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Abstract: In recent years, Power Quality becomes increasingly a major concern for both electric utilities 
and end users. Accordingly, the electrical engineering community has to deal with the analysis, diagnosis and 
solution of PQ issues using system approach rather than handling these issues as individual problems. This 
paper describes the analysis of PQ using advanced signal processing tools represented in Hilbert & Wavelet 
Transforms (HT-WT) and artificial intelligence tools represented in Artificial Neural Network & Support Vector 
Machine (ANN-SVM) for detection and classification of power quality disturbances respectively. These 
techniques were successfully simulated using LABVIEW software capabilities. The results of simulation 
indicate that the signal processing techniques are effective mechanisms to detect and classify power quality 
disturbances. At the end, the combination of WT as a tool of detection and features extraction with SVM as a 
classifier tool resulted as the best combination for PQ monitoring system. 
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1. INTRODUCTION 

Power quality is known as one of the very 
serious issues in electric power transmission 
and distribution, manufacturers and end users 
because of its awful effects on electricity 
suppliers [1]. Power quality is a term of many 
meanings; each meaning relies on the 
reference to which it is attributed. For 
example, a utility may define power quality as 
reliability of its system. A manufacturer of load 
equipment may define power quality as those 
features of the power supply that enable the 
equipment to work properly. The end user's 
point of view of power quality is that any 
power problem manifested in voltage, current, 
or frequency deviations that result in failure or 
malfunction of customer equipment [2]. Power 
quality is generally meant to express the 
quality of voltage and/or the quality of current 
which can be defined as: the measure, 
analysis, and improvement of the bus voltage 
to maintain a sinusoidal waveform at rated 
voltage and frequency; this definition includes 
all momentary and steady-state phenomena 
[3]. 

All electrical devices are likely to fail or not 
work properly when exposed to one or more 
power quality problems; these devices react 
negatively to power quality issues, depending 
on the severity of problems. A simpler and a 
more concise de nition states: “Power quality 
is a set of electrical boundaries that allows a 
piece of equipment to function in its intended 
manner without signi cant loss of 
performance or life expectancy.” This 
definition contains things needed from 
electrical devices which are performance and 
life expectancy [4]. It is common experience 
that electric power of poor quality has harmful 
effects on different equipment and systems. 
More than that, power system stability, 
continuity and reliability fall with the 
degradation of quality of electric power [5]. 

There are four main reasons for engineers to 
increase concern about the need for energy 
quality [2]: 

1. Newer-generation load equipment, with 
microprocessor-based controls and power 
electronic devices, are more sensitive to 
power quality variations than was equipment 
used in the past. 
2. The increasing focus on overall power 
system efficiency has resulted in continued 
growth in the use of devices such as high-
frequency, adjustable-speed motor drives 
and shunt capacitors for power factor 
correction to reduce losses. This is resulting 
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in increasing harmonic levels on power 
systems and has many people worried about 
the future effect on system abilities. 
3. End users have an increased knowledge 
of power quality issues. Utility customers are 
becoming better informed about such issues 
as interruptions, sags, and switching 
transients and are challenging the utilities to 
improve the quality of power delivered. 
4. Many things are now interconnected in a 
network. Integrated processes mean that the 
failure of any part has much more important 
results. The common thread running through 
all these reasons for increased concern 
about the quality of electric power is the 
continued push for increasing productivity for 
all utility customers. Manufacturers want 
faster, more productive, more efficient 
machinery. Utilities encourage this effort 
because it helps their customers become 
more beneficial and also helps put off large 
investments in substations and generation by 
using more efficient load equipment. 
Interestingly, the equipment installed to 
increase the productivity is also often the 
equipment that suffers the most from 
common power disturbances. And the 
equipment is sometimes the source of adding 
more power quality problems. When whole 
processes are automated, the efficient 
operation of machines and their controls 
becomes more and more dependent on 
quality power [2]. 
The power system faces many issues; some 
of them shut it down causing a blackout of the 
network, the main problems that can cause 
harm to the power system are: Voltage sag or 
dip; Very short interruptions; Long 
interruptions; Voltage spike; Transients; 
Voltages swell; Harmonic distortion; Voltage 
fluctuation; Noise and Voltage unbalance. 
Power quality disturbances have become a 
serious issue in power world, and this is 
because of the great damage that they 
caused to the system from the generation to 
the end users. For this reasons a power 
quality monitoring system must be included in 
the electrical network in order to: detect, 
classify and mitigate these problems. Many 
researchers have focused their attention on 
this goal, on how to create a monitoring 
system capable of detecting the disturbances 
the moment they appear and then classify 
them according to their parameters [6]. 
Detection techniques are numerous, each 
one distinct from the others; but the fastness 
time response to detect the disturbance is the 
major concern of all the studies. Classification 
is also an important step in the monitoring, 

