —K];cD[n] = > _S(k)h[2n — k] )

The UWT method uses filter banks like DWT, but the coefficients’
length is the same as the main signal [14]. Detail and approximation

coefficients are up-sampled using multi-resolution analysis by the “a
trous” algorithm in the UWT method [27]. UWT can reduce oscillations
and noise, and it is useful for selecting the threshold values rather than
DWT [15]. UWT detail and approach coefficients can be expressed as

][k = (h[(,")*cj‘il %] ) = Zcﬂl [k -+ 2n]ho (k)]
Wl = (H el ) = Doel! [kt 2l (1) ®)

2.2.1. UWT advantages

Compared to other WT methods, the UWT method has advantages in
noise reduction, peak or valley detection, and real-time signal analysis
[28]. Fig. 2.a. shows the UWT and DWT-based denoising methods results
for a voltage sag signal. In the performed analysis using the Wavelet
Denoise Express VI block [29], 8-level decomposition was implemented
using the db4 wavelet. As a result of the UWT-based noise-reduction
process, a more successful result was achieved compared to the DWT-
based method. In addition to requiring some processing load, a more
successful result was achieved as a result of the UWT-based noise
reduction process than the DWT-based method. In Fig. 2.b., the accuracy
of the UWT-based and DWT-based peak/valley detection methods is
examined for the transient signal. Threshold values are 1 pu for the peak
and set to 0 pu for the valley. It is seen that the detection process with
UWT is more reliable compared to the DWT-based method. The reason
for this is that the UWT-based method at the first stage finds the zero-
crossing point in low-resolution signals and then applies the same pro-
cess to the higher resolution coefficients. Detection of zero crossings
reduces the noise when is applied to the low-resolution coefficients and
increases the sensitivity of the detecting positions with the highest
amplitude when applied to the high-resolution coefficients.

2.2.2. Mother wavelet selection
In WT applications, the selection of a proper mother wavelet plays an
important role in detecting analysis various types of PQDs. PQD signals
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Fig. 2. (a) Comparison of methods for WT-based noise reduction, and (b) peak-valley detection.

have a high-frequency component for short time durations. Daubechies
(dbN) wavelet family is the most useful wavelet type for PQD detection
and classification. While selecting the mother wavelet for PQD classifi-
cation, it is essential to provide a better time location at low scales. The
mother wavelet type used in PQD detection is “dbN” wavelets in

different studies like [2,9,14,30]. In this study, different simulation and
experimental tests were performed to define the wavelet type. The db4
mother wavelet has been selected in the study. The computational time
is reduced using the db4 mother wavelet containing a short wavelet type
with a few samples [17]. The reason for the db4 selecting is that it is the



most localized, i.e. compactly supported, in time. The computational
time of the 2-level UWT decomposition and UWT get coefficients stage
with different dbN wavelets was measured using the subprogram given
in Fig. 3. For this process that has been performed on the recorded data,
the determined computational times are given in Table 3 for different
wavelet types. The calculation time of the db4 wavelet is suitable for
system performance.

2.2.3. Decomposition level selection

The conducted studies show that 8-level decomposition is sufficient
for PQD classification for DWT and UWT-based signal analysis methods.
The frequency ranges of the detail and approximation coefficient com-
ponents for 8-level decomposition are shown in Table 4. As a result of
the analysis, the frequency range in which events such as voltage drop/
rise are prominent corresponds to the low-frequency bands (d5, d6, d7).
On the other hand, disturbances such as transient events with a high-
frequency component can be observed in analysis in the high-
frequency range (d2, d3, d4).

2.3. Feature extraction

The most common statistical parameters have been obtained from
the literature that is used for feature extraction. While features with high
complexity and processing load are used in the literature, in this study,
simple features of the detail coefficients obtained after UWT decompo-
sition are used in the classifier input. Fig. 4 shows the developed block
diagram for UWT decomposition and feature extraction. In subprogram
1, noise addition and 8-level UWT analysis are applied to PQD events,
and feature extraction is performed in subprogram 2.

