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 ملخص البحث 

ذكية  الفي األونة األخيرة تم دمج شبكات خطوط إنتاج الطاقة بمصادر الطاقة البديلة لينتج عنها األنظمة الهجينة  

تواجه أنظمة إنتاج و توزيع الطاقة المدمجة بالمصادر المتجدد بعض التحديات المتعلقة   ولضمان إستادمة الطاقة المنتجة.  

ضطرابات المتعلقة بجودة الطاقة من أهم اإلجرائات لضمان الجودة و الكفائة بجودة الطاقة. و يعد إختبار الكشف عن اإل

ج الذكية. تم إجراء البحث ليجمع نماذج مختلفة عن أنواع إضطرابات المتعلقة االعالية لجودة الطاقة الناتجة من خطوط اإلنت

بقياس المتعلة  األنظمة  لتدريب  النماذج  تلك  استخدام  بعدها  يتم  الطاقة.  الذكاء   بجودة  إستخدام  طريق  عن  الطاقة  جودة 

واجهها الباحثون. يتعلم اآللة لتدريب النظام. يعتبر جمع البيانات المتعلقة بجودة الطاقة من التحديات التي    تقنيةاإلصطناعي و

ضية تحاكي  حيث يتجه العديد من الباحثون إلى توليد موجات الطاقة المقاربة للواقع عن طريق استخدام نماذج ومعادالت ريا

 الواقع للتغلب على هذه التحديات.

. سيتم IEEE 1159-2019رابات جودة الطاقة بناء على معيار  طهذه األطروحة ستحدد أفضل نموذج لتحديد أض

سيتم بناء موجات الطاقة شبه تناظرية محاكية للواقع. في هذا السياق, يتم    بدايةً تقييم واختبار أداء مخرجات  النموذج للنظام.  

استخدام خوارزميات لبناء الموجات المتعلقة ببيانات الطاقة. وفي خطوة أخرى, ستستخدم البيانات المكتسبة لتقييمها عن  

يم اإلشارات المكتسبة باستخدام يتم بعدها تقس و.   MATLABطريق اختبار عدة خوارزميات لتعلم األلة عن طريق برنامج  

تحليل التذبذب الموجود في موجات الطاقة عن طريق استخدام تقنية   ويليها.  VMDتقنيات جديدة لتحليل الموجة المتغيرة  

. ستسمح هذه التقنية باستخراج أهم المعطيات للنموذج المعطى. يتم من خاللها استخدام اهم  VMDتحليل معدل المتغير  

 المدروسة.  يةستخرجة إلعداد و اختبار الخوارزميات التصنيف البيانات الم

الخ النموذج  أداء  تقييم  النظام.  ا تم  بأجهزة  نوع  في   وتمص  عشر  إحدى  تقييم  البحث  ً هذا  المتعلقة   ا الموجات  من 

. تمت  VMDمن خالل استخدام تقنية تحليل معدل المتغير    MATLABطريق استخدام برنامج    عنباضطراب الطاقة  

للموجات    دراسة الطاقة  جودة  اضطرابات  المتغير  الومقارنة  معدل  تحليل  تقنية  استخدام  وبعد  للواقع,  المحاكية  تناظرية 

VMD  .تقنية تحليل معدل المتغير    و نتائج طريقة    ه نسبة تحسن في نماذج تعلم اآللة, بزيادة نسب   VMDأظهر متوسط 

أبرز النتائج في مصنف    منو لوحظ أيضا زيادة في سرعة النظام.  ٪ لدقة النظام المستخدم.  60.38  إلى٪  10.05تتراوح بين  

SVM   من متوسط القياسات. يساعد ذلك على اختيار أفضل الممارسات لنظام إدارة 60.38الخطي بنسبة تحسن مقداره ٪

  و .  2030كة  لتحسين أداء الشبكات الذكية ، والتي ترتبط برؤية الممل  PMSوأنظمة إدارة القوة الكهربية    EMSالطاقة  

سيساعد ذلك الشبكة الذكية على الوصول إلى أقصى قدر من الطاقة. على افتراض أنه سيؤدي إلى زيادة كفاءة األجهزة إلى 

جانب تحقيق زمن انتقال أقل مقارنة بالنهج الكالسيكية القائمة على االستشعار. تتماشى هذه الدراسة بشكل جيد مع رؤية  

ويمكن دمجها بشكل جيد في نظام شبكات خطوط إنتاج الطاقة الذكي في نيوم. حيث يمكن   2030المملكة العربية السعودية  

 تسويقه بالتعاون مع السلطات والشركاء الصناعيين في المملكة العربية السعودية. 
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Summary 

 

 Recently renewable energy (RE) sources were combined with a utility network to establish a hybrid 

power system to accomplish the stability of power generations. Integrating a renewable-resources-based 

distributed generation (DG) system into the current power grid could cause problems with power quality (PQ), 

system dependability, and other challenges. The power quality (PQ) disruptions assessment is essential to 

guarantee high-quality power generations in smart grids. The research collected effectively models different 

types of PQ disturbances signals. After that, these can be used for the PQ disturbances interpreting systems 

training and performance quantification. The recording and collection of such signals is not an easy task. A 

common trend is the generation of real-like signals from mathematical models to overcome this limitation. 

This thesis will determine the PQ disturbances model based on IEEE 1159-2019 standard. The 

outcome of the model will evaluate the performance of the devised system. Firstly, the signal reconstruction 

will be performed to realize analog-quasi  signals. In this context, mature and precise cubic-spline 

interpolators-based signal reconstruction algorithms are sued. In the next step, the reconstructed signals will 

be acquired by using the MATLAB-based event-driven sensing models. The acquired signals will be 

segmented by using novel event-driven activity selection techniques. Afterward, the segments will be 

decomposed in oscillatory modes by using the adaptive-rate Variational mode decomposition (VMD). This 

decomposition will result in Mode updates. The pertinent features will be extracted from modes. These 

features used to prepare templates, testing instances and to prepare and evaluate the considered classification 

algorithms.  

The outcome of the model evaluated the performance of the devised system. In this work, we evaluated 

11 classes as final results, including the following cases transient, oscillatory transient, flicker, harmonics, 

interruption, sag, swell, notch, harmonics with sag with flicker, harmonics with swell with flicker, and swell 

with oscillatory transient signals by using the MATLAB-based event-driven sensing models. The comparison 

of the trained data between instants PQDs and extracted data using VMD feature extraction  has been studied. 

The average results of the VMD feature extraction method of classifiers showed an improvement percentage 

between 10.05% to 60.38%.   Accuracy  and speed have been raised. The most significant improvement in the 

linear SVM classifier has been shown by 60.38% of average measurements. That will help the smart grid to 

reach maximum power and increase its affection. Assuming that it will result in rising energy efficiency and 

simple hardware along with lower latency realizations compared to the classical counter sensing and 

processing-based approaches. This Study is well aligned with the 2030 vision of Saudi Arabia and can be well 

integrated into the NEOM smart metering system. The solution has potential and could be commercialized in 

collaboration with the authorities and industrial partners in Saudi Arabia.  

 

Keywords: Event-Driven System; Adaptive segmentation, Adaptive-Rate Processing, Oscillatory modes decomposition, Machine 

Learning, Compression, Computational complexity, Features extraction, Classification, Power Quality, Renewable, Solar, Wind, Hybrid 

Systems, AI. 
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Chapter.1  INTRODUCTION 

 

 Laity renewable energy (RE) sources were combined with a utility network to establish a hybrid power 

system to accomplish the stability of power generations. The integration of a renewable-resources 

through distributed generation (DG) system to the current power grid could result in power quality (PQ) 

difficulties, system reliability degradation, and other issues[1]. Transient incidents have an impact on the 

performance of power networks. The energy supply's long-term viability could be compromised. Furthermore, 

it has the potential to harm household appliances as well as industrial machinery. 

 The assessment of power quality (PQ) disruptions is essential to guarantee high-quality power 

generations in smart grids. The main challenge extracts the "accurate" characteristics from massive amounts 

of PQ data classification. Identifying PQ disruptions and efficient prevention of such incidents are critical. 

Essential components in this framework include a precise understanding as a first step, which can be followed 

by real-time therapy of PQ issues. This field has a wide range of studies. The feature selection should be 

developed to classify accurate results and minimize the algorithm's calculation process. Under the pressures 

of rising power systems, it showed the criticality of developing a reliable method to detect power quality (PQ) 

disruptions.  Adjustment factors can be used to achieve a controllable time-frequency resolution to improve 

the recognition accuracy [2]. IEEE recommended practice solution for monitoring electric PQ technique, 

which includes the measurement of electrical parameters in single-phase and polyphase ac power systems. 

Conclusive analysis of conducted electromagnetic phenomena in power systems was 

comprises. The recommendation covers power quality monitoring devices, application procedures, and data 

interpretation. Various forms of signals PQ has been produced, which considered as heavy task. IEEE 1159-

2019 standard will be used for modeling and analyzing for power quality disturbances (PQD) signals. This 

will improve performance quantification of the PQ disturbances categorization algorithms [3]. Also, open-

source software allows for developing the PDQ simulator and is built explicitly for PQD classifier 

comparison. The software generates a variety of common disturbances with variable cycles and random 

parameters for the labeled disturbances based on deep-learning standard classifiers [4]. 

 

1.1 Smart Grids 

Renewable energy has the advantages of being environmentally friendly and sustainable. Growing load 

requirements, global warming, and the energy crisis necessitate earnest efforts by energy-intensive 

management to promote high-accuracy energy monitoring techniques to improve energy system efficiency 

and performance. There have been many indoor technologies developed during recent years to improve 

energy-generating efficiency. These technologies enhance accuracy by integrating energy production 

management. High energy efficiency and reliability will arise using will-managed electrical energy sources. 

Smart grids allow both loads and energy sources to interact with each other. The Smart Grid represents an 

opportunity to raise the energy sector's reliability, availability, and efficiency to benefit economic and 

environmental well-being [5]. Smart grids use two-way communication technologies for systems 

control. Also, it uses advanced sensors known as Phasor Measurement Units (PMUs) that allow operators to 

assess grid stability and automatically report outages of power problems, which store energy are among the 

developed technologies [6]. The intelligent grid system includes distributed resources, generators renewable 

and non-renewable resources, energy storage, and communications systems as advanced metering 

infrastructure (AMI) deployed throughout the design, as shown in Figure1.1-1 below [7]. The way power 

systems are managed shifts from a hierarchical top-down approach to a distributed method. Smart-Grids have 

the greater observability and controllability of a complicated power system. Electricity production and 

distribution must be efficient and reliable to provide essential energy supplies to society and economies. On 

the other side, there is a solid political and regulatory drive for increased competition and reduced energy 
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prices and increased energy efficiency, and the use of renewable energy sources such as solar, wind, biomass, 

and water[8]. 

 

 

Figure 1.1-1: Smart Grid System 

 

1.2 Smart Grids and Hibberd System 

Modern industrial automation and high-efficiency energy systems, such as renewable energy sources, 

depend significantly on power electronics. Power electronics are used in high-voltage dc (HVDC) systems, 

flexible ac transmission system (FACTS)-based active and reactive power flow control, uninterruptible power 

systems (UPS), and other applications in the modern electric power grid[9]. The current national interest in 

smart-grid applications has generated many questions concerning the role of distribution engineering in the 

future. The advent of modern power electronics has significantly impacted power systems, besides the typical 

industrial applications to improve productivity. Power electronics is possibly the most critical element in 

modern smart grid and renewable energy systems. The increases in the population cause many problems in 

the electricity demand of the grid. 

Moreover, the use of conventional sources does not meet consumer demand. In this case, renewable power 

will be very economical and beneficial to consumers of vital energy. The main benefits of renewable energy 

are that it is sustainable and is low in environmental pollution. Growing load requirement, global warming, 

and energy crisis need energy-intensive management to sincerely promote high accuracy energy monitoring 

techniques to enhance energy system efficiency and performance [10]. Smart-grids show the benefits of 

integrating growing amounts of variable renewable energy sources, like solar and wind power, and new loads, 

such as energy storage and charging of electric vehicles, while maintaining the stability and efficiency of the 

system [11]. Aside from the conventional industrial uses to boost productivity, sophisticated power electronics 

have hugely impacted power systems. Power electronics may be the most significant component in today's 

smart grid and renewable energy systems. Modern power semiconductor technologies and applications of 

power electronics in energy conservation, electric vehicles, renewable energy systems, and grid energy storage 

were discussed in previous researches. Integrating renewable energy and other dispersed energy sources into 

smart grids, frequently via power inverters, is likely the most significant "new frontier" in smart-grid 

development. Inverters should be carefully controlled so that their integration does not compromise electric 

grid performance and stability, and a solid technical backbone is built to facilitate other smart-grid activities 

and services [12]. Criterion assessment tool for smart grid in both figure1.2-1 showed the functions and 

features, which analyses and support the system. 
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Figure 1.2-1: Assessment Tool for Smart Grid Functions 

1.3 Power Quality Disturbance Issues 

As we know smart grid has its challenges in terms of power quality. The bus voltage measurement, 

analysis, and improvement to maintain a sinusoidal waveform at the rated voltage and frequency are known 

as power quality. Unpredictable events, the electric utility, the consumer, and the manufacturer are the leading 

causes of power quality problems. The magnitude-duration plot, which divides the voltage magnitude into 

three areas and the length of these events into four, can characterize power quality events. Increased or 

decreased fundamental voltage component, additional losses, heating, and noise, reduced appliance and 

equipment lifetime, malfunction and failure of components, controllers, and loads, resonance and flicker, 

harmonic instability, and undesired torques are some of the most significant problems that affect power quality 

[13]. One of the most severe power quality challenges in electric power networks is harmonic pollution. The 

harmonic state calculated data extracted from sensors, which defines the error factored [14]. PQ issues impact 

the end-user. However, many other parties are engaged in creating, propagating, and resolving PQ issues. PQ 

standards must include guidelines, suggestions, and limitations to ensure end-user equipment and the system. 

1.4 Machine Learning In The Smart Grid Prospect 

The fundamental concept of the smart grid is to have the communication part. That will help the grid 

system analyze the grid system's output and define the losses. Attempts at electronic control, metering, and 

monitoring led to the development of smart-grid technology. Intelligent control, monitoring, communications, 
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and self-healing technologies are all used in a smart grid. The smart grid is a self-healing, adaptive, robust, 

and sustainable electricity system with foresight for prediction under various uncertainty. It can communicate 

with current and future cyber-secured components, devices, and systems standards. Electricity is produced by 

converting coal, natural gas, and uranium into electricity. These generation processes have numerous stages, 

such as heating water with coal to create steam, spinning turbines to generate electricity. Direct conversion is 

also conceivable through wind-rotating generators on towers and solar PV panels or by leveraging water flow 

to spin turbines to generate energy. Forecasting strategies must be used in both real-time and day-to-day 

operational planning. Longer-term system planning requires a consistent and accurate estimate of variable 

generating availability to meet peak demand. Existing methods and software must incorporate high-quality, 

real-time data. [15]. 

Artificial-Intelligence AI is one of the most used technologies nowadays. The concept of AI is using 

extensive data analysis and decision-making to improve the process. The system uses machine learning based 

on deep understanding and predictive analytics techniques. AI's natural language processing (NLP) translates 

data and defines its classification and clustering to extract the information. AI with expert systems. The main 

applications of AI are as follows: 

- Using AI to convert from speech to text and reverse.  

- Using the AI for Image recognition and machine vision.  

- The AI is also used for planning, scheduling, optimization solutions, etc. 

 

1.5 Machine Learning In The Smart Grid Prospect and improving Power Quality Disturbances 

The interactions between human beings and the physical world boost intelligence, which becomes the 

driving force for developing our conventional society, which consists of physical space and human social 

space. During such exchanges, the laws of our conventional society are also constructed and developed. The 

growing influence of big data, cloud computing, machine learning, and other technologies. Artificial 

intelligence AI is being reformed, with more sophisticated interactions among the many areas, and this 

necessitates a more responsible understanding that can assist towards making the appropriate decisions. Data 

collection, analysis, and decision-making processes are all part of AI. We were long regarded as a sub-

discipline of computer science. AI has today recognized a discipline, with applications in a wide range of 

businesses and research fields such as energy. Environmentally friendly and sustainable energy utilization is 

critical for the entire world, regardless of the various fields. AI is becoming increasingly important in the 

energy industry and research, with enormous potential to reshape our future energy system. With rising 

concerns about fossil fuel depletion and climate change, an increasing number of governments have begun to 

encourage renewable energy research and utilization, with many of these initiatives involving AI technology 

[16]. The challenge of energy saving in buildings is multifaceted. Researchers from a range of fields have 

investigated this subject. It is still a challenging but rewarding course of study. According to certain studies, 

artificial intelligence (AI) can be used as a design tool in the development of an automated system. 

The use of modern AI techniques results in intelligent buildings that achieve the following critical goals of e

nergy efficiency. Deep Neural Networks (DNNs) have high computational and storage requirements. This 

problem limits their use on ubiquitous computing devices like smartphones, wearables, and self-driving 

drones. To make deep learning resource-efficient, we propose ternary neural networks (TNNs) in their 

research. They used an educator strategy based on a novel application excessive methodology to train these 

TNNs. An educator network should still apply cutting-edge methods like dropout and batch normalization for 

accuracy and save training time. The pupil ternary network learns to emulate the behavior of its teacher 

network by using only terminal parameters and authorizations and scaling [17]. 

 In this report, we will go through objective, problem statement, Importance and motivations, literature 

review, Methodology, simulated results, discussion, constants, hypotheses, and conclusion. 
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1.6 Objective 

Before appropriate mitigation steps may be taken to improve power quality performance, the power 

quality disturbances must be noticed in a practical distribution system in real-time. This thesis investigates a 

novel approach for extracting and recognizing the power quality disturbances (PQDs) based on event-driven 

processing and adaptive-rate oscillatory modes decomposition. The concept is to use event-driven sensing and 

processing to take advantage of the non-stationary nature of the input signal. The main objective is to 

effectively classify the PQDs, as per the definition of the IEEE 1159-2019 standard, in a hybrid smart grid by 

intelligently hybridizing the event-driven processing, and Variational mode decomposition (VMD) with 

features extraction and machine learning-based classification. This research will discuss a significant issue of 

the smart grid, which will help to have a positive social impact. 

 

1.7 problem statement 

The domain of studying the PQ disturbances is gaining interest because the electricity customers are 

demanding a higher quality power supply. It is essential for sensitive facilities like nuclear reactors, data 

centers, operation theaters, etc. The quality of the power supply is diminished because of the recent integration 

of hybrid power sources in the smart grid. It raises the issues such as voltage sag, voltage swell with and 

without harmonics, momentary interruption, harmonic distortion, flicker, notch, spike, and transients. The PQ 

disturbances can cause issues such as electrical equipment malfunctions, instability, short life, and breakdown. 

 

1.8 Importance and Motivation 

Following the vision of 2030 to maximize renewable energy potential in Saudi Arabia, the NEOM 

project contributes to developing renewable energy projects. It is located in a prosperous wind and solar 

energy area, providing an ideal environment. This method increases the quality of life and environment, which 

is one of NEOM project goals. 

Integrating renewable energy sources and distributed generation in a standard power system is one of 

the significant sources of PQ disturbances. Because constant production cannot be generated from RESs 

considering familiar energy sources, maintaining the system equilibrium and voltage stability is challenging. 

Significant changes in a business environment have developed the use of sensitive electronic components, 

computers, programmable logic controllers, protection, and relaying equipment which has increased power 

consumptions. Increasing consumer expectations with the requirement of green supply around the globe, 

where the integration of renewable energy sources to the distribution grid is the focus area of the smart grid, 

electrical power systems are supposed to deliver power supply continuously at high quality to the customers. 

The economy of any country suffers from massive failures when there are voltage or current abnormalities 

present in power delivery. Any deviation/disturbance manifested in the voltage, current, and frequency from 

the standard rating is treated as a power quality (PQ) problem that results in failure or malfunctioning of 

electrical/electronic equipment [18]. 

  Power quality disturbances increase the risk of black-out, mainly because of the failure of 

interdependencies between sub-networks and associated dynamical propagations. To prevent these issues, 

customers are willing to invest in on-site equipment to ensure a greater level of quality suppliers such as 

uninterrupted power supply (UPS) and stabilizers, even though these are very costly[19]. It shows the 

importance of power quality towards the economic distribution of energy. Renewable energy integration and 

intelligent transmission systems, well equipped with modern control equipment, increase the applications of 

nonlinear and electronically switched devices distribution systems which exaggerate problems such as 

harmonics, flicker, voltage sag/swell, voltage regulation, load unbalancing, and deviations in phase as well as 

frequency. Several solid-state electronic/power-electronic devices have been developed, studied, and 

proposed to the international scientific community to improve supplied power quality in the last two decades. 

This causes increased operational and planning complexity of electricity supply networks which requires 
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increased attention for the quality of power supply [20]. The temporary quivering is also seen in power 

networks when power electronically controlled capacitors are turned across a node/bus. The harmonics and 

power sinusoids modulated by low-frequency signals are also recognizing in electrical networks due to sudden 

changes in the operating conditions such as load disturbances, network contingencies, and output of renewable 

energy sources [21]. These events may impose penalties on the consumers in terms of supporting ancillary 

services costs such as reactive power, re-dispatch cost, and load curtailment cost to remove the disturbing 

load. Therefore, PQ events need to be monitored and mitigated to maintain the standard of supply and 

economic operating conditions. In complex and large power systems, during operations, a huge amount of 

measured PQ events data make analysis difficult for monitoring programs. Therefore, an intelligent tool and 

methodology are required for the detection and classification of this data for precise and brilliant 

understanding to the utilities, regulators, and customers about the operating specifications under sudden 

change of working conditions [22]. 