after the system detects a disturbance it must 
be recognized [6]. The objective of the 
classifier is to identify the events and must 
have a perfect percentage of accuracy and 
precision. 

 
2. THEORITICAL BACKGROUND 

The important issues in power quality (PQ) 
problems are to detect and classify 
disturbance waveforms automatically in an 
efficient manner [7]. In order to improve 
electric power quality, the sources and 
causes of disturbances must be known before 
appropriate mitigating action can be taken, 
and continuous recording of disturbance 
waveforms is necessary [8]. Therefore, the 
monitoring equipment needs to firstly and 
accurately detect and identify the disturbance 
types. Thus, the uses of new and powerful 
tools of signal analysis have enabled the 
development of additional methods to 
accurately characterize and identify several 
kinds of power quality disturbances [9]. 
Therefore, two methods of both detection and 
classification are introduced and used for 
power quality monitoring. 

A. Detection methods 

Detection methods are designed to identify 
the occurrences of disturbances. An effective 
method of detecting power quality events 
such as (sag, swell, harmonics, interruption, 
flicker and transient) is dependent on their 
accurate measurements in time which is still a 
challenge for researchers and engineers [10]. 
Signal processing techniques are widely used 
in analyzing PQ events to extract the most 
sensitive and interesting features concerning 
disturbances, these techniques are classified 
as using time domain, frequency domain, and 
time-frequency domain methods [11-12]. 
Some examples are the fast Fourier 
Transform method, Fractal-Based method, S-
Transform method (ST), Time- Frequency 
Ambiguity Plane method, Short Time Power 
and Correlation Transform method, Chirp-Z 
Transform (CZT), Wavelet Transform (WT) 
method, and Hilbert Transform (HT) [12], 
these two later have been proven to be 
effective signal processing tools for the 
detection and analysis of power signals. 

a- WaveletTransform 
The Wavelet Transform (WT) has been found 
to be particularly useful for analyzing signal 
which is mostly non-stationary and can be 
best described as aperiodic, noisy, 
intermittent, transient and so on. Therefore, it 
represents one of the powerful signal 
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processing algorithms that is used in the field 
[13]. It has the ability to analyze different 
power quality problems simultaneously in 
both time and frequency domains in a 
distinctly different way from the traditional 
tools such as Fourier Transform [7] [12], and 
this is why it overcomes the resolution 
limitation of FT. The main advantage of 
wavelets is that they have a varying window 
size, which is wide for slow frequencies and 
narrow for fast, thus leading to an optimal 
time frequency resolution in all frequency 
ranges [14].WT has two categories primarily 
called Continuous Wavelet Transform (CWT) 
and Discrete Wavelet Transform (DWT) [15]. 

b-  Multi Resolution Analysis(MRA) 
The wavelet Multi-Resolution Analysis is a 
tool that utilizes DWT for the analysis of 
waveforms and images. In power quality, 
MRA can be used for detection as well as for 
distortion features extraction. The goal of 
MRA is to develop representations of a signal 
at various levels of resolution by 
decomposing the time domain signal [11] [16]. 
Wavelet functions and scaling functions are 
used as building blocks to decompose and 
reconstruct the signal at different resolutions 
in MRA [17].  

c- The Hilbert Transform 
The Hilbert Transform (HT) has been used 

widely in the telecommunication research for 
signal modulation and demodulation, and in 
various medical image processing 
applications. In power quality signal analysis, 
the HT has not been investigated, although it 
shows an accurate tracking of the changes in 
the power quality signals. 