In Fig. 5, the general structure of the feature extraction method is
given. The feature extraction process starts with UWT decomposition
with “a trous” algorithm applied to the PQD signals generated using the
Integral-based mathematical model. The detail coefficients are deter-
mined using the “db4” mother wavelet for 8-level decomposition After
the decomposition process, the mean (u), standard deviation (¢?),
variance (o), entropy (E), and energy (E;) values of the obtained detail
coefficients (D1, Do, D3 ... Dg) are calculated. Features are normalized
using the min-max normalization technique. The feature vectors are
given by

F1 = [pp1 HpobtpsbpyHps)
F2 = [6°p16° 26" 0307 pa* 6 ps)
F3 = [6p16p20p36p4*++0ps]
F4 = [Enp)EnpEnpsEnps---Enps)

F5 = [EpiEpEpsEps-+-Epg) ©

After normalization of the data, the feature vector is given as

Data

Table 3
Computing time for different wavelet types.

Wavelet Computational Time Wavelet Computational Time
Type (s) Type (s)

db — dbo8 0.0134104

db02 0.0118995 db09 0.0141892

db03 0.0120056 db10 0.0147398

db04 0.0123345 db11 0.0151829

db05 0.0127549 db12 0.0158798

db06 0.0130931 db13 0.0164289

db07 0.0132104 db14 0.0169797

Table 4

The frequency ranges of the coefficients for 8-level decomposition.

Decomposition Level Coefficient Frequency range
1 Detail 1 (d1) 2,5-5 kHz
2 Detail 2 (d2) 1,25-2,5 kHz
3 Detail 3 (d3) 625 Hz-1,25 kHz
4 Detail 4 (d4) 312-625 Hz
5 Detail 5 (d5) 156-312 Hz
6 Detail 6 (d6) 78-156 Hz
7 Detail 7 (d7) 39-78 Hz
8 Detail 8 (d8) 0-39 Hz
F = [F1F2F3F4F5] (10)

F1-Mean of coefficients: After calculating the UWT detail co-
efficients for eight levels, the mean of these coefficients is taken as a
feature. The sub-program derives the mean value using equation (11).

u:Ein an

where y is mean, and n is the number of the elements in the co-
efficients at the specified decomposition level.

F2-Variance of coefficients: The variance gives information about
the distribution of data. It is also expressed as the average distance of the
values from the means. The sub-program calculates the difference using
the equation (12).

n—1

ot = Z (xi*ﬂ)z 12)

i=0 w

where ¢? is variance, w is (n-1) when weighting is set to the sample.

F3-Standard deviation of coefficients: Standard deviation is a
statistical measure that shows the spread of the most used data for the
quantitative scale numbers in general. The sub-program calculates
variance value using the equation (13).

13)

Xy
POBL

error out

Fig. 3. Block diagram of the computing time for different wavelet types.
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F4- Entropy of coefficients: Entropy, used in scientific studies, is a
unit of measure that expresses the irregularity of the elements in the data
set with real numbers. Although there are different entropy formulas,
the Shannon Entropy law in information theory is usually expressed by
equation (14) as a random variable:

En= — i{ijlog(ij)}

=1

(14)

wherei =1, 2, ..., l represents the number of WT decompositions at
level [, and N is the number of coefficients for each level.

F5- Energy of coefficients: The energy feature extraction technique
is applied to UWT coefficients of the PQD signal. The coefficients’ en-
ergy is found in equation (15) to represent the level of j: decomposition,
d: detail coefficients, N: a number of detail coefficients.

N
E=Y D= 1.t

n=1

(15)

2.3.1. Feature analysis using UWT
To verify the effectiveness of the proposed UWT-based feature
extraction method, UWT specifications are compared with DWT features

for analyzing PQDs. Fig. 6 illustrates the comparison results of DWT and
UWT standard deviation and entropy (F3, F4) features under noisy and
noise-free conditions. The start and end time of the voltage sag event is
0.055 s (Sample 551) and 0.126 s (sample 1262). The amplitude of the
voltage signal between these seconds decreased to 68.5% of the nominal
value. Fig. 6 shows that UWT reduces the oscillations and noise in the F3
and F4. The features obtained as a result of the decomposition with DWT
are significantly affected by the noise. Different features obtained under
the noise will significantly reduce the performance of the classifier and
make complex structures necessary. This indicates that the features
obtained by UWT with “a trous” decomposition, overcomes the draw-
backs and limitations of traditional WT-based methods.