The term power quality (PQ) is usually applied to a broad category of electromagnetic phenomena 

occurring within a power system network. The ability of the power systems to deliver undistorted voltage, 

current and frequency signals termed as the quality of power supply [23]. Unexpected variation of the voltage 

or current from typical characteristics can damage or shut down the critical electrical equipment designed for 

a specific purpose. Such variations happen in electrical networks with a high frequency due to a competitive 

environment and continuous change of power supply. In a highly evolved electrical system PQ, sensitive 

demands can be classified as: 

• the digital economics. 

• continuous process manufacturing industries. 

• fabrication and essential services. 

  The cost incurred to operate all the above loads vary from 3 to 120 per kVA per event [23]. This is 

huge and significantly affects the economic operation of power industries. To mitigate PQ issues; customers 

are also provided with back-up instruments apart from grid supply [24].  

PQ event recognition requires the placement of intelligent PQ monitoring instruments in the power 

system. PQ monitoring characterizes these PQ events at a particular location, mostly non-

stationary. Intelligent monitoring is necessary today to save power engineers' time for detecting and 

classifying disturbances in the power system and to solve PQ issues between utilities and consumers. The 

power quality standards, time-frequency analysis, and machine learning algorithms are considered for the 

research in automatic classification and recognition of power quality events. 

PQDs can be mitigated to some extent by the application of several types and combinations of active/ passive 

filters and compensators. To avoid disturbances and their specific causes, continuous monitoring of voltage / 

current waveform patterns and instantaneous constraints must be analyzed. Although, the waveform event 

data collection and manual monitoring are by PQ analyzers are not much reliable and so also requires 

substantial computational time and resources. 

Consequently, automatic and intelligent algorithm-based measures are adopted essentially for the 

detection, recognition, and classification of PQDs. This intelligent monitoring and analysis may also help with 

the purpose of re-establishing and preserving the abnormal power supply in a fraction of seconds without even 

slight interruption. Likewise, at troubleshooting from power generation to utilization systems, fault forecasting 

and issues with integration of distributed generation (DG’s) systems in the power system can also be managed. 
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CHAPTER 2. LITERATURE REVIEW 

 

Power quality (PQ) is the most discussed topic due to its effect on sustainable energy and energy security. 

The production of electricity using renewable energy sources and the conventional grid has its challenges. 

Since it requires current power electronics devices for control, high non-linear loads, microprocessor, and 

computer solutions, producing electricity utilizing renewable energy sources and traditional grid. 

The penetration of renewable energy (RE) sources to meet energy demands and de-carbonization targets 

is growing global concern over power quality. Because of the changing outputs and interface converters, 

power quality (PQ) disruptions are increasingly prevalent with RE penetration. To provide clean electricity to 

the consumer, it is necessary to recognize and mitigate PQ disruptions. A critical assessment of strategies for 

detecting and classifying PQ disturbances in the utility grid with renewable energy penetration is presented in 

research. They reviewed and presented alternative methods for extracting features to detect and categorize PQ 

disturbances in noisy environments [25]. The foundation of PQ disturbance analysis and control is the 

classification of power quality disturbance occurrences. In recent decades, researchers have emphasized the 

study of classifying PQ disturbances. To meet the real-time demands of power system analysis, the process of 

recognizing disturbances must be efficient in addition to meeting accuracy standards. The impacts of noise 

signals must also be removed to meet the real-world criteria. Feature extraction and pattern recognition are 

two steps in the traditional identification process [26]. In a separate study, a new approach for classifying 

Power Quality (PQ) disturbances developed using a two-dimensional Riesz Transform (RT) in the feature 

extraction stage and a Multi-Objective Grey Wolf Optimizer (MOGWO) with the k-Nearest Neighbor (KNN) 

algorithm in the feature selection stage. Machine learning algorithms are used to develop classification models 

after finding the most appropriate feature group. Although one-dimensional (1D) signal processing methods 

are utilized by nature in the categorization stage of PQ disturbances, research in the literature has developed 

that include two-dimensional (2D) signal processing. Because it provides good feature diversity and leads to 

the building of a suitable model, the 2D signal processing approach is used. First, data on PQ disturbances 

events is obtained synthetically and empirically in this study. To use 2D-RT, 1D signals are converted to 2D 

signals. In 2D-RT, 12 sub-band matrices are obtained to find superior characteristics for a single 2D matrix. 

For each band, 15 statistical and image-based attributes are determined. For one sub bands matrix, a total of 

180 features are obtained. The MOGWO-KNN method aims to develop a simple classification model with 

excellent performance by picking the most suitable features produced by 2D-RT at this stage. Models based 

on KNN, SVM, MLP, and ensemble learning approaches are built to see if there is a greater classification 

accuracy. Simulated data with noisy (40 dB, 30 dB, and 20 dB noise levels) and multiple events is also studied. 

In 18 PQ disturbances, the model can classify 9 categories of multiple disturbances. Simultaneously, a strong 

model for classifying even noisy circumstances is developed. It is demonstrated that the suggested PQ 

disturbances categorization approach outperforms existing methods in both simulations and real-world data 

[27]. 

Others suggested work primarily focuses on detecting and classifying power quality disturbances or events 

using the Hilbert–Huang transform (HHT) technique, which has been addressed and resolved by certain 

researchers. The HHT method is a new signal processing algorithm that consists of two steps. First is the 

variational mode decomposition (EMD), which is an incremental method where N number of power quality 

signals are disintegrated into intrinsic mode functions (IMFs). The second practice, Hilbert transform, is 

applied to each IMF component. The benefit of combining these two procedures makes it a powerful tool for 

high-quality event analysis. It is simple to develop a time–frequency representation model once the IMF has 

been obtained. The contour of IMFs of each power quality disturbance is then instantaneously retrieved from 

amplitude, phase, and frequency, which are the key features of each power quality disturbance. The adaptive 

neuro-fuzzy system (NFS) classifier is utilized for classification. It is a smart system that uses a neural network 

and fuzzy logic to solve problems. The NFS system receives power quality features as input. The experimental 
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simulation is carried out in a MATLAB environment, and the proposed HHT outperforms existing methods 

[28]. 

 

2.1 Power Quality Disturbance PQD in Hybird Systems 

The fluctuations in the supply voltage and the load current drawn by a user in electric power systems. 

When the frequency and amplitude are not equal to their nominal values, when non-sinusoidal waveforms are 

present, and when negative and zero-sequence components are present in three-phase systems, these 

disturbances occur. PQ stands for power quality and describes disturbances [29]. The greater usage of power 

electronics to regulate harmonics, fault ride-through, and fluctuating generation from renewables and the 

additional flexibility required of conventional fossil power plants due to the increased variation of feed from 

renewables will be part of Smart Generation. The core of a secure transmission grid operation is substation 

automation and protection. Serial bus connectivity has been developed in recent years (IEC 61850). Power 

Quality Systems works similarly to Quality Management Systems. They supervise all operations and 

assets/electrical equipment in a corresponding grid and are independent of Operation, Control, and 

Management Systems. As a result, such systems can be utilized as "warning systems" and are essential for 

analyzing defects and determining their causes. Decision Support Systems and System Integrity Protection 

Schemes, in contrast to typical protection devices that safeguard primary equipment from destructive fault 

conditions, protect power systems from instabilities and failures. The Distribution Management System 

(DMS) is the distribution grid control center, equivalent to the Energy Management System (EMS). The local 

distribution of electric electricity to consumers is the responsibility of distribution systems. The transmission 

system has traditionally delivered power. Power will increasingly be delivered directly into the distribution 

system due to the trend of local generation by Distributed Energy Resources  (DER). In a competitive 

electricity market, distributed generation (DG) is a relatively recent term to indicate a new wave of generation 

at the customer side that is smaller than that of a traditional control power station. In terms of its rating, power 

delivery area, environmental impact, penetration level, and point of connection, DG has been assigned. DG 

can be located close to load centers, reducing loss in operating networks and lowering operational and control 

costs. Renewable energy comes from natural sources that regenerate themselves quickly, such as Photovoltaic 

PV, often known as a solar system, which is a device that converts sunlight into electricity, described in figure 

2.1-1 below [30]. 

 

 
Figure 2.1-1: PV system 

 

Furthermore, wind energy is used in mechanical activities such as pumping water for farms and ranches. 

Wind power is becoming one of the most rapidly expanding energy sources. Wind energy was considered the 

most economically viable alternative in the portfolio of available renewable-energy sources. Wind turbines 

provide electricity at a low cost without the need for additional infrastructure such as transmission lines. The 
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rotor, generator, turbine blades, and driver or coupling device are the essential components of a wind turbine, 

as depicted in figure 2.1.2 [30].  

 

 
Figure 2.1-2: Wind Generation system 

 

In addition, Bioenergy in figure 2.1-3 is energy derived from biomass organic matter such as corn, wheat, 

soybeans, wood, and residues, which can be used to make chemicals and materials similar to those obtained 

from petroleum. Hydropower, often known as waterpower, is energy obtained from falling or fast-moving 

water, as shown in figure 2.1-4 [30]. 

 

 
Figure 2.1-3: Bioenergy System 
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Figure 2.1-4: Hydropower System 

 

Initial efforts at electronic control, metering, and monitoring contributed the growth of smart-grid 

technologies. Modern services and products are combined with intelligent control, monitoring, 

communications, and self-healing technology to create a smart grid. The smart grid is an auto corrector, digital, 

two-way power flow power system that is adaptive, resilient, and sustainable, with foresight for predicting 

various uncertainties. It is prepared for compatibility with current and future cyber-secured components, 

devices, and systems standards. Units in power plants convert coal, natural gas, and uranium into electricity. 

These production techniques have numerous stages, such as heating water with coal to create steam, which 

spins turbines to generate electricity. Direct conversion is also conceivable, such as through wind-rotating 

generators on towers and solar PV panels, or by leveraging the flow of water to spin turbines to generate 

energy. The thermodynamic efficiency of converting fossil fuels could be improved by technological 

advancements or more efficient fossil-fueled power plants [15]. The grid energy management system (EMS) 

is a critical component of smart-grid operation. It has control functions that describe the grid as a system that 

can govern itself, run autonomously or grid connected, and smoothly connect to and disconnect from the 

primary distribution grid for power exchange, and auxiliary service supply. Primary, secondary, and tertiary 

control levels for smart-grid can be classified hierarchically. Direct control, which includes islanding 

detection, output control, and shared decision - making, is the level of the hierarchy of control that is solely 

based on local measurements. The energy management system (EMS), which is in charge of secondary 

control, is responsible for smart-grid operation in either grid-connected or islanded mode. Tertiary control is 

the highest level of control, and it determines long-term and "optimal" set points based on the requirements 

of the host grid. By outputting a voltage equivalent to the frequency specified by a parameter in an inverter, 

voltage/frequency control prevents reductions in a motor's power factor or efficiency in a wide range of 

variable speed operations for changes in the frequency for speed control. Monitoring the smart-grid system, 

detecting when a problem has occurred, specifying the type of defect and its location, and putting motion-

control methods in place to recover from the fault are all part of fault protection [31]. 

According to a descriptive analysis, the number of published works in this topic is increasing dramatically. 

The majority of the contributions deal with issues in the petrochemical industry, specifically ethylene 

production. There are still a small number of published articles addressing the use of Machine Learning 

methods to achieve energy-related goals in different industries. All recommended papers' technical content is 

thoroughly evaluated, and their significant features and objectives are underlined. A number of key themes 

emerge from the final selection of papers, addressing issues including energy usage forecasting, analysis, and 
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optimization [32]. The quality of the current absorbed by a user's loads impacts the qualities of the voltage 

given by utilities, and the quality of the supply voltage has an impact on the current absorbed by a user. In 

most cases, neither the user nor the supplier is entirely at blame for fluctuations in the respective current or 

supply voltage [29]. The Figure 2.1-5 below describes the relation between load and supply. 

 

 
Figure 2.1-5: Supply and Load Relation 

 

 By its very nature, the topic of power quality is relatively broad. From transmission and distribution level 

assessments to end-user concerns, it includes all areas of power system engineering. As a result, utilities, end-

users, architects, civil engineers, and manufacturers are concerned about electric power quality. The ability of 

intelligent electrical equipment to consume the electric power provided to it while maintaining voltage within 

an acceptable range is referred to as electric power quality (PQ). The next subsections discuss PQ disturbances 

and their worldwide standards [25]. PQ disturbances are described as any departure in voltage, current, or 

frequency outside a permissible range that might cause smart electric equipment to malfunction or fail. The 

supply voltage, associated loads, and pure sinusoidal numbers all shift abruptly as a result of this [33]. Voltage 

sag or voltage dip, voltage swell, voltage spikes, voltage fluctuations, harmonics distortion, voltage unbalance, 

over-voltage, under-voltage, power frequency variations, and very short and long interruptions are all 

significant issues regarding primary effects on PQ during power quality disturbances. Furthermore, integrating 

renewable energy sources into the power grid will exacerbate the PQ because of the unpredictability of 

renewable energy sources [34]. Inverters based on facts are used to interface with the network. As a result, 

RE integration performance is heavily influenced [35]. 

Grid synchronization, outages, islanding, fluctuations in solar insolation, and wind speed variations are all 

well-studied PQDs linked with RES operating circumstances that must meticulously identified and classified 

[36–40]. The following is a brief description of these points. PQDs like voltage sag or voltage dips are mostly 

generated by RES grid synchronization. Voltage dips are a sudden drop in voltage that happens during grid 

synchronization. In the case of solar energy penetration, it is caused by the inrush current generated by minor 

but inevitable voltage variations between solar PV and grid. The RES outage is linked to voltage changes such 

as swell and sag. Solar RES outages do not cause a flicker, but they do cause impulsive transient and frequency 

changes. In the case of wind and hybrid RES, similar disturbances are observed. The frequency drop is related 

to the level of RES penetration. When a significant outage occurs, frequency changes can be detected. For 

solar RES, wind, and hybrid sources, islanding creates unique PQDs such as voltage sags, swells, and low 

magnitude impulsive transients. Oscillatory transients are a type of oscillatory transient. PQ disruptions are 

not reported tangibly for islanding with RE sources, requiring additional attention. Unlike an outage or grid 

synchronization, this phenomenon is also connected with a dramatic increase in frequency. Voltage sag is 
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caused by variations in solar insolation, which causes a drop in solar insolation. Voltage fluctuations can also 

be seen when the voltage magnitude changes. With low magnitude transients, these also indicate the presence 

of low magnitude flicker in the voltage. Variations in wind speed generate voltage fluctuations, which result 

in a low magnitude flicker. When wind energy penetration rises, the magnitude of transients, frequency 

deviation, current, and voltage harmonics rise dramatically [25]. 

 

2.2 Power Quality Disturbance (PQD) Reasonse  

Non-linear loads such as adjustable speed drives (ASD), traction drives, and other non-linear loads have 

become more popular due to recent improvements in power electronics. Power electronics-based power 

converters have aided in the degradation of power quality, resulting in increased power losses and significant 

economic losses. Any power problem manifested in voltage, current, or frequency variations resulting in 

damage, upset, failure, or mis-operation of client equipment referred to as a PQDs issue [41,42]. Power 

Quality Issues, Definition, Causes, and Consequences pointed in following table 2.2-1: 

 

Table 2-1: Power Quality Issues, Causes, and Side Effects 

Power Quality 

Issue 

Definition Causes and Consequences 

Very Short 

Interruption 

Total electrical power outage 

lasting with less than one minute. 

The opening and automatic 

reclosure of protective mechanisms 

to retrofit a problematic segment of 

the network are the leading causes. 

Insulation failure, lightning, and 

insulator flashover are the most 

common defect factors. The Very 

short interruption will trigger 

protection devices, data losses, and 

data processing equipment failing.  

Voltage Sag (Dip) Reduced Root mean square (rms) 

voltage by 10%–90% over period 

more significant than 0.5 mains 

and less than one minute. 

Faults in the transmission or 

distribution network are the leading 

cause. Installation flaws on the part 

of the customer. Voltage sag 

creates failure of information 

technology equipment, such as 

microprocessor-based control 

systems.  Contactors and 

electromechanical relays trip. 

Electric rotating machines face 

disconnection and efficiency loss. 

Voltage Swell There is a transient increase in 

voltage far beyond usual 

tolerances at the power 

frequency, lasting to less than one 

minute. 

Heavy load start/stop, undersized 

power supplies, underregulated 

transformers especially during off-

peak hours, system faults, load 

switching, and capacitor switching 

are the leading causes. Voltage 

swell represents data losses, 

flickering lighting and screens, 
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stoppage or damage to sensitive 

equipment. 

Long Interruptions The power supply has wholly cut 

off for 1–2 minutes. 

Equipment failure in the power 

system network, storms, obstacle 

objects impacting lines or poles, 

fire, human mistake, poor 

coordination, or protection device 

failure are some of the causes. All 

equipment immediately comes to a 

halt as side effects.  

Undervoltage Reduce the root main square 

(rms) AC voltage to less than 

90% at the power frequency for 

one minute. 

Switching on a large load or turning 

off a large capacitor bank are 

primary causes. The side effect of 

Undervoltage are flickering of 

lights and screens gives the 

appearance of unsteady visual 

perception. 

Overvoltage Increase the rms AC voltage at 

the power frequency by 110% for 

more than 1 minute. 

Switching off a high load or 

activating a capacitor bank causes 

this. Under and over voltages can 

also be caused by incorrect tap 

settings on transformers. The 

overvoltage will damage attached 

equipment.  

Voltage Unbalance In a three-phase system, voltage 

variation occurs when the three 

voltage magnitudes or phase 

angle variances are not equal. 

Large single-phase loads, improper 

distribution of all single-phase 

loads by the system's three phases. 

Voltage unbalanced integrated 

device that a negative sequence 

exists damages all three phase loads 

induction machines. 

Noise High-frequency signals 

superimposed on the waveform of 

the power system frequency. 

Hertzian waves cause 

electromagnetic interferences like 

microwaves, television diffusion, 

and radiation from welding 

machines, arc furnaces, and 

electronic equipment. A lack of 

sufficient grounding could also be 

to fault. Noises create data losses 

and data processing errors, 

disturbances on sensitive electronic 

equipment. 

Voltage Flicker The waveform amplitude is 

modulated at frequencies less 

than 25 Hz and causes voltage 

flicker. 

Arcing on the power supply, arc 

furnaces, frequent start/stop of 

electric motors and oscillating loads 

are all contributing factors. The 



29 

 

voltage flicker will show flickering 

of lights and screens. 

Voltage Notching Variation in voltage value over 

timescales ranging from a few 

microseconds to a few 

milliseconds. Even at low 

voltage, these variations can 

reach hundreds of volts. 

Lightning strikes, lines or power 

factor correction capacitors 

switched, heavy loads are 

disconnected, and power electronic 

rectifiers are commutated. The 

effects are electromagnetic 

interference, component and 

insulating material destruction, data 

processing issues or data losses. 

Harmonic 

Distortion 

Nonlinear loads create periodic 

sinusoidal distortions of the 

supply voltage or load current, 

known as harmonics. Integer 

multiples of the fundamental 

supply frequency used to 

calculate harmonics. Waveforms 

of voltage or current take on a 

non - sinusoidal structure. 

Familiar sources are electric 

machines that operate above the 

magnetization curve's knee, arcs, 

welding machines, rectifiers, and 

DC brush motors. Also, Power 

electronics equipment, such 

as power supply, data processing 

equipment, high-efficiency lighting, 

and nonlinear loads are the reason 

of these harmonics. Most harmonic 

effect exposed overheating of 

transformers, neutral overload in 

three-phase systems, overheating of 

all cables and equipment, 

secondary voltage distortion of 

transformers, increased power 

system losses, loss of efficiency in 

electric machines, electromagnetic 

interference with communication 

systems, failure of protective 

relays, explosion of capacitors, 

increased likelihood of resonance, 

errors in measurements when using 

average reading meters, nuisance 

tripping of thermal switches. 

 

The grid energy management system (EMS) is a critical component of smart-grid operation. It has control 

functions that describe the grid as a system that can govern itself, run autonomously or grid connected, and 

smoothly connect to and disconnect from the main distribution grid for power exchange and auxiliary service 

supply [31]. Smart grids' primary, secondary, and tertiary control levels can be classified hierarchically. 