B. Classification methods 

The main task of power quality (PQ) 
disturbance recognition is to accurately 
identify the disturbance type, and provide the 
references for parameter estimation and 
control strategies of power system [18]. 
Therefore continuous monitoring and 
classification are required for these 
disturbances due to increasing demand of 
pure power [19]. To perform the classi cation 
of these disturbances different algorithms 
have been de ned in order to relate the signal 
characteristics with the group they belong to: 
Decision Trees (DTs), Fuzzy Logic (FL), 
Neural Networks (NNs), and Support Vector 
Machine (SVM), among others. These 
methodologies play an important role on the 
disturbance classi cation because their 
performance depends on the extracted 
features and the classi er utilized; if the 

disturbance characteristics are not accurately 
captured, the performance is also limited[20]. 

a- Artificial neural network 
Artificial Neural Networks have been 
developed as generalizations of mathematical 
models of human cognition or neural biology. 
A neural network is characterized by [21]: 

 Its pattern of connections between 
the neurons (called architecture). 

 Its method of determining the 
weights on the connections (called 
training or learning algorithm). 

 Its activation function. 
All definitions of Artificial Neural Networks 
emphasize the idea of highly interconnected 
units comprising simple nonlinear elements 
[22]. Neural Networks have been extensively 
used for the classification because of their 
large data handling capability. They are used 
to recognize and classify complex fault 
patterns without much knowledge about the 
system they deal with. The neural networks 
are described by the transfer function of their 
neurons, by training algorithm and by the 
connecting formula [23]. Artificial Neural 
Networks (ANNs) have attracted a great deal 
of attention because of their pattern 
recognition capabilities, and their ability to 
handle noisy data; however, its ability to 
perform well is greatly influenced by the 
weight adaptation algorithm and the amount 
of noise in the data [24]. 

b- Support Vector Machine 
The Support Vector Machine (SVM) is one of 
the most prominent techniques in supervised 
machine learning that have attracted a 
significant amount of attention in the field of 
machine learning over the past decade by 
proving themselves to be very effective in a 
variety of real-world pattern classification and 
regression estimation tasks [25]. It has been 
applied to the problems of dependency 
estimation, forecasting, and constructing 
intelligent machines [26]. SVM is a statistical 
learning technique based on structural risk 
minimization method. Its main objective is 
building a model with the use of training set, 
where each sample belongs into one of the 
two possible classes, class 1 or class 2. With 
the trained SVM, a prediction model can be 
achieved [27], which can deal with linear and 
nonlinearly separable models using a 
hyperplane based on theoretical results from 
the statistical learning theory [28]. SVM 
classification typically involves two classes. 
For applications that involve more than two 
classes, multi-class SVM classifiers are 
obtained by combining two-class SVMs. The 
SVM algorithm uses two approaches [29]: 
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 One-versus-all approach: it is the 
most fundamental approach and it 
utilizes (P-1) classification models 
(with P is the number of classes). 
Each machine is trained as a 
classifier of one class against all 
other classes. 

 One-versus-one approach: in this 
approach, (P×(P– 1)/2) classification 
models so that each machine is 
trained as a classifier for one class 
against other class. In order to 
evaluate the classifier, pair wise 
competition between all the 
machines is performed; each winner 
competes against another winner 
until a single winner remains. This 
final winner determines the class of 
the test data. 

 
3. SIMULATION RESULTS AND 

DISCUSSIONS  

Simulation studies have been performed to 
investigate the performance of the power 
quality detection and classification methods. 
In this section, the description of the methods 
shown in the block diagram, simulated circuits 
and their results are discussed including the 
fastness (time response) of the detection 
methods and the precision of the 
classification ones. Two methods for 
detection and four combinations for 
classification were simulated. 