2.4. Support vector machine (SVM)

SVM method purposes finding a separation hyperplane in the classes
of the n-dimensional feature space. These hyperplanes can be achieved
with a small number of support vectors. In this way, successful results
can be obtained in training sets with a low number of data. The best
hyperplane is obtained by determining the furthest to class members.
SVM, which has achieved very successful results in solving linear
problems, takes the data to a new dimension by making nonlinear
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Fig. 6. Comparison results of DWT and UWT features for voltage sag event.

mapping through kernel functions in nonlinear problem solutions. The
classification is carried out by determining the optimum separation
hyperplane (OSH) in the new space. In this study, we used the SVC
function of the Scikit ML library. For given training vectors x; € RP,i =
1,2---..n,in two classes, and a vector y € {1, —1}" SVC function solves
the main problem given with equation (16).

1 n
mmw.bginW + czizl ¢ (16)

subjecttoy; (W' p(x;) +b) >1-¢,5>0,i=1,2,--.,n

Its dual is
mina%aTQa —e a7)

subjecttoy’a =0,0 < ; < C,i=1,2,,n

where e is the vector of all ones, Q is a positive semi defined matrix.
When one uses kernel function, this matrix can be described as Q; =
YK (xi,x;) where the kernel function is presented by K(x;,x;) =
o) (x;). For training vectors, the function ¢ provides mapping into a
higher (maybe infinite) dimensional space. The decision function can be
expressed as

sgn (Z:’ly,-a,-K(x,-,x) +p> as)

3. The proposed method based on hybrid UWT and SVM

In this study, a hybrid model that uses an SVM classifier with the
UWT signal processing method was investigated for PQD classification.

In the proposed method, UWT coefficients are obtained by an 8-level
UWT decomposition after pre-processing signals acquired from the
point of common coupling (PCC). The average, standard deviation,
variance, entropy, and energy of each level coefficient are determined,
and a feature dataset is created with these values calculated for all levels.
Feature dataset applied to train the SVM and test them for performance
assessments. Its flowchart is shown in Fig. 7.

The framework UWT-SVM can be divided into two parts: 1) UWT-
based time—frequency analysis then feature extraction and 2) SVM-
based automatic classification of PQDs.

For the application of equation (8) to the voltage signal where vy is
voltage sequence, UWT coefficients can be calculated through (19):

lev]) = lev]} [k +2nlho ()] ;

vl = [ev)! [k+2n]h (k)] 19)

The features i, 62, 6, Enand, E are obtained from each level of detail
coefficients. These features are obtained to compute the weighted linear
combination kernel as in [31]. Then, the PQDs are classified by auto-
matic SVM.

The conventional SVM method uses only one kernel function to map
the features data. However, this situation decreases the performance
rate in the classification of signals containing many different properties,
such as PQDs. A weighted linear combination kernel is proposed in [31]
to enhance the ability of the classification. The optimization framework
of the SVM is described as

vl o
T 4 c )
m{ 2y TOL
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where K; denotes the weighted linear combination kernel for the two
pointsx;,x;, w indicates the weight vector, b presents the bias, C denotes
the penalty coefficient and, & illustrates slack variable. The decision
function can be expressed as (18).

4. Experiments and evaluations

Experimental studies are performed under different conditions to
verify the effectiveness of the proposed hybrid UWT-SVM method. The
proposed hybrid method’s performance is investigated by comparing it
to different machine learning (ML) methods. The ML-based multiclass
classification experiments conducted in this research were carried out
using Google Colaboratory, Tesla P100 GPU with 12 GB RAM. We used
Python programming language and Keras, a high-level neural network
API built on the TensorFlow framework in Google Colaboratory. Scikit-
Learn, Pandas, and Seaborn libraries are used for model implementa-
tion, data analysis, and data visualization, respectively.

The feature dataset was imported and shuffled. For splitting the
dataset into training and test data, we used a 0,7 ratio. For every mul-
ticlass classifier, we did several experiments by changing the model
parameters. The multiclass classifier model parameters, which give each
model’s best accuracy score, are presented in Table 5.

To select a proper kernel function, linear, polynomial, and Gaussian
kernels are used to validate the SVM model. When the performances are
examined, all functions of the combination kernel are selected as

Table 5
Multiclass classifier parameters.