Primary control, which includes islanding detection, output control, and power sharing, is the level of the 

control hierarchy that is solely based on local measurements. The energy management system (EMS) is in 

charge of secondary control, and responsible for smart-grid operation in either grid-connected or islanded 

mode. Tertiary control is the highest level of control, and it determines long-term and "optimal" set points 

based on the requirements of the host grid [41,42]. The controlling level in smart grids is distributed into 

device level, local area, and supervisory control functions. The device level controls voltage frequency, fault 

protection, and the droop control to enhance the power quality parameters. For variations in frequency for 
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speed control in an inverter, voltage frequency control prevents losses in a motor's power factor or efficiency 

in a wide range of variable speed operations. Fault protection is part of monitoring the smart-grid system, 

detecting when a problem has occurred, specifying the type of defect and its location, and putting motion-

control methods in place to recover from the fault. Droop control improves power-quality factors such as 

active and reactive power controls in both grid and autonomous mode [31]. The controlling of local area in 

smart grids is distributed into peer-to-peer strategy, master to salve strategy, resynchronization control, and 

seamless transfer control. The peer-to-peer method implies that every dispersed source in the smart-grid has 

the same status. The presence of a master controller in the smart grid, while others are slave controllers that 

obey the master controller's rules via a communication link, is referred to as a master–slave strategy. Control 

of resynchronization sources can maintain a high level of output and efficiency being attached to the grid. A 

key control method for a smooth transition of the smart-grid between islanded and grid-connected modes is 

seamless transfer control. The master control of a mart-grid is the supervisory control system. It manages and 

arranges the power system's for long-term energy flows to ensure the system's overall optimal operation [31]. 

Despite the fact that there is now a substantial literature on power quality, most engineers, facility managers, 

and consumers are still unsure what defines a power quality problem. Furthermore, because of the power 

system's impedance, every current voltage harmonic will generate and propagate voltage current harmonics, 

affecting the entire power system [43]. The influence of current harmonics generated by a nonlinear load on 

a typical power system with linear loads is depicted in Figure2.2-1. 

 

 

Figure 2.2-1: The Influence of Current Harmonics Generated by a Nonlinear Load 

 

2.3 Power Quality Disturbance (PQD) Mathimatical Model 

Coal, natural gas, and uranium are converted into electricity in power plants or power-generating units. 

These generation processes have numerous stages, such as heating water with coal to create steam, which 
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spins turbines to generate electricity. Direct conversion is also conceivable, such as through wind-rotating 

generators on towers and solar PV panels, or by leveraging the flow of water to spin turbines to generate 

energy. The thermodynamic efficiency of converting fossil fuels could be improved by technological 

advancements or more efficient fossil-fueled power plants. shows the four sophisticated optimization and 

control strategies needed to achieve smart-grid performance objectives [31]. Most of renewable energy 

sources as PV and WP plants, provide occasional power basis. So, the system is requiring energy storage to 

monitor the flow of electrical energy from renewable and storage plants. Distributed renewable sources 

produce high system impedances at the distribution level, in addition to power-load balancing concerns, 

because these plants cannot offer additional transient currents when faults occur due to their operating at peak 

power. Unacceptably high voltage harmonics, single-time events such as spikes attributable to network 

switching and synchronization, and flickers can all be caused by system impedance. The most challenging 

aspect of a smart-grid is frequency/load control in distributed networks. The size and number of renewable 

energy sources can be reduced through efficient utilization. Frequently, the most efficient electronic 

devices/components have the poorest power quality. PV and WP plants usually operate in  transient modes, 

necessitating maximum-power point operation, short- and long-term storage components, and filters to give a 

consistent frequency and voltage to the customer with an appropriate power factor and quality. This has to do 

with transmission efficiency: a low power factor increases transmission line losses [44]. 

The impact of poor PQ can be classified into four groups based on a set of dependability factors. The first 

group has the parameter of load-point factors, that has average failure (fault) rate (λ), average outage time (r), 

annual outage time (U), repair time (tr), and switching time (ts). The second one related to customer-oriented 

system indices, which can be used to find system average interruption frequency index (SAIFI), system 

average interruption duration index (SAIDI), customer average interruption duration index (CAIDI), and 

system average rms (variation) frequency index (SARFI). The third group is load -oriented system factor. 

These can calculate average service availability index (ASAI), average service unavailability index (ASUI), 

energy not supplied (ENS), and average energy not supplied (AENS). Lastly, the economical evaluation of 

reliability, that composite customer damage function (CCDF), customer outage cost (COC), and system 

customer outage cost (SCOC) [45]. For the alleviation of power quality issues, there were two approaches. 

The first way is known as load conditioning, and it ensures that the equipment is rendered less sensitive to 

power disturbances, allowing it to operate even when the voltage is significantly distorted. Installing line-

conditioning systems to prevent or counteract power system disturbances is the second way [41].  

Harmonic currents are generated by nonlinear loads and can travel to other parts of the power system 

before returning to the source. As a result of harmonic current propagation, harmonic voltages are generated 

across the power networks [46]. To keep harmonic voltages and currents under suggested limits, many 

mitigation approaches by researchers as shown in Figure2.3-1. High power quality equipment design requires 

designers and product manufacturers to create devices with lower current distortion to acquire high power 

quality equipment. Improvements in nonlinear loads have recently started in many countries [47]. Harmonic 

cancellation can be accomplished by utilizing some basic techniques that use transformer. These will be 

connections to implement phase-shifting for harmonic cancellation, such as delta-delta and delta-Y 

transformers for supplying harmonic producing loads in parallel to eliminate harmonic components, 

transformers with delta connections to trap and prevent triplon (zero-sequence) harmonics from accessing 

power systems, and transformers with zigzag connections etc. Dedicated line or transformers, as they attempt 

to pass from one bus to another, are utilized to reduce both low- and high frequencies of electrical (noises). 

The disturbances will keep away from reaching sensitive loads of the power system. Optimal placement and 

sizing of capacitor banks is an effective placement and sizing of shunt capacitor banks can improve power 

quality by improving voltage stability, power factor, and energy losses. The capacitor placement used in order 

to obtain the lowest annual while keeping operating limitations within acceptable limits. Implementing the 

derating technique of power system devices is a must to reduce the harmonics in supplying loads as per IEEE 

standers. Harmonic filters and custom power devices such as active power line conditioners (APLCs) and 
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unified power quality conditioners (UPQCs) will be placed to load current to ensure that harmonic will not 

interfere excessively with the power system. Filters will prevent harmonics entering the power system. 

Harmonic currents will be circulated between the load and the filter and will not influence the entire system 

[46]. 

 

 
Figure 2.3-1: Solutions to eliminate Harmonic of Voltages and Currents Under Acceptable Limits 

 

Natural and artificial events have a negative impact on reliability and security due to low power quality. 

As the power system protection evolves over time, both categories become more severe. Single-time, periodic, 

nonperiodic, and intermittent events are all possible. Experimental research studied the effects of voltages and 

currents performance of static under frequency and overcurrent relays in alternating loads. usually, harmonics 

are produced by the most of single-phase and three-phase induction motors. Controlling load shedding to 

mitigate voltage sag circumstances and prevent voltage collapse are examples of power-line carrier 

applications. Interferences with power-line communication and control can be caused by high-frequency 

harmonics [45]. Most renewable energy sources, like as PV and WP plants, provide power on an intermittent 

basis. As a result, energy storage is required to control the flow of electrical energy from renewable and 

storage plants to consumers and the flow of energy from renewable plants to storage plants in a complimentary 

manner. Due to their operation at peak power, distributed renewable sources produce high system impedances 

at the distribution level, as these plants are unable to deliver additional transient currents when faults occur. 

Even if current harmonics are tolerable, the high system impedance can cause unacceptably high voltage 

harmonics, single-time events, and non-periodic, which leads to power quality issues [48]. Smart-grid control 

is necessary to achieve the following goals:  

• New micro sources can be integrated into the system without modifying existing equipment. 

• The smart-grid can choose its own operation point. 
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• The smart-grid can quickly and seamlessly connect to or disconnect from the traditional grid. 

Most renewable energy sources in smart grids such as PV and WP plants provide occasional power basis. 

So, the system is requiring energy storage to monitor the flow of electrical energy from renewable and storage 

plants. Distributed renewable sources produce high system impedances at the distribution level, in addition to 

power-load balancing concerns, because these plants cannot offer additional transient currents when faults 

occur due to their operating at peak power. Unacceptably high voltage harmonics, single-time events such as 

spikes attributable to network switching and synchronization, and flickers can all be caused by system 

impedance. The most difficult aspect of a smart grid is frequency/load control in distributed networks. The 

size and number of renewable energy sources can be reduced through efficient utilization. Frequently, the 

most efficient electronic devices/components have the poorest power quality. PV and WP plants usually 

operate in  transient modes, necessitating maximum-power point operation, short- and long-term storage 

components, and filters to give a consistent frequency and voltage to the customer with an appropriate power 

factor and quality [44]. A hybrid system such as the PV-Wind system in Figure 2.3-2 needs to be operated at 

maximum-power point, which has both PV arrays and wind turbines at the most efficient point of power 

generation. Mechanical gear deployment is insufficient, particularly in off-shore wind farms. It is desirable to 

introduce electronic gears that allow smooth speed and torque control. This necessitates the deployment and 

construction to establish the magnetic field [49]. 

 

 
Figure 2.3-2: Hybrid System 

PQDs cause severe difficulties in companies and electrical infrastructures. It is critical to detect and 

classify potential disruptions accurately to prevent PQ issues [50]. In this topic, there are numerous 

investigations. In the subject of automated detection and classification of PQ occurrences, the integral 

mathematical model described in this study could be helpful. Researchers in this field can create training and 

validation datasets to test their detection and classification methods. A collection of parameters defines each 

distortion. The values of which are determined by an integrated mathematical model of PQDs represented as 

follows [51,52]: 

 

2.4 Power Quality Disturbance (PQD) Feature Extraction. 

Several feature extraction techniques of PQDs include discrete wavelet transform (DWT), wavelet packet 

decomposition (WPD), S transform, Kalman filter, Curvelet transform, and Hilbert transform, which shown 

in figure 2.4-1. 



34 

 

 
Figure 2.4-1: Feature Extraction Techniques 

Forming initial set of data by building driving values (features). It is designed to be informative and non-

redundant, easing future learning and generalization phases and improving human interpretations. Feature 

extraction is a dimensionality reduction technique in which an initial collection of raw variables is reduced to 

more manageable groups (features) for processing while still representing the original data set completely and 

accurately. Discrete Wavelet Transform (DWT), Wavelet Packet Decomposition (WPD), S-Transform, and 

other feature extraction algorithms have been used in the literature to extract relevant aspects of PQ 

disturbances [53]. 

Power quality (PQ) has become a key concern in today's power distribution system due to the increased 

usage of non-linear loads, power electronic switches, and changing laws. Poor PQ can cause equipment to fail 

partially or completely and the loss of vital data. A mitigation strategy can be established only if these PQ 

disturbances are properly observed. In the event of non-stationary PQ disturbances, the traditional method of 

identifying PQ disturbances using Fourier Transform yields false results. Wavelet packet transform's 

capability is investigated in order to measure it precisely. The M-band Wavelet packet transform has been 

used to analyze PQ disturbances in this research. A statistical parameter RMS is computed for each WPT 

coefficient for power quality disturbances such as voltage sag, voltage swell, brief interruptions, voltage sag 

plus harmonics, voltage swell plus harmonics, and flicker. The analysis is carried out for various magnitudes 

and periods of PQ disturbances that are simulated according to IEEE 1159-2009 standards [54].  

Identifying power quality events is often regarded as one of the most intriguing challenges in electric 

engineering. It is divided into two parts identification and classification. The recognition method is employed 

in the initial step to detect PQDs. So, A machine learning algorithm is used to sort them into groups in the 

next stage. A detection mechanism for identifying events in a timely way is required to improve accuracy. For 

that some researchers used KL Divergence. The Support Vector Machine (SVM) classifier uses KL 

Divergence and Standard Deviation to detect and classify events. The results of a 12-event experiment imply 

that each event has a distinct harmonic sequence. For voltage sag of 500 values and harmonics with swell of 

800 values, KL Divergence and Standard deviation were calculated. The method yielded 94.02 percent 

accuracy [55].  

The following study proposed variational mode decomposition (VMD) and a random discriminative 

projection extreme learning machine for multilabel learning, a new approach for recognizing multiple power 
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quality disturbances (MPQDs) has been developed (RDPEML). First, VMD was used to breakdown the 

MPQDs into numerous intrinsic mode functions, and the standard energy differences of each mode were 

retrieved as features, which provide the classifier's input vectors. Second, by merging a random discriminative 

projection multiclass extreme learning machine (ELM) with a thresholding learning method-based kernel 

ELM, a novel multilabel classifier named RDPEML were created. Cross-validation integrated particle swarm 

optimization approach was used to find the ideal values of the structural parameters in order to improve 

classification performance. Finally, a test study was done under various noise levels utilizing MATLAB 

synthetic signals and real signals taken from a three-phase standard source. RDPEML outperformed numerous 

recent state-of-the-art multilabel learning algorithms in terms of classification performance and computing 

speed [56].  

The Hilbert transform (HT) and the proposed slip-singular value decomposition (SVD)-based noise-

suppression algorithm were used to provide a new approach for autonomous monitoring of noisy power 

quality. The suggested technique first used a fast Fourier transform (FFT)-based low-pass filter and HT. 

Second, the high-frequency signal cleaned singular value characteristic waveform was extracted using a slip-

SVD-based noise-suppression technique and threshold filtering. Compared to traditional disturbance detection 

methods, the tested results revealed that the suggested method has advantages such as a low false detection 

rate, good noise tolerance capabilities, quick processing time, fewer parameters, practicability, and 

compatibility. Furthermore, the suggested method may categorize features such as amplitude, duration, and 

frequency. Because of these benefits, the suggested technique is an excellent fit for real-time applications 

[57]. 

Other researchers rearranged the data and simulated power quality disturbances (PQDs) in real time, the 

empirical Wavelet transform (EWT), Hilbert transform (HT), and random forest (RF) were combined. EWT 

is a method for calculating detail and estimate coefficients for a succession of amplitude modulated frequency 

modulated (AM-FM) signals for a given signal. To extract the productive features from the detail and 

approximation coefficients, the Hilbert transform (HT) is applied. The Hilbert array were used to extract the 

terms standard deviation of magnitude, Hilbert energy array, Shannon entropy, and crest factor, which used 

to train a random forest classifier. RF is a five-step learning technique used for classification and regression. 

The process starts by selecting a large number of bootstrap samples from the data. Furthermore, the suggested 

EWTHT-RF approach is implemented in a digital signal processor (DSP) based platform to evaluate the 

feasibility of the proposed method's less computationally demanding and improved classification accuracy 

[58]. 

The curiosity curves to detect power quality disturbances (PQD) in the power system has been discussed 

by researchers. The following method used the Hilbert transform to estimate the analytic signal of the real-

valued input signals. The Euler's rotation hypothesis allows two-dimensional curves to immediately translated 

into three dimensions. The findings of the synthetic signals generated in MATLAB are tested on a prototype 

test bench to assess PQD events under IEEE 1159-1995 standard [59]. 

This study will concentrate on empirical mode decomposition (EMD) as a signal decomposition method. 

 

2.5 Power Quality Disturbance (PQD) Clasification Technieqes 

There are three based techniques used for classifying PQDs: model base, statistical, and data-driven 

techniques, as shown in figure 2.5-1. In data driven based on machine learning techniques will be discussed 

in this paper.   



36 

 

 
Figure 2.5-1: Power Quality Disturbances (PQDs) Classification standard techniques 

 

Previously, the main worry concerning the quality of electric energy was service continuity, and only 

outages regarded significant disruptions. Modern electric loads are more sensitive to PQ disturbances, and 

modules that introduce disturbances with high levels of power are now highly diffused. As a result, very high 

levels of continuity have been achieved in the most developed countries, and other previously neglected 

problems can now be addressed; modern electric loads are more sensitive to PQ disturbances, and components 

that introduce disturbances with high levels of power are now highly diffused. Furthermore, in a liberalized 

electrical market, the quality of a system operator's product can be a crucial competitive item, and this feature 

is likely to become even more important, given the rising diffusion of dispersed generation units that effect 

the PQ. The data driven by machine learning classification techniques will discuss the following classifiers 

Support Vector Machine (SVM), K-Nearest Neighbor (k-NN), REP Tree, Decision tree, Random Tree, 

Rotation Forest RoF, Random Forests RF, Naive Bayes, Linear Discriminant Analysis (LDA), and Artificial 

Neural Network (ANN) as shown in figure 2.5-2. 
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Figure 2.5-2: The data driven by machine learning classification techniques of PQDs 

Employing classification technique for identifying PQDs automatically. Most popular classification 

technique listed as following: 

 

2.5.1 K-Nearest Neighbor (KNN) 

 The k-nearest neighbors (KNN) is a simple, easy-to-implement technique that may be used to address 

both classification and regression issues. The KNN algorithm believes that similar objects are close together. 

To put it another way, related items are close together [60,61]. The following figure 2.5-3 explain the 

algorithm of KNN classification method 
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Figure 2.5-3: KNN flowchart 

2.5.2 Decision Tree  

For dealing with difficulties of categorization, there are a variety of machine learning techniques that can 

be used. The Decision Tree algorithm is one such technique that, in addition to classification, may also be 

used to solve regression problems. Though one of the most basic classification algorithms, it can produce 

extremely accurate results if the parameters are properly tweaked. To forecast the result of an issue, the 

Decision Tree method employs a data structure known as a tree. The algorithm is fed with a collection of pre-

processed data because the decision tree uses a supervised method. The algorithm is trained using these data 

[62]. The Decision Tree flowchart is shown in figure 2.5-4. 

 
Figure 2.5-4: The Decision Tree follow chart 

2.5.3 Naïve Bayes 

The Naive Bayes classifier is one of the most widely used machine-learning approaches. The naive 

assumption presupposes that all characteristics are independent. Each attribute's parameters are studied 

separately, which substantially simplifies the learning process. As a result of its independence presumption, 
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the algorithm is simplified. The Naive Bayes technique is frequently utilized to classify a high-dimensionality 

features vector. It calculates its own probability for each class [63]. The following figure 2.5-5 described the 

main idea of naive bayes Classifier. 

 

 
Figure 2.5-5: The main idea of naive bayes Classifier 

 

2.5.4 Support Vector Machine (SVM) 

The support vector machine is designed to find the values odd data by educating. The main goal of SVM 

is to find the maximum range of data samples to reach for better results [64]. Figure 2.5-6 describe the 

algorithm flow chart of SVM classifier. 
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Figure 2.5-6: SVM classifier Algorithm flow chart 

2.5.5 REP Tree 

REP Tree uses information gain/variance reduction to build a decision or regression tree, then prunes it 

using reduced-error pruning. It only sorts values for numeric properties once, which is optimized for 

performance. It deals with missing values by breaking instances into pieces. The minimum number of 

instances per leaf, maximum tree depth (useful when boosting trees), minimum proportion of training set 

variance for a split (numeric classes only), and number of folds for pruning would be stetted up [65]. The REP 

Tree flowchart is shown in figure 2.5-7. 
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Figure 2.5-7: REP Tree flowchart 

2.5.6 Random Tree 

Random Tree is a supervised Classifier that creates numerous individual learners using an ensemble 

learning technique. It uses a bagging technique to generate a random set of data from which to build a decision 

tree. Each node in a standard tree is split using the best split of all variables. Each node is split using the best 

predicator from a subset of predicators picked at random in a random forest. Both classification and regression 

issues can be handled by the approach. The forest is a collection of tree predictors termed a random tree. The 

random trees classifier takes the input feature vector, classifies it with every tree in the forest, and outputs the 

class label that earned the greatest number of "votes." Using tree diversity and randomization methods, the 

performance of single decision trees is greatly improved. As in Bagging, the training data is first sampled with 

replacement for each single tree. Second, instead of computing the best possible split for each node all the 

time, when building a tree, just a random subset of all attributes is considered at each node, and the best split 

for that subset is computed. This product is used by random trees for split selection, resulting in nicely 

balanced trees with a single global ridge value that operates across all leaves, simplifying the optimization 

method [66]. The architecture of random tree is shown in figure 2.5-8. 

 
Figure 2.5-8: Random tree Architecture 

2.5.7 Rotation Forest RoF 

Rotation Forest (RoF) is a feature extraction-based classifier ensemble. The training data for a base 

classifier is created by randomly partitioning the feature set into K subgroups (K is an algorithm parameter) 
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and applying Principal Component Analysis (PCA) to each subset. All primary components are kept in order 

to preserve the data's variability information. As a result, new features for a base classifier are formed by 

rotating the K-axis. The idea behind the rotation strategy is to promote individual precision and diversity 

within the ensemble at the same time. The feature extraction for each base classifier helps to foster diversity. 

Decision trees were chosen because of their sensitivity to feature axis rotation, and hence were given the 

moniker "forest." Accuracy is sought by keeping all principal components and training each base classifier 

with the entire dataset[67]. 

 

2.5.8 Random Forests RF 

Random forests are a set of tree predictors in which the values of a random vector collected independently 

and with the same distribution for all trees in the forest are used to forecast the behavior of each tree. As the 

number of trees in the forest grows larger, the generalization error converges to a point. The strength of 

individual trees in the forest and their association determine the generalization error of a forest of tree 

classifiers. When a random selection of features is used to split each node, the error rates are comparable to 

Ad a boost, but they are more noise resistant. Internal estimates are used to indicate the reaction to increasing 

the amount of characteristics utilized in the splitting by monitoring error, strength, and correlation. Internal 

estimates are also used to assess the significance of variables [68]. 