 

 

 

 

 

 

 

 
Fig. 1 Block diagram of PQDs detection & 

classification 

The software used for the simulation is the 
National Instruments Laboratory Virtual 
Instrument Engineering Workbench 
(LABVIEW). It is a development environment 
based on the graphical programming 
language G. LABVIEW programs are called 
Virtual Instruments, or VIs. A VI contains the 
three components: the front panel, the block 
diagram, and the icon and connector panel; 
The front panel serves as the user interface 

whereas the block diagram contains the 
graphical source code that defines the 
functionality of the VI, The icon and connector 
pane identifies the VI so that a VI can be used 
in another VI [30]. 
The work starts with the generation of power 
quality events using the parametric equations 
represented in Table (1). In addition to a pure 
sine wave with amplitude of 230V and 
frequency of 50Hz, eight types of PQDs that 
commonly occur in power systems were 
generated including sag, swell, interruption, 
harmonics, transient, flicker, sag with 
harmonics, and swell with harmonics. The 
different parameters of signals represented in 
the starting time, duration and distortion 
magnitude were generated randomly.  

 
Table 1 Signal Modeling of Power Quality Events 

PQEs Model Equations  Parameters 

Sine ( ) = sin( )  = 230 
 = 50  

Sag ( ) = (1  (( 1)  ( 2))) 
sin( ) 

0.1  0.9 
T  t2-t1  9T 

Swell ( ) = (1 + ( ( 1)  
( 2))) sin( ) 

0.1   0.8 
T  t2-t1  9T 

Interruption ( ) = (1  (( 1)  ( 2))) 
sin( ) 

0.9  1 
T  t2-t1  9T 

Harmonics 
( ) = [ sin( ) + 3 sin(3 ) 
+ 5 sin(5 )+ 7 sin(7 ) 

] 

0.05 3   
0.15 

0.05 5   
0.15 

0.05 7   
0.15 

Transient 
( ) = [ sin( t)+ exp(-(t-

t1)/ )] sin( tr(t- 
t1)) 

= 0.008--
0.04sec 
tr =100--
400Hz 

0.1  0.9 

Flicker ( ) = sin( ) (1 + 
sin( )) 

0.1  0.2 
0.1  0.2 

Sag & 
harmonics 

( ) = [1  ( ( 1)  
( 2))][sin( ) + 3 

sin(3 ) + 5 sin(5 )+ 7 
sin(7 )] 

0.1  0.9 
0.05 3   

0.15 
0.05 5   

0.15 
0.05 7   

0.15 

Swell & 
harmonics 

( ) = [1 + ( ( 1)  
( 2))][sin( ) + 3 

sin(3 ) + 5 sin(5 )+ 7 
sin(7 )] 

0.1   0.8 
0.05 3   

0.15 
0.05 5   

0.15 
0.05 7   

0.15 
 

A. Detection methods 
The event detection is performed via Discrete 
Wavelet Transform VI and Fast Hilbert 
Transform VI for the DWT and HT’s detection 
methods, respectively. For DWT, the mother 
wavelet chosen is fourth-order Daubechies 
(db4) and the MRA is of 5 levels. The 
detection is made using the third level 
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detailed coefficient signal (D3). The simulated 
circuit is shown in Figure (2) below. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2 Detection circtuit of the DWT 
 

The results of detection are shown in the 
Figure (3). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3 Detection results using DWT 
 

For the HT, the phase shifting algorithm has 
been applied to the different disturbances 
using the envelope of the transform as shown 
in Figure (4). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4 Detection circuit of HT 
 

The disturbances have been successfully 
detected the results are illustrated in Figure 
(5). 

As it is mentioned in Figures 4 and 5, the two 
proposed methods detected the eight 
disturbances successfully and for the pure 
sine signal the detector signals stayed a 
straight line along the x-axis to indicate the 
absence of any disturbance. 
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Fig. 5 Detection results of HT 
 

 For DWT method, the detection is 
made by spikes at the starting and 
ending time of disturbance. 
Therefore in addition to detect the 
disturbance, it measures the period 
of disturbance occurrence and that is 
an advantage for it. 

 For HT method, the detection is 
made by reshaping the envelope 
according to the shape of 
disturbance depending on its 
magnitude. Therefore the advantage 
of this method is giving information 
about the amplitude of disturbance. 

 For the detection of starting time, the 
Wavelet detection has a higher time 
response than the Hilbert detection 

which has also an acceptable time 
response. This is due to the spikes 
generated by DWT. 