Classifier =~ Parameter Set

kNN n neighbors = 3, leaf size = 30, metric="minkowski’, weights = uniform,
p=2

SVM kernel = gaussian, cache size = 200, max iteration = 1, C = 200.0,
step size = 0.01, K; = 3,2,tol = 0.001

DT criterion = gini, splitter = best, minimum samples split = 2, minimum

samples leaf = 1, ccp alpha = 0.0 minimum weight fraction leaf = 0.0,
presort="deprecated’, minimum impurity decrease = 0.0

RF criterion = gini, n estimators = 500, minimum samples split = 2,
minimum samples leaf = 1, minimum weight fraction leaf = 0.0,
minimum impurity decrease = 0.0, verbose = 0, ccp alpha = 0.0

GBDT loss = deviance, learning rate = 0.1, estimators = 1000, subsample =
1.0, criterion = Friedman MSE, tol = 0.0001, minimum samples split =
2, ccp alpha = 0.0, minimum samples leaf = 1, minimum weight fraction
leaf = 0.0, maximum depth = 3, minimum impurity decrease = 0.0,
validation fraction = 0.1

gaussian kernels because of their simplicity and higher accuracy. In the
selection of the parameters of the kernel functions, an appropriate range
of values is determined in the first step, by making use of previous ex-
periences. In the second step, the optimal parameters are selected by the
grid search method and specify the size of the kernel cache. After the
kernel function and weight coefficients are selected, further researches
are explored. Performance tests are performed for different kernel SVM
parameters and the best parameters of the gaussian kernel (K;) and
penalty coefficient (C) is determined by using the grid search method.

4.1. Performance under noisy and noise-free conditions

The features extracted from an analysis of the time-frequency
domain are directly related to classification validity. Various noise
conditions are applied to verify the effect of the proposed hybrid UWT-
SVM under different noise levels. The k-nearest neighbors (kNN), SVM,
DT, RF, Gradient Boosting Decision Tree (GBDT)’s test performance
scores are given in Table 6. Improved SVM classifier gives successful
results even in high noise PQD signals if the features obtained from UWT
coefficients are used. The GBDT classifier also achieved substantial
success in test data. If the properties obtained from the DWT coefficients
are used, the GBDT classifier performance is higher than the SVM clas-
sifier. However, it shows lower performance than the classifiers used
with UWT. When UWT is used instead of DWT in the signal decompo-
sition process, DT shows higher accuracy classification performance.
DT, which is frequently used in real-time applications, can also be used
for high accuracy classification with UWT. However, since the classifi-
cation accuracy obtained with DT is lower than the improved kernel
SVM classifier, it was not preferred in this study.

The performance of the proposed method for each PQD event was
investigated under different noise levels. To demonstrate the perfor-
mance of the proposed event recognition method, a confusion matrix is
used, which allows distinguishing correct events from misidentified
events. The columns show the actual class and the rows correspond to
the predicted class. The off-diagonal cells correspond to events that are
incorrectly predicted, and diagonal cells correspond to events that are
correctly predicted. The confusion matrix for nine classes using the
proposed UWT and SVM-based method for different noise levels has
shown in Table 7, Table 8, Table 9, and Table 10. The minimum accu-
racy of the proposed method for C9 disturbance is 97.7% under 25 dB
high-level noise conditions. For other event classes, the accuracy of
UWT-SVM is higher than 99% under all noise conditions.

The confusion matrix in Table 7 provides information on the
recognition accuracy of each PQD signal for noise-free conditions. It can
be seen that; the accuracy of proposed method is higher than 99.5% for
each class. Also, the accuracy of the proposed method in distinguishing
C2 (sag) and C4 (interruption) classes is lower than other PQDs. This is
because that, the events which are very close to the limit value of the



Table 6

Test Data Performance accuracy (%) of ML-based multiclass classifiers.

Classification accuracy (%)