 

2.5.9 Artificial Neural Network (ANN) 

An artificial neural network (ANN) is a computer model made up of many processing components that 

accept inputs and outputs based on their activation functions. To comprehend the concept of artificial neural 

network architecture, we must first comprehend what a neural network is made up of. To describe a neural 

network made up of many artificial neurons called units stacked in layers. The various layers that may be 

found in an artificial neural network. The Artificial Neural Network is made up of three layers: 

• Input Layer: It accepts inputs in a variety of formats specified. 

• Hidden Layer: Between the input and output layers is a concealed layer. It does all the math to uncover 

hidden features and patterns. 

• Output Layer: Via the hidden layer, the input goes through a sequence of changes, culminating in output 

that is given using this layer.  

The weighted total of the inputs is computed by the artificial neural network, which also incorporates a 

bias. A transfer function is used to express this computation. The following figure 2.5-9 describe the ANN 

architecture. 

 
Figure 2.5-9: ANN Architecture 
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Some researchers proposed the Hilbert transform (HT) detection technique to classify PQD by a feed-forward 

neural network (FFNN). This method defined the root mean square voltage (Vrms), peak voltage (Vpeak), 

crest factor (CF) to find the total harmonic distortion (THD). They used a programmable gate array (FPGA) 

and smart sensors in their methodology for performance testing through synthetic signals and under actual 

operating conditions to improve PQD [69]. Total harmonic distortion (THD) defines the voltage or current 

losses produced by harmonics in the signal. THD must be evaluated from transformer. THD defined as 

THD=
∑ 𝑉𝑛_𝑟𝑚𝑠

2∞
𝑛=2

𝑉𝑓𝑢𝑛𝑑_𝑟𝑚𝑠
. while Vn_rms is the RMS voltage of the nth harmonic; and Vfund_rms is the RMS voltage 

of the fundamental frequency. THD used to evaluate the power quality in distribution networks [70–72]. 

Other researchers prosed S-transform and probabilistic neural network PNN to improve the power quality. 

The S-transform analyzes the original power quality signals and converts them into the S-matrix complex 

matrix. The S-matrix yields eighteen different types of time-frequency characteristics. After comparing the 

classification abilities of various feature combinations, a subset of two elements was chosen as the PNN's 

input vector. They used machine learning to train the software and evaluate simulated samples. The new 

classification system decreases the time necessary for computing expenses associated with the features and 

the PNN's memory space by lowering the number of elements in the PNN's input vector. The simulation 

results show that the new PNN-based approach classified eight types of PQ disturbance signals with two types 

of complex disturbances more accurately than the back-propagation neural approach. Their new PNN-based 

system classified PQ disturbances more accurately than the back-propagation neural approach [73]. 

The idea of combining cluster analysis (CA) and global power quality indices (GPQIs) to analyze long-

term power quality data is presented in this peer-reviewed study. Researchers proposed method yielded a 

solution for the automatic detection and assessment of various power quality condition levels that may be 

induced by various electrical power network working (EPN) conditions. The period when the power quality 

data indicates a different level is identified using CA. The use of GPQIs to calculate a simpler assessment of 

the power quality of data collected through CA is recommended.  The observed findings show that the 

proposed method is a good tool for quickly comparing data collected in different clusters. Furthermore, the 

proposed method is used to collect data from multiple measurement locations in the observed area of an EPN 

in a synchronous and simultaneous. As a result, the suggested method can be used to analyze power quality 

and is an alternative to the traditional multiparameter analysis of power quality data targeted at specific 

measurement sites [74]. 

Another study provides a new real-time, rapid mathematical morphology-based fault feature extraction 

approach for transmission line fault detection and classification. To categorize the fault type, the 

morphological median filter is used to extract unique fault features, which are then fed into a decision tree 

classifier. The collected features' graphical and numerical results confirm the efficacy of the proposed strategy. 

The suggested technique is tested on a high-voltage transmission line modelled using ATP/EMTP with 

variable system limitations for various fault cases. On real-field transmission lines, the performance of the 

described technique is also validated for fault detection and classification [75]. 

Other article presents a new approach for evaluating the PQ of wind energy integration. With a modest 

computing overhead, this approach is effective in detecting PQ concerns in power networks with a high 

penetration of wind energy. It also detects various operational problems in the distribution network. The Stock 

well transform (S-transform) is used to break down the voltage signal and calculate the S-matrix. By clustering 

with fuzzy C-means, the properties of this matrix, such as mean, standard deviation, and maximum deviation, 

are used to detect operational difficulties such as wind speed variation, islanding, synchronization, and outage 

of the wind generator. The suggested method is validated using a modified IEEE 13-bus test system, which is 

also supported by hardware and real-time digital simulator findings. Under various operating events with 

varying amounts of wind energy penetration, the quality of electricity is assessed using a suggested PQ index. 

The proposed method is useful for identifying and evaluating distinct operational events in terms of PQ and 
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recognizing a wide range of PQ concerns with a high wind energy content. The proposed scheme's 

performance is determined by comparing its outcomes to those of competing approaches [39]. 

 

2.6 Defining Power Quality Disturbance (PQD)  Clasicfication Techneiqes and Other Studies.  

In [76], the Authors examined several Machine Learning architectures to discover which is best suited for 

the Power Quality disturbances identification. Based on earlier work, the Long Short Term Memory (LSTM), 

the Convolutional Neural Networks  (CNN), the Convolutional Neural Networks Long Short Term Memory  

(CNN-LSTM), and CNN-LSTM with altered hyperparameters were chosen for the comparison. The PQ 

perturbation is superimposed on the three phases of voltage signals in both the experimental and simulation 

data sets. The identification algorithm receives 1000 time series samples per classification. A rectangular 

sliding window with overlapping 500 samples is used. These datasets provide simulations of a variety of 

disturbances, including Sag, Swell, Harmonics, Transient, Notch, and Interruption. The generalized outcome 

data augmentation techniques were utilized to increase the variety of the training and validation datasets. The 

networks were given an experimental dataset of voltage and current field measurements comprising the 

perturbations mentioned above. According to the precision and recall plots, the LSTM training had an 

accuracy of 79.14 percent, with the majority of the errors discovered in the Transient disturbance. The 

architecture could not detect the transient disturbance in either the training or validation signals, resulting in 

the LSTM classifying the Transient signal as a No-Fault in all situations. Misclassification occurred in 10.2 

percent – 14.6 percent of the other classes. The CNN training yielded an accuracy of 84.58 percent, which is 

higher than LSTM. The problem with this architecture is identifying 89 percent of the No-Fault as Transient 

in the training dataset and 88.6 percent as Transitional validation dataset. The precision and recall charts once 

again revealed confusion between the two classes. The hybrid CNN-LSTM with altered hyperparameters 

detected the transient disturbance in 48.9 percent of the signals containing the transient. The other 

architectures absolutely failed in this endeavor. Furthermore, this design outperformed the other disturbance 

categories. 

In [77], Researchers suggest a novel deep learning-based detection technique for power quality issues that 

is divided into three stages. To begin, at the feature extraction stage, a domain fusion approach is suggested 

to characterize the electrical power grid. Second, an adaptive pattern characterization is performed using a 

stacked autoencoder. Finally they detect disturbances by using neural network structure. The use of many 

layers is intended to preserve the most significant information and relationships between features, as lowering 

information in a single layer may result in the loss of important affinities in the input feature vector. The 

following conditions are included 17 PQDs signals. The suggested methodology's training step is supported 

by a set of 1000 synthetic signals for each of the investigated situations, for a total training data set of 17,000 

temporal signals. The signals' common parameters include a fundamental frequency of 60 Hz and an 

amplitude per unit (pu) aimed to permitting the latter application to diverse data. 15.36 kHz is the sampling 

frequency. There is no noise and three signal-to-noise ratios. Considering the proposed diagnosis approach 

for the seventeen disorders, the outcome was 99.47 percent. In the real database, the confusion matrix has a 

classification accuracy of 91.66 percent for the 48 signals with disruptions. 

 In [51], author suggested methods for detecting and classifying PQDs, which based on Stock well 

transform (ST) and decision tree (DT).  The ST-amplitude (STA) matrix is used to detect and classify various 

PQDs based on mathematical interactions to define the real-time data generated in MATLAB. The 

decomposed used multi-resolution based ST to produce a STA matrix with a frequency of 50 Hz, 15 cycles 

corresponding to a total of 960 points, and a sampling frequency of 3.2 kHz corresponding to 64 points/cycle. 

This studied 9 cases the pure sine voltage waveform and related STA, voltage sag, voltage interruption, 

voltage swell, harmonics, oscillatory transient, flicker, both the voltage sag and harmonics, and both the 

voltage swell and harmonics. To assess the performance of the proposed method, MATLAB/Simulink 

software is used to generate nine hundred samples 100 for each of PQDs with various parameters including 
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magnitude percentages, durations, and instants. The classification result of the ST-based DT approach gave 

percentage accuracy 99.78%. 

 In [78], the authors investigate the impact of solar PV integration on distribution network power 

quality. The study used ETAP software, with one of the radial distribution networks available in Bahir Dar 

city having the lowest voltage profile during the peak of connected loads. Furthermore, particle swarm 

optimization is used to determine the best location for the PV in the network. Particle swarm optimization 

(PSO) is had been used to determine the best location for the PV in the network. As a result, the farthest end 

bus is determined to be the best location for the PV system. In addition, the impact of voltage and current 

harmonic distortion on the distribution feeder network had been discussed by analyzing distribution system 

parameters with different levels of solar PV system penetration. The harmonic content of the voltage 

waveform, which is the individual harmonic distortion (IHD), and the total harmonic distortion (THD), are 

widely used to assess the system's power quality. The proportion of voltage at harmonics number (h) order 

accordance to the fundamental voltage signal is defined as the individual harmonic distortion. To evaluate the 

amount of current and voltage harmonic distortion, a study performed on a chosen distribution harmonic load 

flow in Bahir Dar city. The influence of integrating a solar PV system into the distribution system on harmonic 

distortion examined for various PV system exposure levels. The simulation findings show that the penetrating 

capacity of the PV system increases, a higher amount of harmonic distortion is injected, indicating that the 

solar PV system should only integrate up to the maximum potential capacity that the network can bear. 

Integration of the PV system beyond this maximum penetration level results in the creation of substantial 

harmonic distortion, which has a negative impact on system performance. Total voltage harmonic distortion 

and current demand distortion are determined to be 4.97 percent and 14.98 percent, respectively, at the highest 

penetration level that enables the permissible harmonic distortion limit. 

 According to the following study [39], the authors offered a detailed assessment of state-of-the-art 

strategies for automatic detection of PQ events based on digital signal processing (DSP) and machine learning. 

They wanted to give significant information to academics on the state of detection and categorization of PQ 

events based on a line of inquiry in a comparable domain. Microgrid, on the other hand, is an emerging 

architecture within smart grid infrastructure. The research analyzed several PQDs and classification strategies 

for microgrid applications employing DSP and machine learning approaches. Researchers gave a 

comprehensive overview of different PQ disruptions in terms of taxonomy, standards, and security problems, 

as well as an evaluation of more than 250 published studies. They also demonstrated the PQ detection 

approach, which consists of three primary steps: feature extraction, feature selection, and classification. As a 

result, many strategies engaged in PQ detection, such as feature extraction, selection, and classification, are 

being rigorously explored. They also address the deployment and comparative evaluation of many most 

widely used PQD classification approaches on 18 PQ occurrences with single and multiple disturbances. 

 In the giving report [79] researchers demonstrates a technique for detecting and classifying certain 

PQDs. Voltage sags, voltage swells, and voltage interruptions are the power quality disturbances investigated 

in this work. The discrete wavelet transform is used to extract the disturbance characteristics. The fuzzy 

classifier is designed using these characteristics, as well as the standard deviation of the investigated signals. 

The power system model under consideration is depicted as a single line diagram. To generate various 

disturbances, the model constructed and synthesized in MATLAB/SIMULINK. Power quality issues include 

sag, swell, interruption, transients, and harmonics. There are several methods for analyzing power quality 

issues. Fourier transform, short time Fourier transform (STFT), Stockwell Transform (ST), and wavelet 

transform are a few examples (WT). The Fourier transform divides a given signal into constituent sinusoids 

of varying frequencies. It also converts from the time domain to the frequency domain. They examine the 

sine, sag, swell, and interruption waveforms. The disturbance signals are evaluated up to the fourth level and 

transformed, yielding accurate results in the identification and analysis of PQD signal. However, the article 

suggested artificial neural network (ANN) to give more accuracy. 
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 In [80], the paper developed a real-time PQDs predictive algorithm using convolutional neural 

networks (CNN) for its accurate and quick feature extraction and categorization. Twenty-nine classes of PQDs 

produced synthetically, with 5000 samples for each. The PQD signal has the following specifications: 

amplitude 1 pu, time t =0.16s, total period T =8, total sampling point 1024, and sampling frequency 6.4 kHz. 

Each PQD simulation produces 5000 signals, for a total of 145,000 signals. The classes defined as following: 

1. Pure sinusoidal                 2. Swell with harmonics 

3. Sag 4. Notch 

5. Swell 6. Harmonics with sag with flicker 

7. Interruption 8. Harmonics with swell with flicker 

9. Transient/Impulse/Spike 10. Sag with harmonics with flicker 

11. Oscillatory transient 12. Swell with harmonics with flicker 

13. Harmonics 14. Sag with harmonics with oscillatory transient 

15. Harmonics with sag 16. Swell with harmonics with oscillatory transient 

17. Harmonics with swell 18. Harmonics with sag with oscillatory transient 

19. Flicker 20. Harmonics with swell with oscillatory transient 

21. Flicker with sag 
22. Harmonics with sag with flicker with oscillatory 

transient 

23. Flicker with swell 
24. Harmonics with swell with flicker with oscillatory 

transient 

25. Sag with oscillatory transient 
26. Sag with harmonics with flicker with oscillatory 

transient 

27. Swell with oscillatory transient 
28. Swell with harmonics with flicker with oscillatory 

transient 

29. Sag with harmonics 
 

The simulations had been carried out on a machine equipped with an Intel Core i7-7700 CPU with a total 

of 8 logical processors, RAM of 8 GB, and a graphics card Nvidia GeForce GTX 1060 6GB DDR5 (1280 

CUDA cores). The total testing duration for 29,000 segments was 2322 ms. As a result, their suggested 

approach may be deployed in a real-time application to identify the disturbance in just 80.96 seconds. The 

suggested algorithm was then trained using 80% of the synthetic signals and tested using 20% of the synthetic 

signals. Their suggested approach generated a satisfactory result with a classification accuracy of 97.52 

percent trained using 100 frames, according to the experimental findings. Furthermore, each 16ms segment 

of PQD signals is detected in just 80.96 s. 

In article [81], The researchers investigated the feasibility of using deep learning methods to describe and 

categorize various PQDs in smart grids. Deep learning algorithms are built with the capacity to automatically 

learn optimum features from raw input data, bypassing the need for time-consuming feature building. 

Different architectures, including convolution neural network (CNN), recurrent neural network (RNN), 

identity-recurrent neural network (I-RNN), long short-term memory (LSTM), gated recurrent units (GRU), 

and convolutional neural network-long short-term memory (CNN-LSTM), were analyzed to comprehend the 

impact of various deep learning mechanisms. Several tests are carried out in order to offer the best deep 

learning architecture using certain network parameters and topologies. The observations carried out epoch by 

epoch, and we conducted each experiment for 100 epochs. To determine the optimal learning rate, we ran two 

trails of experiments for each deep learning architecture in range between [0.01-0.5]. The best performance is 

obtained with a learning rate of 0.01, after which the performance steadily declines. As a result, in this analysis, 
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the learning rate was 0.01. The features created by CNN's convolutional layer were input into an LSTM layer, 

which is followed by a dense layer with a SoftMax activation function. On synthetic PQ signals, the CNN-

LSTM hybrid architecture achieved an accuracy of 0.984. While on real PQ signals achieved an accuracy of 

0.919. Furthermore, the performance of several deep learning architectures such as CNN, RNN, I-RNN, 

LSTM, and GRU investigated. Each algorithm's effectiveness and evaluated using synthetically produced and 

real-time PQDs signals. The research defines the foundational basis for understanding the efficacy of various 

deep learning algorithms for PQ categorization. A future scope of this study is to develop an intelligent deep 

learning PQ disturbance classification system by integrating additional PQ disturbance classes. The suggested 

architecture has been demonstrated to be accurate for real-time assessment and categorization of power quality 

issues in smart grids. 

According to the referred article [82], they suggested a technique for extracting a new feature based on 

two-dimensional (2D) signal processing using the 2D Fast Discrete Orthonormal Stockwell Transform 

(2DFDOST) method and determining the best suitable feature group using the Non-dominated Sorting Genetic 

Algorithm II (NSGA-II) method. Based on mathematical modeling for eleven PQDs. 1D signals are converted 

to 2D signals with the same row and column numbers. Statistical and image-based characteristics are 

generated from the amplitude and phase matrices derived from 2D signals using the 2D-FDOST approach. 

One of the multi-objective evolutionary optimization approaches, the NSGA-II method, is used to turn a large 

number of feature vectors into a small number of relevant feature groups. The best solution for two separate 

optimization method that calculate the number of features and classifier performance which produced using 

NSGA-II. Their suggested technique distinguishes PQDs by applying 2D-FDOST, statistical, and energy 

methods in the feature extraction stage, NSGA-II + KNN methods in the feature selection stage, and machine 

learning methods in the classification stage. Based on mathematical modeling, 2200 occurrences for eleven 

types of PQDs were generated and evaluated 50 times with a 10-fold cross validation procedure, and the 

results are provided with mean and standard deviation. The NSGA-II and KNN approach reduces 1602 

features produced by the 2D-FDOST method to 13 features. Subspace KNN algorithm delivers the best 

performance for this specified feature subset, with an average of 99.33 percent. This investigates the 

performance of the classifier of modeling techniques for single and multiple disturbances, as well as 

performance in turbulent conditions to overall performance. As a result, this comparative study reveals that 

suggested method in this paper, which has a robust against noise performance ratio of 99.11 percent and a 

performance of 99.33 percent. 

In [55], a detection mechanism for identifying events in a timely way required to improve accuracy. 

Kullback–Leibler (KL) Divergence and Standard deviation are employed inside Support Vector Machine to 

detect and categorize events in this work. The experimental findings with 12 events indicate that each event 

has a distinct harmonic order. KL Divergence and Standard deviation are calculated for voltage sags of 500 

and harmonics with swells of 800. Events are discovered with greater accuracy after calculating KL 

Divergence and Standard deviation. KL Divergence and Standard deviation are employed inside Support 

Vector Machine to detect and categorize events in this work. The experimental findings with 12 events 

indicate that each event has a distinct harmonic order. KL Divergence and Standard deviation are calculated 

for voltage sags of 500 and harmonics with swells of 800. Events are discovered with greater accuracy after 

calculating KL Divergence and Standard deviation. According to the comparison, the new approach achieves 

94.02 percent accuracy. 

This study suggests utilizing a one-class support vector machine to separate PQDs from ordinary values 

(OCSVM) [83]. Some useful wavelet filters are used to precisely identify the power disturbances of a voltage 

wave. OCSVM was chosen as a moderately machine learning approach that trained entirely on a rather large 

sample of normal data because to the infinite varieties of waveform irregularities. The disturbances 

characterized sag, swell, transients, and imbalanced. The suggested approach implemented into smart grid 

devices such as smart meters to perform real-time disturbance monitoring due to its small weight and speed. 

Monitoring system of PQ in smart meters will provide useful information for quality power transmission and 
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management. Utilizing OCSVM to discover anomalies, the types of anomalies recognized multi-class 

classification methods. Given that defective samples were scarce during training, several algorithms are 

trained on a very limited training dataset with a maximum of 10 abnormality samples in each class to get a 

realistic result. The ONEVSALL SVM algorithm, also known as one-vs-rest, is a classification technique in 

which a single classifier per class is trained, with data from that class serving as positives and all other samples 

serving as negatives. When applied to multi-class data, the one-vs-all technique can be used to separate the 

data into more than two classes. This approach breaks down the multi-class classification issue into numerous 

binary classification tasks. OCSVM identifies disruptions with a 93% accuracy rate. Multi-class SVM, on the 

other hand, can categorize detected disturbances with an accuracy of up to 90% depending on the training data 

set. The results of the SVM transmitted to the utility company's back office. This will aid in gaining insight 

into the PQDs at the lowest distribution level while ensuring optimum PQ. 

In the research [84], a hybrid machine learning method proposed the Stock-well transform (ST) for  

utilizing to recognize and classify power quality disturbances (PQDs). The ST of the PQDs was utilized to 

extract key waveform characteristics, which served as input vectors for several machine learning algorithms, 

such as the K-nearest neighbors' algorithm (K-NN), decision tree (DT), and support vector machine (SVM), 

which were used to categorize the PQDs. The genetic algorithm (GA) and the competitive swarm optimization 

technique were used to optimize the operation (CSO). The suggested approach to the test, synthetic PQD 

waveforms. The voltage signal was subjected to typical single disturbances as well as complex disturbances 

arising from conceivable combinations of them. Furthermore, varying degrees of white Gaussian noise were 

applied to the PQD waveforms while keeping the suggested classification algorithms' target accuracy level. 

The hybrid categorization options were assessed, and the best one was compared to others in the literature. 