 
B. Features extraction 

Before the classification stage takes place, a 
stage of feature extraction stage must be 
done. The input of the classifier is a 
preprocessed signal generated from this 
stage. Feature extraction is the key for pattern 
recognition so that it is the most important 
component of designing the intelligent system 
based on pattern recognition since even the 
best classifier will perform poorly if the 
features are not chosen well. In this work, the 
preprocessed signal was generated using 
features of DWT and HT once a time. 

For the WT, the wavelet coefficients 
obtained from discrete wavelet and multi-
resolution analysis of the disturbance signal 
represented in 1st level detailed coefficient 
(D1), 5th level detailed coefficient (D5), and 5th 
level approximated coefficient (A5) were used 
for the construction of feature vector by 
calculating the three features based on DWT 
for each coefficient. Figure (6) represents the 
block diagram for the feature extraction. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 6 Feature extraction circuit based on DWT 

 
C. Classification methods 

After preparing two different training data, 
they were utilized as the inputs of the 
untrained models SVM and ANN. These two 
late are available blocks in LABVIEW. Four 
proposed methods resulted from the possible 
combination between training data and 
classifiers. The methods are: 
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 Training data obtained from DWT as 
trained data for SVM classifier 
denoted as DWT-SVM. 

 Training data obtained from HT as 
trained data for SVM classifier 
denoted as HT-SVM. 

 Training data obtained from HT as 
trained data for ANN classifier 
denoted as HT-ANN. 

 Training data obtained from DWT as 
trained data for ANN classifier 
denoted as DWT-ANN. 

 
The training process of the two classifiers is 
shown in the next two Figures (8) and (9), 
where the test data file in the figures is the 
CSV file contains the training data obtained 
from the features extraction. 

a- SVM Classifier: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 8 Testing circuit of SVM classifier 
 

b- ANN classifier: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 9 Testing circuit of ANN classifier 

The classification model parameters were set 
automatically by the model itself using cross 
validation techniques as shown in Figure (10). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 10 Parameters of training Classifiers 
 

100 testing data sample for each class were 
used to test the performance of each method. 
The classification results are shown in Figure 
(11). 

 
 
 
 
 
 

(a) 
 
 
 
 
 
 

(b) 
 
 
 
 
 
 
 

(c) 
 
 
 
 
 
 
 
 
 

(d) 
Fig. 11 Testing results of the four proposed 

methods (a) WT-SVM,(b) HT-SVM,(c) HT-ANN,(d) 
WT-ANN 
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The following tables illustrate the results 
including the number of correct classified and 
misclassified events and the accuracy. 
First, DWT- SVM which has the highest value 
of precision over all the used methods. 
Table 2 Classification results using the proposed 

WT-SVM classifier 
Signals Tested 

Samples 
Correctly 
identified 

Fault 
identified 

Precision 
(%) 

Pure Sine 100 100 0 100 

Sag 100 100 0 100 

Swell 100 100 0 100 

Transients 100 99 1 99 

Interruptions 100 99 1 99 

Harmonics 100 100 0 100 

Flicker 100 98 2 98 
Sag & 

Harmonics 100 99 1 99 

Swell & 
Harmonics 100 100 0 100 

Total 9000 895 5 99.44 

Second, HT-SVM also has acceptable 
results. 
Table 3 Classification results using the proposed 

HT-SVM classifier 
Signals Tested 

Samples 
Correctly 
identified 

Fault 
identified 

Precision 
(%) 

Pure Sine 100 100 0 100 

Sag 100 97 3 97 

Swell 100 100 0 100 

Transients 100 100 0 100 

Interruptions 100 100 0 100 

Harmonics 100 99 1 99 

Flicker 100 100 0 100 
Sag & 

Harmonics 100 88 12 88 

Swell & 
Harmonics 100 99 1 99 

Total 9000 883 17 98.11 

Third, HT-ANN almost has as the previous 
method. 
Table 4 Classification results using the proposed 

HT-ANN classifier 
Signals Tested 

Samples 
Correctly 
identified 

Fault 
identified 

Precision 
(%) 