Pure 25db 30db 40db
Classifier UWT DWT UWT DWT UWT DWT UWT DWT
kNN 99.16 93.13 98.57 88.92 98.76 90.72 99.15 93.09
SVM 99.85 97.28 99.32 91.59 99.50 93.59 99.76 96.62
DT 98.76 95.43 97.95 85.36 98.11 87.86 98.41 92.50
RF 99.39 97.21 98.48 91.39 98.65 93.01 98.97 96.02
GBDT 99.59 97.61 99.17 94.17 99.29 95.01 99.50 96.66
Table 7 Table 10
Confusion matrix for UNT-SVM classifier test results (pure signal) Confusion matrix for UWT-SVM classifier test results (25db)
Predicted class Predicted class
Actual  C1 c2 c3 c4 c5 c6 c7 c8 c9 Actual  C1 c2 c3 c4 c5 c6 c7 c8 c9
cl 586 c1 596
C2 587 3 c2 601 6
c3 630 1 c3 613 3
c4 3 608 c4 8 618
c5 619 c5 583
c6 593 c6 1 576
c7 626 c7 600 5
c8 616 c8 591
c9 1 612 c9 14 592
the C9 event is 98.18%. Since the frequency components formed by the
Table? . " notch effect are very high, they cannot be defined with classical har-
Confusion matrix for UWT-SVM classifier test results (40db) . . .
monic measuring devices. The proposed method performs notch detec-
Predicted class tion with high accuracy. Also, samples for nearly all possible values of
Actual  Cl1 c2 c3 c4 c5 c6 c7 cs8 c9 notch area and depth were included in the test data. The performance of
c1 645 the proposed method for each PQD event for 25 dB noise has shown in
2 553 5 Table 10. It is seen that the features obtained with UWT, increase the
c3 596 1 classification accuracy even under very high noise conditions.
c4 4 594
c5 639
c6 1 623 4.2. Simulations of PQDs in microgrid
c7 599
c8 622 The schematic view of the studied microgrid has shown in Fig. 8. The
@ 2 591 system consists of a PV plant, a double-fed induction generator (DFIG)-
based wind turbine system (WTS), a delta/star connected step down two
windings transformer, linear and nonlinear loads, capacitor bank, in-
Table 9 duction motor, and circuit breakers (CBs). The parameters of the studied
Confusion matrix for UWT-SVM classifier test results (30db) system are shown in Table 11.
Predicted class The interconnection of the renewable energy resources-based DGs to
Actual | Gl @ P ca . P o s o the microgrids could lead to PQ problems, degradation in system reli-
ability, and other associated issues. The PQ problems occurring in the
g; >89 605 3 microgrids with the integration of renewable energy and DGs show
c3 619 9 similar features as there are in the conventional systems. On the other
C4 5 615 hand, some situations cause PQDs specific to DGs. Voltage regulation
C5 576 can become a challenge in the presence of DGs. Increased interconnec-
6 1 584 tion of single-phase renewable energy resources-based DGs in the dis-
g; 5% :95 tribution grid can affect the voltage profile. Again, environmental
c9 1 596 characteristics such as variation in wind speed and solar radiation

distinguishing sag and interruption specified in the standards are also
used in the test data.

The performance of the proposed method for each PQD event for 40
dB noise has shown in Table 8. It can be seen that; the proposed method
shows the same accuracy in signals with 40 dB noise as in the noise-free
condition.

The confusion matrix in Table 9 provides information about the
recognition accuracy of each PQD signal under 30 dB high noise con-
ditions. When the performance of the proposed method is examined, it is
seen that the accuracy rate for C9 (notch) is relatively lower than for the
other classes. Even in this case, the accuracy of the proposed method for

largely influence the voltage signal in the PCC and may lead to voltage
sag/voltage swell disturbances.

Some special operating conditions in DG will cause PQ problems,
which is not the same as for the conventional power systems:

Voltage sag, interruption, and swell disturbances:

Depending on the fault location and DG operating mode conditions, a
fault or functional problem may cause voltage sag, interruption, or
swell. Voltage sag is described as a 10%-90% drop in the DG operating
voltage for 1 to 9 cycles. Overloaded motors, switching on large loads,
single phase-to-ground faults, and sudden startup of WTS cause voltage
sag in DGs. Voltage sag signals are generated by a single phase-to-
ground fault at PCC (0.4 kV bus) or end of the transmission line,
several combinations of startup WTS generators, and switching on large
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Table 11
Parameters of the simulated test system.

Parameters Value

PV Plant Maximum power (Pmax) 1 MWp
Inverter output voltage 10.5 kV
Inverter switching frequency 10 kHz
Nominal frequency 50 Hz

DFIG-typed WTS Apparent power (S,,) 1.67 MVA
Active power 1.5 MW
f 50 Hz
Rs ~Rr, Lr =~ Ls 2.34 Q, 0.0158H
Max. power factor 0.37

Main Grid Apparent power (Sp,) 10 MVA
3-phase short-circuit voltage (VA) 10 MV
X/R ratio 7

Induction motor Type Squirrel cage
Active power (P,) 160 kW
(n,) 1487 rpm

Non-liner load Active power 10 kW
Inductive reactive power 1KVAr
Controlled rectifier 6 pulse-Thyristor

Normal load R-L Load 150 kVA

Transformer Voltage level 10.5 kV /0.4 kv
Winding Connection A-Y
Rating Apparent power (S,) 1 MVA
Ropu,Lopu 0.002, 0.08
Capacitor Bank Reactive power 40 kVAr - 60 kVAr

Va

400 vV

loads at PCC.