The suggested ST-based CSO-SVM approach achieves high classification accuracy and noise immunity. The 

chosen optimization methods (GA and CSO) resulted in a feature set of just five features. Thus, the second 

kind of dataset containing 14005 data (samples features) was utilized to fit the different proposed classification 

models for each of the four unique noise levels evaluated. This training dataset was divided into train and test 

datasets with a ratio of 80/20. The train set was then separated again, this time into the real train dataset (80 

percent) and the validation set, while the test dataset was left aside (the remaining 20 percent ). Each subset's 

data was chosen at random. This cross-validation technique trained and evaluated the models on these sets 

iteratively, avoiding overfitting. A 10-fold cross-validation procedure was employed in this work to assess the 

performance of the suggested classifiers. 

In [27], the article categorized PQDs, a new technique combining two-dimensional Riesz Transform (RT) 

in the feature extraction stage and Multi-Objective Grey Wolf Optimizer (MOGWO) with k-Nearest Neighbor 

(KNN) algorithm in the feature selection stage is introduced. Machine learning algorithms are used to develop 

classification models after finding the most appropriate feature group. Although one-dimensional (1D) signal 

processing methods utilized in the categorization stage of PQ disturbances, research in the literature have 

evolved to include two-dimensional (2D) signal processing. Because it provides excellent feature variety and 

leads to the building of a suitable model, the 2D signal processing technique is utilized. First, data on PQ 

disturbances occurrences is obtained synthetically and empirically in this work. To use 2D-RT, 1D signals are 

transformed to 2D signals. To locate superior characteristics for a single 2D matrix, 2D-RT generates 12 

decomposition level matrices. For each band, 15 statistical and image-based attributes are determined. One 

sub band matrix yields a total of 180 characteristics. At this stage, the MOGWO-KNN technique aims to 

develop a simple classification model with good performance by picking the best features acquired by 2D-

RT. Models based on KNN, SVM, MLP, and ensemble learning approaches are developed to determine the 

classification accuracy. Statistics including arithmetic mean, harmonic mean, geometric mean, standard 

deviation, skewness, and kurtosis data retrieved. Furthermore, 2D matrices are transformed to maximum rows 

and columns rows. Arithmetic mean, standard deviation, and entropy-based properties are also recovered for 

these matrices. Other characteristics, such as contrast, homogeneity, and sum mean, are retrieved in addition 

to the picture features. Each 2D matrices receives 15 characteristics in total. To categorize them automatically, 
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3600 events data with 18 classifications are needed. All 1D data converted to 2D signals, and then 12 sub 

pictures from 2D-RT analysis are acquired to reveal the substantial advantages of it. To describe PQ 

disturbances with little data space, three image-based features and twelve statistical-based features used in 

total, for a total of 15 features. Furthermore, using the MOGWO-KNN approach constructed a model that 

takes less features while still performing well. This technique provides 19 distinct characteristics for dealing 

with PQ disturbance categorization. After all operations are completed, the data of 3600 x 3200 dimensions 

is reduced to 3600 x 19 dimensions. The constructed models are validated using the 10-fold cross validation 

approach. It presented in terms of absolute classification results after 50 simulation repetitions. Different 

classification algorithms are attempted on the collected 19 characteristics, and the classifier with the highest 

model performance was determined. It can be observed that the 2D-RT and MOGWO-KNN techniques 

provide useful characteristics for developing high-performance models. It is also established that the 

developed model correctly identifies noisy and numerous disturbance signals. The suggested model's accuracy 

in noisy settings was 99.81 percent. The model's performance is validated by attaining excellent classification 

accuracy for actual data obtained from the experimental setting. The average and empirical data classification 

performance was 97.62 percent. 

In [85], the event-driven A/D converters (EDADCs) used to obtain the PQDs. The relevant aspects of the 

fragmented signal recovered using an efficient adaptive rate time-domain analysis technique. These 

characteristics fed into machine-learning, which simplifies PQDs identification. They used 200 samples of 3 

PQDs synthetic data. The achieved classification precision of 99.44 percent. Referring to typical fix-rate 

alternatives, the method achieves a 13.26-fold reduction advantage. 

The following research [86], offers a unique two-stage, hybrid technique based on variational mode 

decomposition (VMD) and the deep stochastic configuration network (DSCN) for detecting and classifying 

power quality (PQ) disturbances in power systems. They used VMD to distinguish between stationary and 

non-stationary PQ occurrences. The main characteristics of VMD defined in relation to the various forms of 

disruption. The instantaneous amplitude (IA) of the decomposed modes is used to derive three statistical 

parameters (mean, variance, and kurtosis). They used for training the model, 150 simulated occurrences were 

used. When 40 nodes were formed in the hidden layer, the training accuracy was greater than 0.99, and the 

training RMSE was less than 0.18. Despite the utilization of 50 events for testing, the overall categorization 

rate was 99.4 percent. Based on these traits, the DSCN model is then created to categorize PQ disturbances. 

Analytical results and real measurements verify the proposed strategy. Furthermore, it is compared to current 

approaches such as the wavelet network, the fuzzy and S-transform (ST), the adaptive linear neuron 

(ADALINE), and the feedforward neural network (FFNN). The test results demonstrated that the suggested 

technique to deliver required and correct information for PQ disturbances, allowing PQ remedial activities to 

be planned accordingly. 

In [87], The study provided two hybrid machine learning models (MLMs) combined using variational 

mode decomposition (VMD) to improve the accuracy of daily rainfall-runoff modeling. The VMD is used to 

deconstruct the original input and target time series into intrinsic mode functions (IMFs). The ELM and 

LSSVR models proposed to produce daily rainfall-runoff models with IMF inputs. The efficiency and 

effectiveness indices used to assess the performance of the VMD-ELM and VMD-LSSVR models. Also, they 

compared to VMD-based artificial neural networks (VMD-ANN), discrete wavelet transforms (DWT)-based 

MLMs (DWT-ELM, DWT-LSSVR, and DWT-ANN), and single MLMs (ELM, LSSVR, and ANN). The 

Geumho River Watershed in South Korea was chosen as the study area for investigating model performance. 

Observed data that is sufficient and dependable is required for the development of MLMs. Their results 

indicated, that VMD-based MLMs had higher accuracy versus MLMs and somewhat higher performance than 

DWT-based MLMs.   In terms of efficiency and efficacy, the VMD-ELM and VMD-LSSVR models 

outperform all others in daily rainfall-runoff simulation. As a result, the VMD-ELM and VMD-LSSVR 

models can serve as an alternate tool for daily rainfall-runoff modeling that is both dependable and precise. 
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In following study [88], the authors proposed a hybrid decoding approach for identifying tooth flaws based 

on the variational mode decomposition (VMD) algorithm paired with modulation intensity distribution (MID). 

VMD u sed an original multi-component signal decomposed into a set of impedance conventional single with 

certain parameter qualities in the spectral domain. The MID approach identified the buried significant 

cyclisation characteristics in the bi-frequency domain. Furthermore, the VMD decreased frequency aliasing 

impact examined, that particularly effective to distinguish noise and harmonic components in the original 

signal. The effects of the modulator intensity distribution's spectral coherence and correlation density on 

demodulation emphasized. The suggested approach is then used to determine four distinct types of 

deficiencies in a multistage gearbox. The results showed that the demodulated numerical data and 

pigmentation instantly recognized in bi-frequency graph, which used to discriminate the four gear faults 

successfully concretely. 

 

2.7 Power Quality Disturbance (PQD)  Standerds and Power factor 

Due to several power quality requirements, utilities must be guarded by following standards to ensure the 

safety of the equipment. power quality standards are being developed by the institute of electrical and 

electronic engineers (IEEE) and the international electrotechnical commission (IEC). The following standard 

IEEE P1433 used for power quality definition. While IEEE P1453 used to define voltage flicker. also, IEEE 

p1564 used to identify voltage sag indices. IEC SC77A/WG9 used for power quality measurement methods. 

In IEEE P519.1, there is a guide for applying harmonic limits on power systems. IEEE 519 standard 

recommended practices and requirements for harmonic control in electrical power systems and harmonic 

mitigation. The standard IEEE 1453-2015 recommended practice adopting IEC 61000-4-152010, 

electromagnetic compatibility (EMC)–testing and measurement techniques–flicker meter–functional and 

design specifications. Furthermore, IEEE P2844 standard recommended practice for limiting voltage 

imbalance in electric power systems. The IEEE P2938 gave guidelines for economic loss evaluation of 

sensitive industrial customers caused by voltage sags. IEC SC77A/WG1 standard defines harmonics and other 

low-frequency disturbances. In IEC SC77A/WG8 standard define electromagnetic interference related to the 

network frequency. The IEC TC77/WG1 standard defines power quality terminology. In IEEE P1366 

standard, there is a guide for electric distribution reliability indices. In IEC 60364 standards has been 

mentioned electrical installations of buildings. The IEEE 1409-2012 standard guide for application of power 

electronics for power quality improvement on distribution systems rated 1 kV Through 38 kV. The IEEE 

1250-2018 standard has the guide for identifying and improving voltage quality in power systems. IEEE 1100 

standard recommended practice for powering and grounding sensitive electronic equipment. last but not least, 

IEEE 1159 standard Recommended practice for monitoring electric power quality [89,90]. 

According to IEEE 519-2014 Standard, it suggested that procedures establish aims for designing electrical 

systems that involve both linear and nonlinear loads. Signal distortion goals for the system designer were 

specifying voltage and current waveforms of the system.  The point between sources and loads was referred 

to as the interface and adhering to the design goals will decrease interference between electrical equipment. 

This standard suggested method addresses the problem of steady-state constraints. This standard specifies the 

power quality connected at common point. Limiting harmonic current emissions to tolerable values calculated 

in an equitable manner based on the inherent ownership stake each user has in the supply system is required 

to keep harmonic voltages below these levels. The established limits are for steady-state operation and are 

suggested for worst-case scenarios. It is possible to encounter transient situations that exceed these boundaries. 

In any case, the sets included limited suggestions. Therefore, it should not be referred as obligatory in all 

circumstances, which does not address the consequences of radio-frequency interference [91]. While IEEE 

1159-2019 standard recommended practice includes monitoring electrical properties of single-phase and 

polyphase ac power systems. It contains a set of reliable descriptions of transmitted electromagnetic events 

that occur in power systems. This recommended practice describes initial conditions and anomalies, that came 

from the source of supply or load equipment, as well as interactions between the source and the load. This 
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standard method also goes into power quality monitoring devices, application procedures, and how to evaluate 

monitoring findings. The recommended practice includes definitions of nominal circumstances as well as 

modifications from these nominal conditions that can come from the source of supply, load equipment, or 

interactions for both source and the load. This standard method offers users set of terminologies for identifying 

power quality issues. Proper measuring techniques are required to obtain useful, accurate data. The utility of 

power quality monitoring will be enhanced by proper monitor placement, systematic investigations, and 

interpretation of results. Which will be considered in our study [3]. 

Many studies have been conducted on transient generation and load ratios in both the planning and 

real-time operating stages. The recommended Differential Evolution-based method beat other current 

approaches in terms of network loss reduction and maximum distributed generation, according to the findings 

of all case studies. 

An optimized framework was proposed, which uses a Differential Evolution algorithm to best integrate 

many distributed generation sources into the distribution grid at the same time. The proposed algorithm 

optimizes the location, sizing, and power factor setting for each distributed generation source to minimize 

network losses and maximize distributed generation integration by taking into account significant power 

system restrictions. When all three parameters of distributed generation's placement, sizing, and power factor 

were optimized at the same time, the network loss was reduced by 95.71 percent. In addition, a practical 

framework for distributed generation with a varying optimal power factor was created. During real-time power 

grid operation, the optimal power factor setting for each distributed generation source was dynamically 

adjusted, resulting in even more system loss reduction. In comparison to the base situation with no distributed 

generation connection, the overall loss reduction achieved was 96.04 percent  [92]. The integration of small 

renewable distributed generation (DG) units and restructuring existing power systems are motivated by 

increased energy demands due to rapid industrialization, environmental concerns with energy resources, and 

technical performance deterioration [93]. 

Renewable energy sources (RESs) such as wind and solar photovoltaic (PV) began to displace 

conventional power plants gradually, grid integration demands have become a key concern. In order to ensure 

grid stability, various new requirements and technical restrictions have been implemented. The goal of this 

study is to classify the PQDs, as per definition of the IEEE 1159-2019 standard, in a hybrid smart grid by 

intelligently hybridizing the event-driven processing, EMD and features extraction and machine learning 

based classification and provide an updated analysis of contemporary integration requirements and 

compliance control methods for renewable power plant penetration into Smart grids. The electrical energy 

flow in the Smart grid system will be studied in the performance stage under various resources and compared 

to the conventional approach to determine the correctness of the suggested method. The case studies show 

that the suggested method-based system may provide best PQDs classifier between grid voltage and current. 

This research will concentrate on voltage. Since it reflects the stability of power source and the current has 

same condition with deferent magnitude. 

AI models will analyze the power quality issues and provide the best solution to improve smart grids. We 

will use these models to define Interruption, Sag, Swell, spike, oscillatory, harmonics, flicker, notch, sag with 

flicker, harmonics with swell with flicker, and swell oscillatory transient signals. We will study all PQD in 

smart grids in NEOM, and we will concentrate on the hybrid system since it has the focus, especially in Saudi 

Arabia, related to the vision 2030. This will help to select best practice for energy management system (EMS) 

devices. 
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CHAPTER 4. RESEARCH METHODOLOGY 

 

4.1 Research Questions 

 

PQ issues impact the end user. However, many other parties are engaged in developing, evolving, and 

resolving PQ issues Roadmap for Power-Quality Standards. PQ standards include recommendations, 

suggestions, and limitations to ensure that system is functional well. The following are the fundamental 

requirements for PQ standards. 

This thesis will determine the PQDs model based on IEEE 1159-2019 standard. The outcome of the 

model will be utilized for evaluating the performance of devised system. Firstly, the signal reconstruction will 

be performed in order to realize quasi analog signals. In this context mature and precise cubic-spline 

interpolators-based signal reconstruction algorithms are sued. In next step, the reconstructed signals will be 

acquired by using the MATLAB based event-driven sensing models by using the adaptive-rate Variational 

mode decomposition (VMD). This decomposition will result Modes updates. The pertinent features will be 

extracted from modes. The proposed system performance will be evaluated and compared with existing fix-

rate approaches. 

 

4.2 The Proposed Method 

 

The evolution of modern environment encourages the development of massive amounts of data. This 

Paper includes a review of methods documented in the scientific literature for analyzing the potential value of 

industrial data by Machine Learning technologies for energy efficiency goals, analyzing and examining the 

scientific contributions published to date. 

There are numerous steps to resolve power quality concerns that cause PQDs in smart grids. The 

identification of PQDs is emphasized in this thesis. The initial step of this study involves modeling and 

simulation of PQDs signals in accordance with IEEE standards, when the signals will be restored and 

transformed to digital form using an Event-Driven ADC (EDADC). The PQD will be recognized and 

segregated in the second phase using adaptive rate segmentation, preparing the treated signals for analysis in 

both the time and frequency domains to recover the desired characteristics. The activity selection algorithm 

(ASA) was chosen because of its efficiency and accuracy in windowing significant instants. At first, Empirical 

Mode Decomposition (EMD) was chosen because of its capacity to decompose a signal into a substitute 

representation. Then, variational mode decomposition (VMD) has been chosen as modified version from EMD. 

Several features will be identified using the adaptive rate time-frequency hybrid analysis-based feature 

extraction technique, which will aid in the detection and classification of PQDs. The identified PQDs will be 

categorized using a Machine Learning (ML) approach in the third phase. After that, it will represent the 

identification procedure. The most important targets are quick reactions, precise identification, and 

classifications. The suggested system's primary block diagram is shown in Figure 4.2-1. 
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Figure 4.2-1: Identification of PQDs 

 

4.2.1 The Power Quality Disturbance (PQD) Model Data Preperation 

The proposed method used synthetic data as per IEEE 1159-2019 standers. The IEEE 1159-2019 

standard is followed in the modeling and simulation of eleven PQD signals in addition to the pure signal. 

Interruption, Sag, Swell, spike, oscillatory, harmonics, flicker, notch, sag with flicker, harmonics with swell 

with flicker, and swell, and oscillatory transient signals are the eleven variants available. The real-time data 

size of the model was 200x4000 for each class. The mathematical model of PQDS had been represented as 

following: 

 

The Pure Signal: It is the faultless signal and represents the execution of an ideal and smooth supply. 

The signal can be mathematically represented via Equation (4.2-1) [50]. A normalized pure signal waveform 

is shown in 

 

𝑣(𝑡) = 𝐴𝑠𝑖𝑛(𝑤𝑡 − 𝜑)                                                 ( 4.2-1) 

 

A represents the power signal amplitude, and 𝑤 = 2𝜋𝑓, where f the frequency 50Hz and φ phase.  
The interruption is caused by the loss of supply voltage for a limited period, usually less than a minute. This 

will reduce the root main square (RMS) voltage below 0.1 per unit (pu). Equation (4.2-2) represent the 

interruption and figure 4.2-2 represent the interruption effect on signal [50]. The parameters were defined as 

follows: 

−𝜋 ≤ 𝜑 ≤ 𝜋 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0

 

𝑇 ≤ 𝑡2 − 𝑡1 ≤ (𝑁 − 1)𝑇,   𝑇 =
1

𝑓
 

0.9 ≤ 𝜌 ≤ 1.0 
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v(t) = A(1 − ρ(u(t − 𝑡1) − u(t − 𝑡2)))sin(wt − φ)       ( 4.2-2) 

 

 
Figure 4.2-2: Interruption Signal 

Sag signal is generated due to temporary short circuit and overloads. The RMS voltage will be 

decreased from 0.1 to 0.9 pu. Equation (4.2-3) represent the sang, and figure 4.2-3 represent the sag effect 

on signal [50]. The parameters were defined as follows: 

 

0.1 ≤ 𝛼 ≤ 0.9 

−𝜋 ≤ 𝜑 ≤ 𝜋 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0

 

𝑇 ≤ 𝑡2 − 𝑡1 ≤ (𝑁 − 1)𝑇,   𝑇 =
1

𝑓
 

v(t) = A(1 −  α(u(t − 𝑡1) − u(t − 𝑡2)))sin(wt − ψ)       ( 4.2-3) 

 

 
Figure 4.2-3: Sag [50] 

Swell happens due to momentary rises in power signal, which increases the RMS voltage between 

1.1 to 1.8 pu. Equation 4.2-4 represent the swell signal, and figure 4.2-4 represent the Swell effect on signal 

[50]. The parameters were defined as follows: 

0.1 ≤ 𝛽 ≤ 0.8 

−𝜋 ≤ 𝜑 ≤ 𝜋 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0

 

𝑇 ≤ 𝑡2 − 𝑡1 ≤ (𝑁 − 1)𝑇,   𝑇 =
1

𝑓
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𝑣(𝑡) = 𝐴(1 +  𝛽(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2)))𝑠𝑖𝑛(𝑤𝑡 − 𝜑)      ( 4.2-4) 

   

 

 
Figure 4.2-4: Swell [50] 

Usually happened with the peak of signal. The Equation 4.2-5 represent the spike (transient) of supply 

voltage, and figure 4.2-5 represent the transient effect on signal [50]. The parameters were defined as follows: 

0.222 ≤ ψ ≤ 1.11 

𝑇 ≤ 𝑡𝑎 ≤ (𝑁 − 1)𝑇,   𝑇 =
1

𝑓
 

𝑡𝑏 = 𝑡𝑎 + 1𝑚𝑠 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0

 

 

𝑣(𝑡) = 𝐴[𝑠𝑖𝑛(𝑤𝑡 − 𝜑) −  𝜓(𝑒−750(𝑡−𝑡𝑎) − 𝑒−344(𝑡−𝑡𝑎))((𝑢(𝑡 − 𝑡𝑎) − 𝑢(𝑡 − 𝑡𝑏)))]    ( 4.2-5) 

 

 

Figure 4.2-5: Transient [50] 

The following Equation 4.2-6 represent the oscillatory transient signal, and figure 4.2-6 represent its 

effect on signal [50]. The parameters were defined as follows: 

8𝑚𝑠 ≤ 𝜏 ≤ 40𝑚𝑠 

−𝜋 ≤ 𝜗 ≤ 𝜋 

0.5𝑇 ≤ 𝑡𝐼𝐼 − 𝑡𝐼 ≤
𝑁

3.33
𝑇 

𝑇

5
≤ 𝑡𝐼𝐼′ − 𝑡𝐼′ ≤ 𝑡2 − 𝑡1 

−𝜋 ≤ 𝜑 ≤ 𝜋 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0
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𝑣(𝑡) = 𝐴[𝑠𝑖𝑛(𝑤𝑡 − 𝜑) +  𝛽𝑒−(𝑡−𝑡𝐼)/𝜏𝑠𝑖𝑛(𝑤𝑛(𝑡 − 𝑡𝐼) − 𝜗)((𝑢(𝑡 − 𝑡𝐼𝐼) − 𝑢(𝑡 − 𝑡𝐼)))]   ( 4.2-6) 

   

 
Figure 4.2-6: Oscillatory Transient [50] 

The harmonics usually transpired due to the side effect of non-linear loads, which interrupt the supply 

device. The following Equation 4.2-7 describe the mathematical module of harmonics, and figure 4.2-7 

represent its effect on signal [50]. The parameters were defined as follows: 

−𝜋 ≤ 𝜑 ≤ 𝜋 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0

 

𝑛 = {3,5,7};  0.05 ≤ 𝛼𝑛 ≤ 0.15 

−𝜋 ≤ 𝜗𝑛 ≤ 𝜋 

𝑣(𝑡) = 𝐴[𝑠𝑖𝑛(𝑤𝑡 − 𝜑) + ∑ 𝛼𝑛
7
𝑛=3 𝑠𝑖𝑛(𝑛𝑤𝑡 − 𝜗𝑛)]        ( 4.2-7) 

 

 
Figure 4.2-7: Harmonics [50] 

The waveform amplitude is modulated at frequencies less than 25 Hz and causes voltage flicker. 