Pure Sine 100 100 0 100 

Sag 100 90 10 90 

Swell 100 99 1 99 

Transients 100 100 0 100 

Interruptions 100 98 2 98 

Harmonics 100 100 0 100 

Flicker 100 98 2 98 
Sag & 

Harmonics 100 97 3 97 

Swell & 
Harmonics 100 100 100 100 

Total 900 882 18 98.00 

Finally, DWT-ANN which has the lowest 
value of precision between the used 
methods. 
Table 5 Classification results using the proposed 

WT-ANN classifier 
Signals Tested 

Samples 
Correctly 
identified 

Fault 
identified 

Precision 
(%) 

Pure Sine 100 100 100 100 

Sag 100 99 1 99 

Swell 100 99 1 99 

Transients 100 95 5 95 

Interruptions 100 98 2 98 

Harmonics 100 97 3 97 

Flicker 100 96 4 96 

Sag & 
Harmonics 

100 91 9 91 

Swell & 
Harmonics 

100 96 4 96 

Total 9000 871 29 96.78 

Table (6) compares the accuracy of the four 
proposed methods. 
Table 6 Accuracy results of all simulated methods 

Method DWT-
SVM 

HT-
SVM 

HT-
ANN 

DWT-
ANN 

Accuracy 
(%) 99.44 98.11 98.00 96.78 

 
Discussion 

 All the proposed classification 
methods give good accuracy results 
that are between 96.7% and 99.4%. 

 These results show the effectiveness 
of the features chosen for both DWT 
and HT. 

 The features extracted from DWT are 
more suitable for SVM classifier 
whereas the features extracted from 
HT are more suitable for ANN. 

 The lowest accuracy was resulted in 
DWT-ANN, and this indicates that 
the DWT features utilized are not 
much suitable for the ANN classifier. 

 ANN classifier had low accuracy in 
classifying Sag & Harmonic events 
with DWT (91%). 

 SVM classifier had low accuracy in 
classifying Sag & Harmonic events 
with HT (88%). 

 SVM classifier proves its robustness 
and efficiency over ANN. 

 The method DWT-SVM expresses a 
very high accuracy that makes it to 
be the best one over the other 
methods, which proves the 
effectiveness of DWT features for 
SVM classifier. 
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D. Overall PQ monitoring system 
From the previous results of detection and 
classification, a proposed method for a power 
quality monitoring system was deduced. The 
method utilizes the combination between 
DWT and SVM; DWT is used for detection 
and features extraction of disturbances, and 
SVM classifier is used for identifying the type 
of disturbances. The system had been 
successfully simulated and the resulted front 
panels for the nine events are shown in 
Figure (12). 

 
 
 
 
 
 
 
 
 
 

(a) 
 
 
 
 
 
 
 
 
 

(b) 
 
 
 
 
 
 
 
 
 
 

(c) 
 

 
(d) 
 
 

 
 
 
 
 
 
 
 
 
 
 

(e) 
 
 
 
 
 
 
 
 
 

(f) 
 

 
(g) 
 
 
 
 
 
 
 
 
 
 

(h) 
 
 
 
 
 
 
 
 
 

(i) 
Fig. 12 PQM Front Panel (a) Sine, (b) Sag, (c) 

Swell, (d) Interruption, (e) Transients, (f) 
Harmonics,(g) Flicker, (h) Sag & Harmonics, (i) 

Swell & Harmonics. 
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4. CONCLUSION 

The objectives of this paper were to develop a 
Power Quality Monitoring system that had the 
ability to detect power quality disturbances at 
the minimum possible of time and to correctly 
identify them with high precision, which is the 
major area of research in power system field. 
Wavelet and Hilbert Transforms were 
introduced as signal processing tools used for 
detecting and characterizing the Power 
Quality Disturbances. The two tools have 
proved their efficiency and flexibility in 
detecting different disturbances, either the 
amplitude variation disturbances or the 
frequency variation ones. Also the machine 
learning tools ANN and SVM were proposed 
in the literature to classify the different PQDs, 
as a result, the accuracy of the classifiers was 
encouraging by more than 96% that shows 
their effectiveness. 
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