Voltage interruption disturbance defines a drop of more than 90% of
the voltage amplitude for 1 to 9 cycles in DG. Double phase-to-ground
faults and three-phase symmetrical faults cause voltage interruption
depending on short circuit resistance in power systems. Besides, in DG
structure, switching on large loads in island mode, CB tripping, and
component failures may also cause interruption. In the studied DG sys-
tem, voltage interruption disturbance signals are generated by adding
double phase-to-ground faults and three-phase symmetrical faults at the
PCC (0.4 kV bus). Several combinations of DG outputs and DG loads are
used in the test set. Nominal voltage condition, voltage interruption, and
voltage sag events waveform sample for the recorded test set are shown

in Fig. 9.

The voltage swell event defines a rise of 10%-80% of the voltage
amplitude in the DG., limited to a time interval of 1 to 9 cycles. Phase-to-
phase faults, switching of the loads, and switching on large capacitor
banks may cause voltage swell in the power system. Besides, the surge of
WTS or PV generators may also cause voltage swell in DGs. In the
studied microgrid, voltage swell disturbance signals are generated by
adding phase-to-phase faults, switching large loads, and switching on
large capacitor banks at PCC.

e Impulsive and oscillatory transient, harmonics, flicker, and
notches disturbances:

The oscillatory transients, notches, flickers, and harmonics can be
generated by nonlinear loads, significant short circuit faults, large
capacitor banks, large load switching, and operation mode switching in
DG applications.

In the studied DG system, oscillatory transient signals are generated
by switching large loads and switching on a large capacitor bank at PCC.
A non-linear load is fed through a six-pulse converter to generate the
notch disturbances. Besides, impulsive transients are generated by
developed lightning and electrostatic discharge block with MATLAB/
Simulink. Furthermore, transformer energization causes harmonics in
the simulated microgrid system. Several combinations of DG outputs
and DG loads are used in the test set. Generated oscillatory transient and
notches waveforms are shown in Fig. 10.

The detection result of the proposed UWT and SVM-based hybrid
method is shown in Table 12. The proposed hybrid method is suitable to
detect and classify PQDs caused by short circuit faults, switching of large
loads, switching of large capacitor banks, presence of drive systems with
nonlinear loads, and transformers energization in DG system-based
microgrid.

4.3. Comparative analysis with existing methods

As shown in Table 13, the PQDs classification accuracy corre-
sponding to the UWT and SVM-based algorithm is higher than all the
other investigated methods. It can be observed that some techniques
[8,23,32,33] have high accuracy. Still, they have no information about
classification accuracy under low- high-level noise conditions.
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Ref. [8,34,35] utilize more features than other PQD classification
methods. Using many features can increase classification performance,
but it also increases the computational time.

The proposed method classification accuracy for PQDs under
different noise levels and no-noise conditions is higher than the other
methods except deep learning-based methods in references [33,39].
Ref. [33] uses 1D and 2D deep convolutional neural network (DCNN)
with high complexity. Therefore, the proposed DCNN method is very
difficult to use in real-time applications. A hybrid method using both the
WVD and CNN is proposed in ref. [39]. Although the classification ac-
curacy is very high in this method, it requires a large processing load
because it uses both a signal analysis method and a complex classifier
architecture.

The classification accuracy under the low and high-level noise con-
ditions is 99.66% and 99.37%, respectively, for the proposed method. As
shown in Table 13, WT is used in many studies [8,9,18,32,35], but it has
many deficiencies, especially in the analysis of noisy signals. As the noise
ratio in the signal increases, the reliability of the developed WT-based
detection systems decreases. These drawbacks in the literature have
been eliminated with the proposed UWT and SVM-based hybrid method.

ffective voltage waveforms.