Equation 4.2-8 define the flicker signal, and figure 4.2-8 represent its effect on signal [50]. The parameters 

were defined as follows: 

0.05 ≤ 𝜆 ≤ 0.1 

8 ≤ 𝑓𝑓 ≤ 25𝐻𝑧 

𝑤𝑓 = 2𝜋𝑓𝑓 

−𝜋 ≤ 𝜑 ≤ 𝜋 

v(t)=A[1+λ sin(𝑤𝑓𝑡)] sin(wt-φ)         ( 4.2-8) 

 
Figure 4.2-8 Flicker [50] 
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Notch occurred due to the variation in voltage value over timescales ranging for microseconds. 

Equation 4.2-9 define the notch, and figure 4.2-9 represent its effect on signal [50]. The parameters were 

defined as follows: 

0.01𝑇 ≤ 𝑡𝑑 − 𝑡𝑐 ≤ 0.05𝑇 

𝑡𝑑 ≤ 𝑠 

𝑡𝑐 ≥ 0 

0.1 ≤ 𝑘 ≤ 0.4 

𝑐 = {1,2,4,6} ;             𝑠 =
𝑇

𝐶
 

−𝜋 ≤ 𝜑 ≤ 𝜋 

v(t)=A[sin(wt-φ)-sin(sin(wt-φ) ∑ 𝑘(𝑢(𝑡 − (𝑡𝑐 + 𝑠. 𝑛)) − 𝑢(𝑡 − (𝑡𝑑 + 𝑠. 𝑛)𝑁.𝑐−1
𝑛=0 ))]   ( 4.2-9) 

 

 
Figure 4.2-9: Notch [50] 

Equation 4.2-10 represent the mathematical module of compiled PQDs effect, which has harmonics, 

sag, and flicker effect on signal source, and figure 4.2-10 represent its effect on signal [50]. The parameters 

were defined as follows: 

0.05 ≤ 𝜆 ≤ 0.1 

8 ≤ 𝑓𝑓 ≤ 25𝐻𝑧 

𝑤𝑓 = 2𝜋𝑓𝑓 

0.1 ≤ 𝛼 ≤ 0.9 

𝑛′ = {3,5};                              0.05 ≤ 𝛼𝑛′ ≤ 0.15 

−𝜋 ≤ 𝜗𝑛, ≤ 𝜋 

0.1 ≤ 𝛼 ≤ 0.9 

v(t)=A(1+λ sin(𝑤𝑓𝑡))[sin(wt-φ)+∑ 𝛼𝑛′
5
𝑛′=3 sin(n’wt-𝜗𝑛′)] (1- α(u(t-𝑡1)-u(t-𝑡2)))    ( 4.2-10) 

 

 
Figure 4.2-10 :Harmonics with sag with flicker [50] 

Equation 4.2-11 represent the mathematical module of compiled PQDs effect, which has harmonics, 

swell, and flicker effect on signal source, and figure 4.2-11 represent its effect on signal [50]. The parameters 

were defined as follows: 

0.05 ≤ 𝜆 ≤ 0.1 
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8 ≤ 𝑓𝑓 ≤ 25𝐻𝑧 

𝑤𝑓 = 2𝜋𝑓𝑓 

0.1 ≤ 𝛼 ≤ 0.9 

𝑛′ = {3,5};                              0.05 ≤ 𝛼𝑛′ ≤ 0.15 

0.1 ≤ 𝛽 ≤ 0.8 

v(t)=A(1+λ sin(𝑤𝑓𝑡))[sin(wt-φ)+∑ 𝛼𝑛′
5
𝑛′=3 sin(n’wt-𝜗𝑛′)] (1+ β(u(t-𝑡1)-u(t-𝑡2)))    ( 4.2-11) 

 

 
Figure 4.2-11 Harmonics with swell with flicker [50] 

Equation 4.2-12 represent the mathematical module of compiled PQDs effect, which has swell, and 

oscillatory transient effect on signal source, and figure 4.2-12 represent its effect on signal [50]. The 

parameters were defined as follows: 

−𝜋 ≤ 𝜑 ≤ 𝜋 

𝑤 = 2𝜋𝑓 

𝑢(𝑡) = {
0  𝑡 < 0
1  𝑡 ≥ 0

 

𝑇 ≤ 𝑡2 − 𝑡1 ≤ (𝑁 − 1)𝑇;      𝑇 =
1

𝑓
 

300 ≤ 𝑓𝑛 ≤ 900𝐻𝑧 

𝑤𝑛 = 2𝜋𝑓𝑛 

8𝑚𝑠 ≤ 𝜏 ≤ 40𝑚𝑠 

−𝜋 ≤ 𝜗 ≤ 𝜋 

0.5𝑇 ≤ 𝑡𝐼𝐼 − 𝑡𝐼 ≤
𝑁

3.33
𝑇 

𝑇

5
≤ 𝑡𝐼𝐼′ − 𝑡𝐼′ ≤ 𝑡2 − 𝑡1 

𝑡𝐼′ ≥ 𝑡1  ;   𝑡𝐼𝐼′ ≤ 𝑡2 
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v(t)=A[sin(wt-φ)(1+β(u(t-𝑡1)-u(t-𝑡2)))+ β𝑒−(t−𝑡𝐼)/τsin(𝑤𝑛(t − 𝑡𝐼) − ϑ)((u(t − 𝑡𝐼𝐼)-u(t − 𝑡𝐼)))]  ( 4.2-12) 

  

 

 

Figure 4.2-12: Swell with oscillatory transient [50] 

 

4.2.2 The Reconstruction  

Analog to digital converter ADC in many applications by using sampling and quantization operations  

[94]. Then, using digital signal processors, process the discrete signals converter. Using a reconstruction 

operation, convert the processed signals to analog signals (DAC). 

 Fourier analysis has been used for operation sampling, which defines from a frequency domain 

perspective to analyze the influence of signal and address the reconstruction procedure [95]. The following 

equation (4.2-13) is the Fourier transform of continuous time [95]. Where 𝑥𝑎 (𝑡) the analog signal and 𝛺is the 

frequency. 

𝑥𝑎 (𝑗𝛺) ≜  ∫ 𝑥𝑎(𝑡)𝑒−𝑗𝛺𝑡∞

−∞
 𝑑𝑡         ( 4.2-13) 

The analog signal 𝑥𝑎 (𝑡) in equation (4.2-14) is the inverse of equation (4.2-13)  [95]. 

 

𝑥𝑎 (𝑡) =  
1

2𝜋 
∫ 𝑥𝑎(𝑗𝛺)𝑒𝑗𝛺𝑡∞

−∞
𝑑𝛺         ( 4.2-14) 

 

After that we have to sample 𝑥𝑎 (𝑡) at sampling interval Ts by finding the 𝑥(𝑛) as shown in equation (4.2-

15) 

 

𝑥(𝑛) ≜ 𝑥𝑎 (𝑛𝑇𝑠)           ( 4.2-15) 

 

The countable sum of amplitude scaled, frequency-scaled, and translated versions of the Fourier 

transform 𝑥𝑎 (𝑗𝛺) will be calculated as equation (4.2-16). Where 𝑋(𝑒𝑗𝑤𝑛) the discrete-time Fourier transform 

of x(n) and 𝜔 = Ω𝑇 [95]. 

𝑋(𝑒𝑗𝜔) =  
1

𝑇𝑠
∑ 𝑥𝑎 [𝑗 (

𝜔

𝑇𝑠
−  

2𝜋

𝑇𝑠
𝑙)]∞

t=−∞         ( 4.2-16) 

 

The continuous time Fourier transform (CTFT) is used to deal with nonperiodic signals, including the 

real frequencies. While the Fourier series and Fourier transform use to study the sampled signal in frequency 

domain by using discrete-time Fourier transform (DTFT). The following figure 4.2-13 represents the difference 

between CTFT and DTFT. 
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Figure 4.2-13 Sampling Operation in the Time and Frequency Domains 

 

Therefore, if the higher frequencies are not properly sampled and overlap with lower frequencies, the 

discrete signal may be an aliased version of the original analog signal. 

The utilized model generated PQ waveforms are up-sampled by a factor of 100-200 to evaluate the 

event-driven sensing module. An adequate assembly of cascaded cubic-spline interpolators and anti-aliasing 

filters is used to produce the segmentation [96]. 

 

4.2.3 The Event-Driven ADC (EDADC) 

The event-driven sampling idea is to capture the sample only when the input analog signal X(t) intersect 

with one of the thresholds. The analog signals' distributed levels are designed to span all of the amplitude signal 

range ∆x(t). The space between the levels are equally distributed and separated by a quantum q. All samples 

are a couple of (𝑥𝑛, 𝑡𝑛). Where, 𝑥𝑛 is the amplitude and 𝑡𝑛is the time. 𝑡𝑛 can be calculated from the following 

equation 4.2-17: 

 

𝑡𝑛 = 𝑡𝑛 − 1 + 𝑑𝑡𝑛           ( 4.2-17) 

 

Where dtn is the time distance between the current, tn, and the previous, tn-1, sampling instants. The 

corresponding sampling instant is measured as shown in figure 4.2-14 [97]. This will provide the higher 

resolution in signal sampling. 
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Figure 4.2-14: EDADC for swell signal 

The digital converter (ADC) is a fundamental component of contemporary PQ elucidating tools. The 

acquisition of signals is generally based on the sampling and processing principle of Nyquist [96]. Thus, for 

the most obviously egregious situation, the design parameters of these standard ADCs are selected [96]. In this 

context, these ADCs are not effective [98–101] for subjective signals such as PQ disturbances. The ADCs 

operated by event driven (EDADCS) are used in this context. We are focused on event-driven Sensing (EDS) 

and can adjust their sampling frequency according to the incoming signal disparities. A sample taken after 

crossing a predefined threshold with an input band-limited analogy signal x(t). Samples are also not distributed 

equally in time. The sample frequency depends on the variations of x(t). 

 

4.2.4 The Adaptive Segmentation  

The data obtained from EDADC does not have an equal distance between them in time. So, using 

classical techniques cannot be used to process or analyze the data .The windowing is an essential operation and 

its required for the limited time data acquisition to fulfil the practical system implementation specifications 

[96]. To obtain the windowed version of a sampled signal xn the picked N sample segment must be centered 

on τ by using the following equation 4.2-18 [102]. 

 

𝑥𝑤𝑛 =  ∑ 𝑥𝑛.
τ+𝐿

2

𝑛=τ+𝐿
2

𝑤𝑛−τ            ( 4.2-18) 

 

Where 𝑥𝑤𝑛is the windowed version of 𝑥𝑛,  L is the effective length in seconds, and τ is the central time 

of the window function𝑤𝑛. 

𝑭𝒔 is the sampling frequency.  

N can be calculated by: 

N=L.𝑭𝒔 

Performing digital signal processing and analysis required a finite set of data. windowing functions are 

applied to capture a limited frame of data [96,103]. 

The EDADC output in figure is selected and segmented with the Activity Selection Algorithm (ASA) 

[98]. The valuable features of the ASA have already presented in [26]. It is performed by utilizing the sampling 

non-uniformity and it conserves the useful information like consecutive sampling instants repartitioning, count 

of samples, etc. It allows the post features extraction module to exploit the time-domain characteristics of each 

segment to extract its classifiable features as shown in Figure 4.2-15. 
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Figure 4.2-15 Sequence of EDADC Process 

 

4.2.5 Variational Mode Decomposition (VMD) 

VMD is a frequency preparation approach that is non-recursive and accommodative. This will prate a 

composite signal into a set of band limited Intrinsic mode functions (IMFs), which described as amplitude 

modulated frequency modulated (AM-FM) as shown in figure 4.2-16. VMD's purpose is to break down a 

multicomponent signal into a fixed sub-signals (modes) [86]. VMD's behavior when confronted with abnormal 

data, of an instantaneous reaction. The VMD algorithm has the advantage of being significantly more resistant 

to sampling and noise. In the frequency domain, both the mode and the center frequency are repeatedly 

changed. As a result, using the chosen center frequency and bandwidth, the temporal mode is produced as the 

real component of the filtered analytic signal [88]. VMD is a time-frequency signal analytical method that is 

completely agile and non-recursive [87].  

 

 
Figure 4.2-16 Variation Mode Decomposition (VMD) 
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The structure of VMD will start by obtaining the unilateral frequency band transform to compute the related 

analytic signal as following equations (4.2-19) - (4.2-22) [104,105]: 

 

(𝛿(𝑡) +
𝑗

𝜋𝑡
) × 𝑢𝑘(𝑡), 𝑤ℎ𝑒𝑟𝑒( 𝑗2 = −1)                                                                  ( 4.2-19) 

 

Then, for shifting the frequency spectrum of each mode to base signals, an exponential tuned will be 

multiplied with center frequency. 

 

[(𝛿(𝑡) +
𝑗

𝜋𝑡
) × 𝑢𝑘(𝑡)] 𝑒−𝑗𝑤𝑘𝑡                                                                              ( 4.2-20) 

 

Determine the bandwidth of each mode using the gradient’s squared 𝐿2
-norm. 

 

𝑚𝑖𝑛{𝑘},{𝑤𝑘} {[(𝛿(𝑡) + 𝑗

𝜋𝑡
) × 𝑢𝑘(𝑡)] 𝑒−𝑗𝑤𝑘𝑡}                                                     ( 4.2-21) 

 

L({𝑢𝑘}, {ωk}, λ) = α ∑ || ∂t [(δ(t) +  
𝑗

𝜋𝑡
) ×  𝑢𝑘(t)] 𝑒−jωk t||2

2𝐾
𝑘=1 + ||f(t) − ∑ 𝑢𝑘(t)𝐾

𝑘=1 ||2
2 + (λ(t), f(t) −

∑ 𝑢𝑘(t)𝐾
𝑘=1 )                          ( 4.2-22) 

 

Where {𝑢𝑘}, and {ωk} are all the modes with small bandwidth features and their corresponding focal 

frequencies. The VMD algorithm process is represented in Figure 4.2-17.  

 

 
Figure 4.2-17: Variational Mode Decomposition (VMD) Algorithm 
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4.2.6 The Features Extraction of VMD 

The following features were extracted from the variational Modes obtained after decomposing the 

signal with Variational Mode Decomposition (VMD). In this study, the first seven modes considered because 

incorporating the remaining modes does not significantly improve the performance. The relative features 

extracted from Modes of each instance maximum energy and six ratios of energies of consecutive modes. After 

that, eleven feature will be extracted from each mode as shown in figure 4.2-18. The common extracted features 

from each considered mode defined below: 

 
Figure 4.2-18: Features Extraction with Variational Mode Decomposition (VMD) 

4.2.6.1  Standard Deviation 𝝈 of Modes 

Equation 4.2-23 define the standard deviation of signal. Were 

 

𝜎𝑥𝑖𝐶𝑆𝑃 = √
1

𝑁−1
∑ (𝑥𝑘 − 𝜇𝑥𝑖𝐶𝑆𝑃)2𝑁−1

𝑘=0                                                                                ( 4.2-23) 

 

4.2.6.2    Minimum Value of Absolute of Modes 

The minimum value will calculate the minimum negative amplitude by comparing results. 

4.2.6.3 Maximum Value Of Absilute of Modes 

While the Maximum absolute value will be calculated by taking the maximum positive amplitude. 

4.2.6.4 Mean of Avrage of Absolute of Modes 

P Ds Signals

 ariational Mode 

Decomposition 

  MD 

 ea  to  ea  

Difference

Mode 1

Mode 2

Mode  

Mode  

Mode 5

Mode  

Mode  

Residual

Standard 

deviation

minimum 

value

maximum 

value

Mean

S e ness

 urtosi

RMS 

 alue

Entrop 

Total 

 ariation

            

The relative features extracted from Modes of each instance 

The maximum energ  and six ratios of energies of consecutive modes  

 eatures Extraction  ith  ariational Mode Decomposition 

  MD 



65 

 

The equation 4.2-24 describe the mean average value. The average value of the mode is almost zero, 

which makes analysis easier. On the other hand, Mode may contain amplitude modulation and altering 

frequency. 

 

𝜇𝑥𝑖𝐶𝑆𝑃 =
1

𝑁
∑ 𝑥𝑘

 𝑁−1
𝑘=0                                                                                                                  ( 4.2-24) 

 

4.2.6.5 Median of Modes 

This equation 4.2-25 describe the mean average value. The average value of the mode is almost zero, 

which makes analysis easier. On the other hand, modes may contain amplitude modulation and altering 

frequency. 

 

𝜇𝑥𝑖𝐶𝑆𝑃 =
1

𝑁
∑ 𝑥𝑘

 𝑁−1
𝑘=0                                                                                                                            ( 4.2-25) 

4.2.6.6 Skewness of Modes 

The third moment is skewness, which describes the degree of asymmetry of a distribution around its 

mean as shown in equation 4.2-26. Where 𝜎 the standard deviation. 

 

𝑆𝑥𝑖𝐶𝑆𝑃 =
1

𝑁
∑ (𝑥𝑘−𝜇𝑥𝑖𝐶𝑆𝑃)3𝑁−1

𝑘=0

𝜎𝑥𝑖𝐶𝑆𝑃3                                                                                          ( 4.2-26) 

 

4.2.6.7 Kurtosis of Modes 

Kurtosis is like skewness. The fourth moment is kurtosis, which describes the degree of asymmetry of 

a distribution around its mean. The following equation 4.2-27 represent Kurtosis. 

 

𝑆𝐾𝐶𝑆𝑃 =
1

𝑁
∑ (𝑥𝑘−𝜇𝑥𝑖𝐶𝑆𝑃)4𝑁−1

𝑘=0

(𝜎𝑥𝑖𝐶𝑆𝑃2) 2
                                  ( 4.2-27) 

 

4.2.6.8 Root Mean Suare ( RMS) Value Of Modes 

The fundamental magnitude is very important in the identification of voltage sag, voltage swell, and 

interruption. The RMS value, the generally used feature, cannot accurately signify if the disturbance happens 

within a cycle or has magnitude at boundary conditions. This is since the RMS is a squared average value 

calculated over one cycle or a complete time window as shown in equation 4.2-28. Therefore, we have 

considered the instantaneous amplitude (IA) of the fundamental frequency component obtained from the HT 

to overcome this. This feature clearly differentiates the disturbances like voltage sag, interruption and swell 

[106]. 

 

𝐹2 = √
1

𝑆
∑ 𝐼𝐴(𝑖, 𝑛)2∀𝑓𝑖

𝑠
𝑛=1                                                                                                ( 4.2-28) 

 

where S is the number of samples of the windowed signal and fi is the frequency of its component. 

Over a 100-ms interval, the feature F1 in equation 4.2-29 reflects the absolute peak-to-peak difference in signal 

magnitude. According to observations of disturbances, the maximum and absolute minima of the voltage sag, 
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swell, interruption, fluctuation, and harmonics signals are practically the same. As a result, the F1 value for all 

the above-mentioned disturbances is very small, close to zero, whereas the transitory disturbance has a 

declining size. As a result, this trait is critical in identifying transient and spike disturbances from the rest of 

the disturbances. 

 

𝐹1 = |𝑋𝑚𝑎𝑥 − |𝑋𝑚𝑖𝑛||           ( 4.2-29) 

 

4.2.6.9  Peak to Peak Difference of Modes 

The greatest voltage change that occurs during one cycle of alternating voltage or current is referred to 

as the peak-to-peak value. The peak-to-peak value of an alternating current voltage is defined as the difference 

between its positive and negative peaks. One or two peaks that are much bigger than the remainder of the 

waveform should be discarded when calculating the peak-to-peak value on the oscilloscope [107]. 

 

4.2.6.10 Entropy of Modes 

Entropy is a measure of the available energy in a closed system. a feature of the system's state, and that 

immediately affect with any significant change in energy in the system and inversely with the system's 

temperature [108]. 

 

4.2.6.11 Total Variation Measure 

The total variation is calculated by dividing the summation of absolute difference by the difference 

between maximum absolute value and minimum absolute value, which described in following equations (4.2-

30) - (4.2-32). 