4.4. Real data validation of PQDs in DG system

One hundred thirty groups of measured single-phase PQDs are used
at the PCC in the experimental test system to validate the proposed
method. The studied test system in the laboratory is shown in Fig. 11.
The test system consists of A PV array, a single-phase inverter, and
different loads in typical industrial applications. Sags, swells, transients,
harmonics, flickers, and notches are generated by these loads, such as a
parallel RL load, capacitor bank, single-phase induction machine, and
variable speed drive a three-phase induction motor. Experimental setup
composed of 1200 Wp PV array, Sunny boy 1300 Wp inverter, 1.1. kVA
three-phase induction motor, 1 hp (746 W) single-phase induction
motor, 40 mF capacitor bank, 50 Q, and 63 mH RL load. The single-
phase voltage signal information acquired by the voltage measure-
ment card and data acquisition card at the PCC is transmitted to the
LabVIEW software for processing. LA-55-P type sensor is used to obtain a
PCC voltage signal in an electronic measurement card in real-time. MX
USB-6221 DAQ card was used to acquire data from the test system. The
sampling frequency is selected as 10 kHz. The voltage signal is acquired
for 0.2 s, obtaining 2000 points. Typical industrial loads are connected
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Table 13
Performance comparison of existing methods.

Table 12
UWT-SVM classifier test results of the simulation.

PQDs Test Samples Correction Method Number of Class Accuracy (%)
Voltage Sag 20 20 Pure 40 dB 30 dB
1 11 2 2
Voltage Swell 0 0 ST and APNN [7] 11 98.2 — —
Voltage Interruption 20 20
Harmonics 1s 1s WPT and SVM [8] 8 99.66 — —
Flicker 3 3 DWT and PNN [9] 9 99.87 98.6 95.2
. . EWT and SVM [18] 9 97.22 (25-55 dB mixed data)
Oscillatory transient 10 10
. . DRST and SVM [19] 9 97.77 (20 dB data)
Impulsive transient 8 8
ARTMAP and WT [32] 8 99.66 — —
Notch 5 5
1D and 2D DCNN [33] 13 99.97 — —
VMD and SVM [34] 9 99.66 — 99.33
. . QWT and SVM [35] 14 99.12 — 97.28
or dlsconn(.acted to generate PQD signals. . . . GDR and SVM [36] 10 4.2 (20-50 dB mixed data)
The trained UWT-SVM model was used to identify the acquired PQD ST and PNN [37] 9 99.26 99.13 98.63
data. The real data results are shown in Table 14. The proposed hybrid CNN-LSTM [38] 6 84.76 (real data)
method is suitable to detect and classify PQDs, and it is proved that the WVD + CNN [39] 9 99.67 (10-40 dB mixed data)
Proposed method 9 99.85 99.76 99.50

proposed method is more accurate in the classification of PQDs.
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Table 14

SVM classifiers test results of real data using DWT and UWT.
PQDs Test Samples Correction

UWT DWT

Voltage Sag 35 34 29
Voltage Swell 35 34 30
Harmonics 15 15 15
Flicker 10 10 15
Transient 20 20 15
Notch 15 15 14

5. Conclusion

A new hybrid, UWT-based feature extraction method by using a
kernel SVM is proposed for the classification of PQDs in DGs. For the first
time in the literature, the UWT method with the “a trous” algorithm was
used for feature extraction in PQD signals in microgrid and investigated
with different classifiers. UWT-based decomposition improved the res-
olution of time—frequency analysis. The classifiers’ performance, which
is developed based on WT but has low performance under noise, has
been dramatically improved with UWT. Furthermore, UWT decompo-
sition has advantages in peak or valley detection and it obtains high-
frequency resolution at high frequencies.

To assess the performance of the proposed scheme, different classi-
fiers kNN, SVM DT, RF, and GBDT have been considered. The accuracy
performance of all classifiers using UWT-obtained features is signifi-
cantly higher than those using DWT-obtained features. In DT, which is
frequently used in real-time applications, when UWT is used in the
feature extraction process, the classification accuracy is 97.95% under
25 dB very high noise, while this rate is 85.36% when DWT is used.
GBDT performance decreases usually caused by overfitting the noise in
the signal. The performance of GBDT, which is the fastest algorithm in
testing/prediction, decreases usually caused by overfitting the noise in
the signal. With the UWT process, this disadvantage is eliminated, and a
high degree of classification accuracy of 99.17% can be achieved.

Thanks to the proposed method, the popularity of GBDT in the power
system may increase.

The overall recognition test accuracy for the PQDs is 99.85% for the
proposed UWT and SVM-based hybrid method. The classification ac-
curacy under low-level noise and high-level noise conditions is 99.66%
and 99.32%, respectively. It provides better performance than state-of-
the-art PQD classification methods. As a result, it shows that using the
proposed SVM &UWT-based hybrid method provides more reliability
and easily presents usable results in the classification of PQDs in DG
systems.
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