 

Sumx=sum(abs(diff(x)));                        ( 4.2-30) 

Differencex=max(x) - min(x);                                                                                                              ( 4.2-31) 

Total Variational Measure=Sumx/Differencex;                                                                                   ( 4.2-32) 

 

4.2.7 The Classification 

Most popular classification techniques such as supervised machine learning algorithm k-nearest 

neighbors (KNN) are simple, easy-to-implement techniques that may address both classification and regression 

issues. The KNN algorithm believes that objects that are similar are close together. Also, for dealing with 

categorization difficulties, there are a variety of machine learning techniques that can be used. The Decision 

Tree algorithm is one such technique that, in addition to classification, may also be used to solve regression 

problems. The support vector machine (SVM) is designed to find the values odd data by educating. The main 

goal of SVM is to find the maximum range of data samples to reach for better results. An artificial neural 

network (ANN) is a computer model made up of many processing components that accept inputs and outputs 

based on their activation functions. Also, providing best accuracy more than one classifier might be used to 

provide best results  

This paper will evaluate the decision tree, neural network, KNN, and SVM classifiers. Since previous 

research mentioned that we are in the of the year. Als, the equerry of training data time is very important. Also, 

one of the most reasons is the quality of data and data accuracy modifier, which may extend to find the best 

results.  
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4.2.8 The Cross Validation 

Cross-validation is a resampling method that tests and trains a model using various amounts of the data 

on successive rounds. It is used to evaluate machine learning models on by using data sample. To avoid data 

leaking, the testing data should be kept separate from the training data. The model performance must be 

evaluated during the creation of an machine learning model, that used to training data  [109]. Data must be 

separated into the following categories: 

• Data for training is used to construct models. 

• Validation data is information that is used to verify the performance of a model. 

In cross validation will take data parameters and trained and test data with each parameter. Then, it will 

evaluate the results. The following figure 4.2-19 represents the cross-validation Algorithm.  

 

 
Figure 4.2-19: Cross-Validation Algorithm 

 

There are 8 different cross-validation techniques  [109]. Our method is concentrating on k-fold cross-

validation as describe below: 

The original dataset is equally partitioned into k subparts or folds in k-fold cross-validation. For each 

iteration, one group from the k-folds or groups is chosen as validation data, while the remaining (k-1) groups 

are chosen as training data. The method is repeated k times until each group is handled as validation data and 

the remaining data is used for training. The mean accuracy of the k-models validation data is used to calculate 

the model's final accuracy as shown in figure 4.2-20 and figure 4.2-21. In our system we will use 11 classes to 

train the system  [109]. 

 
Figure 4.2-20: k-fold cross-validation 
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Figure 4.2-21: k-fold cross-validation of proposed method 

 

4.2.9 The Confusion Matrix 

A confusion matrix is a special table structure that permits visualization of the performance of an 

algorithm, often a supervised learning algorithm, in the field of machine learning and specifically the problem 

of statistical classification. The examples in an actual class are represented by each row of the matrix, whereas 

each column, or vice versa represent the instances in a predicted class. It is a unique type of contingency table 

with two dimensions: actual and expected, with identical sets of classes in each [110].  

A confusion matrix is a table that is used to define a classification algorithm's performance. The 

performance of a classification algorithm is shown and summarized using a confusion matrix. The confusion 

matrix in figure is made up of four main properties that establish the classifier's measuring metrics as shown in 

figure 4.2-22. These are the four numbers: 
1. True positive (TP): A test result that accurately identifies the presence of an attribute. 

2. True negative (TN): A test result that accurately identifies the absence of an attribute. 

3. False positive (FP): A test result that incorrectly suggests the presence of an attribute. 

4. False negative (FN): A test result that incorrectly suggests the absence of a specific feature. 

 
Figure 4.2-22: Confusion Matrix Configuration 
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The prediction of a model in the data set used to calculate the confusion matrix will be shown, which 

is achieved by observing the confusion matrix and selected model's strengths and weaknesses. The confusion 

matrix is calculated using a model’s prediction on a held-out test set traditionally.  

After that we can calculate True Positive Rate (TPR), True Negative Rate (TNR), Positive Predictive 

Value (PPV), Negative Predictive Value (NPV), False Negative Rate (FNR), False Positive Rate (FPR), False 

Discovery Rate (FDR), False Omission Rate (FOR), Positive Likelihood Ratio (LR+), Negative Likelihood 

Ratio (LR-), Prevalence Threshold (PT), Critical Success Index (CSI), Prevalence, Accuracy (ACC), Balanced 

Accuracy (BA), F1 Score, Matthews Correlation Coefficient (MCC), Fowlkes–Mallows Index (Fm), 

Bookmaker Informed-ness (BM), Markedness (Mk), and Diagnostic Odds Ratio (DOR). The equations are 

provided in table 4-1.  

Table 4-1: Confusion Matrix Equations 

True Positive Rate (TPR) 

𝑇𝑃𝑅 =
𝑇𝑃

𝑃
= 1 − 𝐹𝑁𝑅 

True Negative Rate (TNR) 

𝑇𝑃𝑅 =
𝑇𝑁

𝑁
= 1 − 𝐹𝑃𝑅 

Positive Predictive Value (PPV) 

𝑃𝑃𝑉 = 1 − 𝐹𝐷𝑅 

Negative Predictive Value (NPV) 

𝑁𝑃𝑉 = 1 − 𝐹𝑂𝑅 

False Negative Rate (FNR) 

𝐹𝑁𝑅 =
𝐹𝑁

𝑃
=

𝐹𝑁

𝐹𝑁 + 𝑇𝑃
= 1 − 𝑇𝑃𝑅 

False Positive Rate (FPR) 

𝐹𝑃𝑅 =
𝐹𝑃

𝑁
=

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
= 1 − 𝑇𝑁𝑅 

False Discovery Rate (FDR) 

𝐹𝐷𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑃
= 1 − 𝑃𝑃𝑉 

False Omission Rate (FOR) 

𝐹𝑂𝑅 =
𝐹𝑁

𝐹𝑁 + 𝑇𝑁
= 1 − 𝑁𝑃𝑉 

Positive Likelihood Ratio (LR+) 

𝐿𝑅+=
𝑇𝑃𝑅

𝐹𝑃𝑅
 

Negative Likelihood Ratio (LR-) 

𝐿𝑅−=
𝐹𝑁𝑅

𝑇𝑁𝑅
 

Prevalence Threshold (PT) 

𝑃𝑇 =
√𝑇𝑃𝑅(−𝑇𝑁𝑅 + 1) + 𝑇𝑁𝑅 − 1

(𝑇𝑃𝑅 + 𝑇𝑁𝑅 − 1)

=
√𝐹𝑃𝑅

√𝑇𝑃𝑅 + √𝐹𝑃𝑅
 

Threat Score (TS) Or Critical Success Index (CSI) 

𝑇𝑆 𝑜𝑟 𝐶𝑆𝐼 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

Prevalence 

𝑃𝑅𝐸𝑉𝐴𝐿𝐸𝑁𝐶𝐸 =
𝑃

𝑃 + 𝑁
 

Bookmaker Informed-ness (BM) 

𝐵𝑀 = 𝑇𝑃𝑅 + 𝑇𝑁𝑅 − 1 

Balanced Accuracy (BA) 

𝐵𝐴 =
𝑇𝑃𝑅 + 𝑇𝑁𝑅

2
 

Diagnostic Odds Ratio (DOR) 

𝐷𝑂𝑅 =
𝐿𝑅 +

𝐿𝑅 −
 

Fowlkes–Mallows Index (Fm) 

𝐹𝑀 = √
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
𝑥

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
= √𝑃𝑃𝑉 𝑥 𝑇𝑃𝑅 

Markedness (Mk) Or Delta P (Δ P) 

𝑀𝐾 = ∆𝑃 = 𝑃𝑃𝑉 + 𝑁𝑃𝑉 − 1 

Phi Coefficient (𝜑 Or 𝑟𝜑) Or Matthews Correlation Coefficient (MCC) 

𝑀𝐶𝐶 = 𝜑 = 𝑟𝜑 =
𝑇𝑃 𝑥 𝑇𝑁 − 𝐹𝑃 𝑥 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
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In our case we will evaluate 11 classes. In this case we will calculate the sum of FN, FP, and TN of 

each class. The following figure 4.2-23 represents an example of class1. The classes will represent interruption, 

Sag, Swell, Transient, Oscillatory Transient, Harmonics, Flicker, Notch, Harmonics with Sag with Flicker, 

Harmonics with Swell with Flicker, and Swell with oscillatory transient Signals. 

 
Figure 4.2-23: Confusion Matrix of Proposed Methodology Example of Class 1 

 

4.2.10  The Evaluation Measures Accuracy 

This thesis through following premeasured to evaluate the accuracy of classifiers results [110]: 

 

4.2.10.1 Accuracy ACC 

In this stage we will calculate the percentage of correct prediction of each class in of classifier results. 

The accuracy calculation will depend of confusion matrix concept. Equation (4.2-33) use true positive (TP), 

false positive (FP), false negative (FN), and true negative (TN) values to find the accuracy percentage. 

 

𝐴𝐶𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 𝑥100%          ( 4.2-33) 

 

4.2.10.2 Precision 

Precision is the percentage of accurately anticipated positive cases in a positive class compared to the 

total predicted cases. The process can be mathematically expressed with the help of Equation (4.2-34). Where 
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the true negatives (TN) and true positives (TP) are correct classifications. False positive (FP) and false negative 

(FN) are wrong classification results 

 

Precision =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
            ( 4.2-34) 

 

4.2.10.3 Specificity 

Specificity represents the proportion of negative cases rightfully identified, as shown in Equation (4.2-

35). Where true negatives (TN) and false positive (FP). 

 

Specificity =
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
            ( 4.2-35) 

 

4.2.10.4 Recall 

Recall is also known as Sensitivity and is defined as the fraction of relevant documents that are 

successfully recovered.  Where do true positives (TP) and false negatives (FN). The recall is used to measure 

the fraction of positive cases correctly classified, as shown in Equation (4.2-36). 

 

Recall =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
            ( 4.2-36) 

 

4.2.10.5 F1  

F-measure is a method of caring about both measures. This metric represents the harmonic mean 

between recall and precision values, as shown in Equation (4.2-37). 

 

𝐹1 =
2∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
           ( 4.2-37) 

 

4.2.10.6 AUC-ROC Area under the ROC Curve 

The area under the ROC Curve AUC-ROC measure classification models. To find AUC-ROC both 

True Positive Rate TPR and False Positive Rate FPR will be calculated as equation (4.2-38) and equation (4.2-

39). Where TN true negative, TP true positive, FN false negative, and FP false positive. 

 

True Positive Rate (TPR) = Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
        ( 4.2-38) 

False Positive Rate (FPR) = 1 − 𝑃𝑒𝑟𝑐𝑖𝑠𝑖𝑜𝑛 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
                  ( 4.2-39) 

 

4.2.10.7 Kappa score 

Kappa is another way of expressing the classifier's accuracy. Its coefficient differences are used in 

comparative analysis among unavoidable or accidental factors to check the number of the test results' 

correctives to determine the true characteristic. The inter-range dependability is measured by the Kappa score. 

Kappa can be evaluated via equations (4.2-40, 4.2-41, 4.2-42): 
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𝑘𝑎𝑝𝑝𝑎 = 1 −
1−𝑝0

1−𝑝𝑒
                     ( 4.2-40) 

𝑝𝑜 =
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
                     ( 4.2-41)  

𝑝𝑒 =
(𝑇𝑃+𝑇𝑁)(𝑇𝑃+𝐹𝑁) + (𝐹𝑃+𝑇𝑁)(𝐹𝑃+𝐹𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)2               ( 4.2-42) 

 

  



73 

 

CHAPTER 5. CONSTRAINTS 

      There are several factors that can be accounted as limitations and could affect the project's progress. One 

is my limited experience in the MATLAB based system modelling and analysis. Another limitation is the 

experience of the student in features extraction and pattern recognition and he availability of real dat. In 

addition, the idea of embedding the Event – Driven sensing and processing in PQ Disturbances elucidators is 

quite novel and therefore there is a lack of references available in this regard. However, we managed to have 

great results. We, would like to implement this project in a real system for future works 
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CHAPTER 6. HYPOTHESIS 

This work aims to employ the event-driven sensing and processing techniques with adaptive-rate 

oscillatory mode decomposition, features extraction and machine learning algorithms to contribute to realizing 

efficient approaches for the power quality disturbances identification and mitigation. We assume that it will 

result in energy efficient and simple hardware realizations as compared to the counter classical sensing and 

processing-based approaches. This Study is well aligned with the 2030 vision of Saudi Arabia and can be well 

integrated in the NEOM smart metering system. The solution has a potential, and it could be commercialized 

in collaboration with the authorities and the industrial partners in Saudi Arabia. 
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CHAPTER 7. RESULTS  

 

This phase identified the PQDs in a hybrid smart grid by building a classifying model based on the 

IEEE 1159-2019. We evaluated eleven classes have been simulated pure signal (C1), interruption (C2), sag 

(C3), swell (C4), spike (transient) (C5), oscillatory transient (C6), harmonics (C7), flicker (C8), notch (C9), 

harmonics with sag with flicker (C10), and swell with oscillatory transient (C11). After classifying PQDs 

models, the VMD was used to extract 7 modes including residual. At first, we trayed generating 5 modes. After 

that, we increase the number of modes to increase the system’s accuracy. According to our experiments, the 

maximum number of modes that gave the highest accuracy is 7 modes. The relative feature extracted of modes 

of each instance is the maximum energy and six ratios of energies of consecutive modes. After that, ten features 

have been extracted from each mode as mentioned before. Then, the confusion matrix configuration to evaluate 

the measures to define accuracy, precision, recall, specifity, F1-Measure, Kappa, and the area under ROC curve. 

Each instance is composed of 4000 samples and the duration time of each instance is 1 s. Sampling frequency 

is 1 kHz. Sample resolution is 16bits. For each class there is 200 instances. After applying VMD, there was a 

dimension reduction from 4000 to 84. The following figures (7-1) represent the data signals of real time. 

 

In the results we made comparison between classifiers training results with and without VMD extraction 

method for identifying PQDs. After that, the results of each have been compared. 

  

 
Figure 7-1: 11 Classes of Real Time signals 
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7.1 Eleven Classes Results without Features Extraction 

The results represent best six classifiers compared data accuracy measurements as following. The 

percentage accuracy values, obtained for different studied classifiers, for the case of dataset without features 

extraction are summarized. The following Figure 7.1-2 represents 28 classifiers, which calculated the average 

identification performance of eleven classes without applying the VMD extraction method. Wide neural 

network represents the highest accuracy results. In contrast, the caorse tree has the lowest performance results. 

 

 
Figure 7.1-1: Accuracy percentage per classifier without features Extraction 
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Wide Neural Network Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-1. We calculated the accuracy (ACC), precision, specificity, recall, F-measure (F1), kappa, and the area 

under the ROC curve (AUC) for each class. The highest accuracy results were in C1 and C11. While the lowest 

results were in C2. Then, the average of each accuracy evaluation measurement has been taken. The average 

results shown ACC= 92.78%, Precision=70.25%, Recall=69.54%, Specificity=95.90%, F1=69.57%, 

kappa=91.05%, and AUC-ROC=86.55%. 

 

Table 7-1: Wide Neural Network Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 97.08% 80.97% 100.00% 96.67% 89.49% 96.58% 100.00% 

C2 86.02% 37.73% 41.50% 91.53% 39.52% 82.10% 73.00% 

C3 89.06% 60.58% 66.40% 92.82% 63.36% 85.96% 81.00% 

C4 92.27% 69.49% 61.50% 96.39% 65.25% 90.60% 79.00% 

C5 96.66% 87.63% 85.00% 98.31% 86.29% 96.08% 98.00% 

C6 95.83% 89.76% 74.50% 98.81% 81.42% 95.07% 93.00% 

C7 95.36% 76.27% 90.00% 96.11% 82.57% 94.50% 98.00% 

C8 86.98% 41.67% 42.50% 92.55% 42.08% 83.46% 76.00% 

C9 88.91% 51.43% 45.00% 94.54% 48.00% 86.14% 70.00% 

C10 95.02% 84.30% 72.50% 98.13% 77.96% 94.07% 89.00% 

C11 97.44% 92.97% 86.00% 99.07% 89.35% 97.01% 95.00% 

Average 92.78% 70.25% 69.54% 95.90% 69.57% 91.05% 86.55% 
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Quadratic SVM Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-2. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. The highest results in accuracy was in C7, Precision was in C7, Recall was in C1, 

Specificity was in C5, F1 was in C7 as  Kappa, and AUC measures was in C1, C5, and C7. The lowest results 

was in C2 exept recall was in C8. Then, the average of each accuracy evaluation measurement has been taken. 

The results shown ACC=92.01%, Precision=67.79%, Recall=67.00%, Specificity=95.46%, F1=66.89%, 

kappa=89.98%, and AUC-ROC=95.09%. 

 

Table 7-2: Quadratic SVM Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 96.34% 78.13% 100.00% 95.79% 87.72% 95.65% 100.00% 

C2 85.40% 38.98% 46.00% 90.56% 42.20% 81.09% 87.00% 

C3 87.79% 48.96% 59.00% 91.68% 53.51% 84.50% 94.00% 

C4 93.06% 76.79% 64.50% 97.18% 70.11% 91.55% 95.00% 

C5 98.73% 94.58% 96.00% 99.15% 95.29% 98.51% 100.00% 

C6 93.71% 74.40% 77.00% 96.14% 75.68% 92.38% 98.00% 

C7 99.26% 97.49% 97.00% 99.61% 97.24% 99.14% 100.00% 

C8 86.96% 44.32% 41.00% 93.11% 42.60% 83.34% 91.00% 

C9 89.12% 55.05% 54.50% 93.88% 54.77% 86.34% 94.00% 

C10 87.95% 49.41% 42.00% 94.17% 45.41% 84.72% 90.00% 

C11 93.83% 87.59% 60.00% 98.76% 71.22% 92.53% 97.00% 

Average 92.01% 67.79% 67.00% 95.46% 66.89% 89.98% 95.09% 
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Medium Neural Network Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-3. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. The highest results was in C1 for Accuracy, Recall, F-measure, Kappa, and area 

under the ROC curve. while highest result in precision was in C6, and specificity in C11. While lowest results 

in C2 was in accuracy, specifity, F-measure, and AUC. While lowest result in C11 was in precision, recall, and 

F-measure. the lowest results of AUC was in both C2 and C9.   Then, the average of each accuracy evaluation 

measurement has been taken. The results shown ACC=91.60%, Precision=62.77%, Recall=62.35%, 

Specificity=95.17%, F1=62.18%, kappa=89.39%, and AUC-ROC=86.18%. 

 

Table 7-3: Medium Neural Network Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 97.89% 87.34% 100.00% 97.53% 93.24% 97.49% 100.00% 

C2 84.65% 39.72% 42.50% 90.72% 41.06% 79.79% 73.00% 

C3 88.20% 54.46% 61.00% 92.31% 57.55% 84.91% 81.00% 

C4 90.21% 64.06% 61.50% 94.66% 62.76% 87.68% 79.00% 

C5 94.79% 80.88% 82.50% 96.80% 81.68% 93.66% 97.00% 

C6 94.13% 85.37% 70.00% 98.05% 76.92% 92.82% 92.00% 

C7 94.79% 76.69% 90.50% 95.49% 83.03% 93.66% 97.00% 

C8 86.01% 44.97% 42.50% 92.38% 43.70% 81.78% 76.00% 

C9 87.18% 50.57% 44.50% 93.53% 47.34% 83.46% 73.00% 

C10 93.80% 78.42% 75.63% 96.69% 77.00% 92.42% 89.00% 

C11 95.94% 28.00% 15.22% 98.67% 19.72% 95.63% 91.00% 

Average 91.60% 62.77% 62.35% 95.17% 62.18% 89.39% 86.18% 
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Narrow Neural Network Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-4. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. The highest evaluation results were in C1. While the lowest results were in C2, exept 

for Specificity was in C8. Then, the average of each accuracy evaluation measurement has been taken. The 

results shown ACC=88.53%, Precision=57.96%, Recall=57.96%, Specificity=93.35%, F1=57.75%, 

kappa=84.92%, and AUC-ROC=84.27%. 

 

Table 7-4: Narrow Neural Network Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 98.96% 94.31% 99.50% 98.86% 96.84% 98.76% 99.00% 

C2 81.44% 28.04% 26.50% 89.74% 27.25% 74.65% 72.00% 

C3 84.15% 41.67% 42.50% 90.67% 42.08% 78.83% 82.00% 

C4 86.91% 53.67% 47.50% 93.33% 50.40% 82.91% 74.00% 

C5 92.41% 71.20% 74.32% 95.26% 72.73% 90.61% 92.00% 

C6 92.83% 76.54% 68.13% 96.71% 72.09% 91.16% 86.00% 

C7 93.31% 71.25% 89.53% 93.95% 79.35% 91.73% 95.00% 

C8 82.09% 34.51% 38.81% 88.72% 36.53% 75.65% 76.00% 

C9 83.02% 35.96% 37.06% 89.99% 36.50% 77.16% 77.00% 

C10 87.40% 55.98% 51.24% 93.36% 53.51% 83.60% 83.00% 

C11 91.32% 74.40% 62.50% 96.29% 67.93% 89.04% 91.00% 

Average 88.53% 57.96% 57.96% 93.35% 57.75% 84.92% 84.27% 

 

  



81 

 

Bilayered Neural Network Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-5. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. The highest results were in C1 except for the precision in C5 and specificity in C6. 

at the same time, the lowest result was in C2 for precision, recall, F-measure, and AUC. Also, C8 contains the 

weakest results in Accuracy, specificity, and kappa. Then, the average of each accuracy evaluation 

measurement has been taken. The results shown ACC=86.71%, Precision=53.18%, Recall=53.82%, 

Specificity=92.21%, F1=52.89%, kappa=82.29%, and AUC-ROC=85.73%. 

 

Table 7-5: Bilayered Neural Network Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 94.27% 73.70% 99.50% 93.28% 84.68% 92.85% 99.00% 

C2 82.34% 30.71% 21.50% 92.16% 25.29% 75.92% 75.00% 

C3 82.45% 37.85% 40.50% 89.24% 39.13% 76.10% 86.00% 

C4 85.86% 51.22% 52.50% 91.52% 51.85% 81.26% 82.00% 

C5 93.30% 79.19% 78.00% 96.16% 78.59% 91.59% 92.00% 

C6 89.70% 72.54% 51.50% 96.52% 60.23% 86.73% 80.00% 

C7 89.43% 62.20% 76.50% 91.73% 68.61% 86.36% 90.00% 

C8 81.15% 35.63% 46.50% 86.66% 40.35% 74.04% 81.00% 

C9 83.15% 37.80% 31.00% 91.67% 34.07% 77.17% 84.00% 

C10 85.18% 48.21% 40.50% 92.69% 44.02% 80.25% 83.00% 

C11 86.99% 55.96% 54.00% 92.68% 54.96% 82.92% 91.00% 

Average 86.71% 53.18% 53.82% 92.21% 52.89% 82.29% 85.73% 
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Cubic SVM Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-6. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. The highest measurement showed in C1 for most evaluation methods. The specificity 

highest results in C6. While C2 has the lowest marks in precision, recall, F-measure, and AUC. Furthermore, 

C8 has lowest results in accuracy, specificity, and kappa. Then, the average of each accuracy evaluation 

measurement has been taken. The results shown ACC=86.71%, Precision=53.18%, Recall=53.82%, 

Specificity=92.21%, F1=52.89%, kappa=82.29%, and AUC-ROC=85.73%. 

 

Table 7-6: Cubic SVM Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 94.27% 73.70% 99.50% 93.28% 84.68% 92.85% 99.00% 

C2 82.34% 30.71% 21.50% 92.16% 25.29% 75.92% 75.00% 

C3 82.45% 37.85% 40.50% 89.24% 39.13% 76.10% 86.00% 

C4 85.86% 51.22% 52.50% 91.52% 51.85% 81.26% 82.00% 

C5 93.30% 79.19% 78.00% 96.16% 78.59% 91.59% 92.00% 

C6 89.70% 72.54% 51.50% 96.52% 60.23% 86.73% 80.00% 

C7 89.43% 62.20% 76.50% 91.73% 68.61% 86.36% 90.00% 

C8 81.15% 35.63% 46.50% 86.66% 40.35% 74.04% 81.00% 

C9 83.15% 37.80% 31.00% 91.67% 34.07% 77.17% 84.00% 

C10 85.18% 48.21% 40.50% 92.69% 44.02% 80.25% 83.00% 

C11 86.99% 55.96% 54.00% 92.68% 54.96% 82.92% 91.00% 

Average 86.71% 53.18% 53.82% 92.21% 52.89% 82.29% 85.73% 
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We evaluated different classifiers. The average measures of the best classification method have been 

compared. the wide neural network had the best results in Accuracy (ACC), Precision (Pre), Recall, Specificity 

(Sp), F-measure (F1), and Kappa. At the same time, best results in AUC were shown in the narrow neural 

network. Also, the neural network and SVM classifiers have the highest results in providing the best accuracy 

of the fastest training data, which is very important, as shown in Figure 7.1-2. 

 

 
Figure 7.1-2 Average Percentage Accuracy of real time PQDs 
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7.2 Eleven Classes with VMD Feature Extraction Results 

 

The percentage accuracy values, obtained for different studied classifiers, for the case of dataset with 

VMD based features extraction are summarized. Figure 7.2-1 represents 29 classifiers, which calculated the 

average identification performance of eleven classes after applying the VMD extraction method. The bagged 

tree classifier has the highest accuracy, while the coarse tree classifier has the lowest accuracy. 

 

 
Figure 7.2-1 Accuracy percentage per classifier with VMD Extraction. 
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The results of best six classifiers compared data accuracy measurements as following: 

 

Bagged Trees Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-7. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. Then, the average of each accuracy evaluation measurement has been taken. After 

VMD, the bagged tree classifier results have been improved. Several classes have the same high results as 

follows. The accuracy highest results were in C5 and C6 equal. The precision highest values were in C3 and 

C5. In Recall measures, C1, C6, and C7 predict 100% of data as C3 and C5 in specificity measures. Both C5 

and C6 have the highest results in F-measures. The area under curve ROC results for most classes were 100% 

except for C2 and C4. Even the lowest marks in the evaluation measures positively impacted most classes. The 

results shown ACC=99.35%, Precision=96.57%, Recall=96.50%, Specificity=99.64%, F1=96.51%, 

kappa=99.27%, and AUC-ROC=99.82%. 

 

Table 7-7: Bagged Trees Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 99.86% 98.52% 100.00% 99.84% 99.26% 99.84% 100.00% 

C2 97.52% 87.24% 85.50% 98.74% 86.36% 97.21% 99.00% 

C3 99.72% 100.00% 97.00% 100.00% 98.48% 99.69% 100.00% 

C4 97.79% 85.51% 91.50% 98.43% 88.41% 97.52% 99.00% 

C5 99.95% 100.00% 99.50% 100.00% 99.75% 99.95% 100.00% 

C6 99.95% 99.50% 100.00% 99.95% 99.75% 99.95% 100.00% 

C7 99.81% 98.04% 100.00% 99.79% 99.01% 99.79% 100.00% 

C8 99.44% 97.47% 96.50% 99.74% 96.98% 99.38% 100.00% 

C9 99.62% 98.48% 97.50% 99.84% 97.99% 99.58% 100.00% 

C10 99.30% 98.43% 94.00% 99.85% 96.16% 99.22% 100.00% 

C11 99.91% 99.01% 100.00% 99.90% 99.50% 99.90% 100.00% 

Average 99.35% 96.57% 96.50% 99.64% 96.51% 99.27% 99.82% 
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Boosted Tree Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-8. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. After VMD, the boosted tree classifier results have been improved. Several classes 

have the same high results as follows. The accuracy and  precision highest results were in C5 and C6 equal. In 

Recall measures, C1 predict 100% of data as C5 and C6 in specificity measures. Both C5 and C6 have the 

highest results in F-measures and kappa measures. The area under curve ROC results for most classes were 

100% except for C2 and C4. Even the lowest marks in the evaluation measures positively impacted accuracy, 

specificity, kappa, and AUC. Then, the average of each accuracy evaluation measurement has been taken. The 

results shown ACC=99.16%, Precision=95.75%, Recall=95.50%, Specificity=99.54%, F1=95.50%, 

kappa=99.06%, and AUC-ROC=99.82%. 

 

Table 7-8: Boosted Tree Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 99.86% 98.52% 100.00% 99.84% 99.26% 99.84% 100.00% 

C2 96.69% 87.21% 75.00% 98.88% 80.65% 96.24% 99.00% 

C3 99.67% 98.49% 98.00% 99.84% 98.25% 99.63% 100.00% 

C4 97.13% 78.51% 95.00% 97.35% 85.97% 96.76% 99.00% 

C5 99.95% 100.00% 99.50% 100.00% 99.75% 99.95% 100.00% 

C6 99.95% 100.00% 99.50% 100.00% 99.75% 99.95% 100.00% 

C7 99.53% 96.12% 99.00% 99.58% 97.54% 99.47% 100.00% 

C8 99.15% 96.43% 94.50% 99.64% 95.45% 99.05% 100.00% 

C9 99.67% 98.98% 97.50% 99.90% 98.24% 99.63% 100.00% 

C10 99.29% 99.47% 93.00% 99.95% 96.12% 99.21% 100.00% 

C11 99.90% 99.50% 99.50% 99.95% 99.50% 99.89% 100.00% 

Average 99.16% 95.75% 95.50% 99.54% 95.50% 99.06% 99.82% 
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Fine Tree Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-9. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. After VMD, the fine tree classifier results have been improved. C5 has the highest 

marks in most measurements except recall measures in C1. while C2 has the lowest results for all measures. 

Then, the average of each accuracy evaluation measurement has been taken. The results shown ACC=98.98%, 

Precision=94.63%, Recall=94.59%, Specificity=99.44%, F1=94.60%, kappa=98.85%, and AUC-

ROC=98.18%. 

 

 

Table 7-9: Fine Tree Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 99.71% 97.09% 100.00% 99.68% 98.52% 99.68% 100.00% 

C2 96.84% 82.04% 84.50% 98.10% 83.25% 96.41% 95.00% 

C3 99.19% 96.45% 95.00% 99.63% 95.72% 99.10% 98.00% 

C4 97.47% 86.87% 86.00% 98.66% 86.43% 97.14% 96.00% 

C5 99.95% 100.00% 99.50% 100.00% 99.75% 99.95% 100.00% 

C6 99.00% 94.53% 95.00% 99.42% 94.76% 98.89% 97.00% 

C7 99.05% 94.12% 96.00% 99.37% 95.05% 98.94% 97.00% 

C8 99.14% 96.43% 94.50% 99.63% 95.45% 99.04% 99.00% 

C9 99.52% 97.50% 97.50% 99.74% 97.50% 99.47% 99.00% 

C10 99.00% 96.37% 93.00% 99.63% 94.66% 98.89% 99.00% 

C11 99.90% 99.50% 99.50% 99.95% 99.50% 99.89% 100.00% 

Average 98.98% 94.63% 94.59% 99.44% 94.60% 98.85% 98.18% 
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Quadratic SVM Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-10. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. After VMD, the Quadratic SVM classifier results have been improved. C1 has the 

highest marks for all measurements. at the same time, C2 has the lowest effects for all measures. AUC results 

were the highest in most classes. While C2, C4, C5, C8, and C9 were leas with small deferents. Then, the 

average of each accuracy evaluation measurement has been taken. The results shown ACC=98.68%, 

Precision=93.21%, Recall=93.09%, Specificity=99.27%, F1=93.09%, kappa=98.51%, and AUC-

ROC=99.55%. 

 

Table 7-10: Quadratic SVM Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 

C2 97.02% 83.74% 85.00% 98.27% 84.37% 96.61% 99.00% 

C3 99.32% 96.50% 96.50% 99.62% 96.50% 99.24% 100.00% 

C4 97.48% 85.51% 88.50% 98.42% 86.98% 97.15% 99.00% 

C5 99.03% 92.06% 98.50% 99.09% 95.17% 98.92% 99.00% 

C6 99.51% 96.57% 98.50% 99.62% 97.52% 99.46% 100.00% 

C7 99.32% 97.94% 95.00% 99.79% 96.45% 99.24% 100.00% 

C8 98.23% 88.26% 94.00% 98.67% 91.04% 98.01% 99.00% 

C9 98.13% 92.59% 87.50% 99.26% 89.97% 97.90% 99.00% 

C10 98.41% 97.18% 86.00% 99.73% 91.25% 98.22% 100.00% 

C11 98.99% 94.97% 94.50% 99.46% 94.74% 98.87% 100.00% 

Average 98.68% 93.21% 93.09% 99.27% 93.09% 98.51% 99.55% 
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Wide Neural Network Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-11. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. After VMD, the wide nural network classifier results have been improved. C1 has 

most of the highest measurement marks except for precision in C3. Simultaneously, C2 has the lowest effects 

for all measures. The highest AUC results in C1 and C6 were leas with small deferens. Then, the average of 

each accuracy evaluation measurement has been taken. The results shown ACC=98.62%, Precision=92.81%, 

Recall=92.77%, Specificity=99.23%, F1=92.78%, kappa=98.44%, and AUC-ROC=98.36%. 

 

Table 7-11: Wide Neural Network Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 99.56% 96.59% 99.00% 99.62% 97.78% 99.51% 100.00% 

C2 96.09% 78.82% 80.00% 97.77% 79.40% 95.53% 95.00% 

C3 99.42% 97.96% 96.00% 99.78% 96.97% 99.35% 99.00% 

C4 96.78% 82.67% 83.50% 98.17% 83.08% 96.33% 96.00% 

C5 99.03% 94.55% 95.50% 99.41% 95.02% 98.92% 99.00% 

C6 99.51% 96.57% 98.50% 99.62% 97.52% 99.46% 100.00% 

C7 99.03% 93.69% 96.50% 99.30% 95.07% 98.92% 99.00% 

C8 98.55% 93.37% 91.50% 99.31% 92.42% 98.38% 98.00% 

C9 98.74% 94.85% 92.00% 99.46% 93.40% 98.59% 98.00% 

C10 98.89% 95.85% 92.50% 99.57% 94.15% 98.75% 99.00% 

C11 99.17% 95.98% 95.50% 99.57% 95.74% 99.08% 99.00% 

Average 98.62% 92.81% 92.77% 99.23% 92.78% 98.44% 98.36% 
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Medium Neural Network Results: 

The confusion matrix used to evaluate the results outcome of each classifier. The fine tree is shown in 

table 7-12. We calculated the accuracy, precision, specificity, recall, F-measure, kappa, and the area under the 

ROC curve for each class. Then, the average of each accuracy evaluation measurement has been taken. After 

VMD, the medium nural network classifier results showed an improvement in overall measurements. C1 has 

the highest measurement results in the recall, F-measure, and AUC. Also, C3 has the highest measurement 

results in precision and specificity. Furthermore, C6 has the highest measurement results in accuracy and kappa 

measures. Simultaneously, C2 has the lowest effects for all actions. The results shown ACC=98.54%, 

Precision=92.50%, Recall=92.41%, Specificity=99.19%, F1=92.43%, kappa=98.35%, and AUC-

ROC=97.91%. 

 

Table 7-12: Medium Neural Network Results 

RF Accuracy Precision Recall Specificity F1 Kappa AUC 

C1 99.46% 96.10% 98.50% 99.57% 97.28% 99.40% 100.00% 

C2 95.76% 77.23% 78.00% 97.61% 77.61% 95.14% 93.00% 

C3 99.36% 98.95% 94.50% 99.89% 96.68% 99.29% 99.00% 

C4 96.81% 82.44% 84.50% 98.11% 83.46% 96.37% 96.00% 

C5 99.07% 95.02% 95.50% 99.46% 95.26% 98.97% 99.00% 

C6 99.51% 97.98% 97.00% 99.78% 97.49% 99.46% 99.00% 

C7 98.83% 92.31% 96.00% 99.14% 94.12% 98.69% 99.00% 

C8 98.26% 89.81% 92.50% 98.88% 91.13% 98.04% 97.00% 

C9 98.64% 94.79% 91.00% 99.46% 92.86% 98.48% 98.00% 

C10 98.88% 95.85% 92.50% 99.57% 94.15% 98.75% 98.00% 

C11 99.36% 96.98% 96.50% 99.67% 96.74% 99.29% 99.00% 

Average 98.54% 92.50% 92.41% 99.19% 92.43% 98.35% 97.91% 
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Different classifiers has been evaluated after applying VMD feature extraction. The decision tree, neural 

network and SVM classifiers have the highest results in providing the best accuracy of the fastest training data, 

which is very important, as shown in Figure 7.2-2. The average measures of the best six classification methods 

have been compared. the bagged tree had the best results in Accuracy (ACC), Precision (Pre), Recall, 

Specificity (Sp), F-measure (F1), Kappa, and AUC. 

 

 
Figure 7.2-2 The results of best classifiers compared data accuracy measurements as following 
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After that, we collected the average output for the classifiers of instance signals before applying VMD 

for comparison, as shown in Table 7-13. The compared results indicate that the coarse tree has the lowest 

results. In comparison, the wide neural network has the highest accuracy results. wide neurall network had the 

best results. The Accuracy (ACC) percentage was 92.78%. Precision (Pre) percentage was 70.25%. The recall 

percentage was 69.54%. The specificity (Sp) percentage was 95.90%. The F-measure (F1) percentage was 

69.57%. Kappa percentage was91.05%, and 86.55% for AUC. On the other hand, the Coarse tree had the worst 

results in Accuracy (ACC) percentage by 53.74%. Precision (Pre) percentage was 10.79%. The recall 

percentage was 14.30%. The specificity (Sp) percentage was 80.46%. The F-measure (F1) percentage was 

9.14%. Kappa percentage was 4.12%, and 55.09% for AUC.  

 

Table 7-13: Average percentage Accuracy of real time data 

classification Average 

Results 
Accuracy Precision Recall Specificity F1 Kappa 

AUC-

ROC 

wide neural network 92.78% 70.25% 69.54% 95.90% 69.57% 91.05% 86.55% 

Quadratic SVM 92.00% 67.80% 67.00% 95.50% 66.90% 90.00% 95.10% 

medium neural network 91.60% 62.77% 62.35% 95.17% 62.18% 89.39% 86.18% 

narrow neural network  88.53% 57.96% 57.96% 93.35% 57.75% 84.92% 84.27% 

Bilayered neural network 86.71% 53.18% 53.82% 92.21% 52.89% 82.29% 85.73% 

Cubic SVM 86.04% 54.42% 52.55% 91.85% 52.36% 81.04% 90.55% 

Bagged Trees 85.93% 52.77% 52.20% 91.78% 51.30% 81.09% 86.30% 

fine Gaussian SVM  81.11% 43.11% 43.31% 88.66% 42.38% 73.05% 87.55% 

trilayered neural network 80.29% 41.04% 42.23% 88.10% 40.90% 71.53% 68.36% 

fine tree 79.00% 45.12% 39.86% 87.72% 40.36% 68.76% 73.55% 

fine KNN  77.00% 43.95% 37.00% 86.77% 36.50% 64.78% 65.40% 

subspace knn  76.81% 44.09% 36.70% 86.71% 36.30% 64.30% 66.30% 

weighted knn  71.20% 40.23% 29.60% 83.92% 27.50% 51.56% 76.80% 

medium Gaussian SVM 69.60% 31.81% 28.64% 81.50% 28.51% 49.04% 83.55% 

medium knn 68.90% 42.51% 27.00% 82.80% 25.40% 45.62% 72.80% 

subspace discriminant  68.79% 32.03% 26.60% 82.99% 24.20% 44.71% 68.70% 

cubic knn  67.29% 42.57% 25.80% 81.57% 23.70% 42.23% 73.20% 

Boosted Trees 65.39% 28.80% 22.95% 82.39% 19.86% 34.33% 63.09% 

cosine knn 63.42% 41.17% 21.30% 81.64% 19.10% 28.76% 67.00% 

Kernel Naive Bayes 63.38% 28.23% 23.46% 77.15% 23.18% 33.20% 58.36% 

Gaussian Naive Bayes 63.04% 23.96% 23.08% 76.56% 21.58% 33.82% 58.82% 

Linear Discriminant 62.88% 27.39% 23.15% 76.30% 22.52% 33.53% 55.18% 

RUSBoosted Tree  62.86% 0.00% 19.20% 85.71% 13.70% 21.40% 58.70% 

Medium Tree 62.36% 23.15% 18.91% 85.40% 13.53% 20.17% 59.00% 

coarse knn 62.23% 29.54% 21.20% 78.76% 20.70% 28.01% 72.90% 

Linear SVM 56.06% 21.26% 17.23% 75.33% 14.38% 10.71% 54.36% 

coarse Gaussian SVM 54.09% 19.11% 16.68% 71.37% 15.00% 7.63% 61.91% 

Caorse Tree  53.74% 10.79% 14.30% 80.46% 9.14% 4.12% 55.09% 
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Also, we collected the average output for the classifiers after applying VMD on PQDs signals, as shown 

in Table 7-14. The compared results indicate that the coarse tree has the lowest results. In contrast, bagged trees 

have the highest accuracy results. The bagged tree had the best results. The Accuracy (ACC) percentage was 

99.35%. Precision (Pre) percentage was 96.57%. The recall percentage was 96.50%. The specificity (Sp) 

percentage was 99.64%. The F-measure (F1) percentage was 96.51%. Kappa percentage was 99.27%, and 

99.82% for AUC. On the other hand, the Coarse tree had the worst results in Accuracy (ACC) percentage by 

84.21%. Precision (Pre) percentage was 24.16%. The recall percentage was 36.00%. The specificity (Sp) 

percentage was 92.40%. The F-measure (F1) percentage was 26.40%. Kappa percentage was 74.45%, and 

87.36% for AUC. 

 

Table 7-14: Average percentage Accuracy of 11 classes after VMD feature extraction 

classification Average 

Results 
Accuracy Precision Recall Specificity F1 Kappa 

AUC-

ROC 

bagged trees 99.35% 96.57% 96.50% 99.64% 96.51% 99.27% 99.82% 

boosted tree 99.16% 95.75% 95.50% 99.54% 95.50% 99.06% 99.82% 

fine tree 98.98% 94.63% 94.59% 99.44% 94.60% 98.85% 98.18% 

Quadratic SVM 98.68% 93.21% 93.09% 99.27% 93.09% 98.51% 99.55% 

wide neural network 98.62% 92.81% 92.77% 99.23% 92.78% 98.44% 98.36% 

medium neural network 98.54% 92.50% 92.41% 99.19% 92.43% 98.35% 97.91% 

Cubic SVM 98.54% 92.58% 92.41% 99.19% 92.42% 98.35% 99.45% 

linear SVM 98.47% 92.28% 92.18% 99.15% 92.09% 98.27% 99.55% 

narrow neural network 98.45% 92.01% 92.00% 99.14% 91.99% 98.25% 97.45% 

bilayered Neural 

Network 
98.38% 91.67% 91.64% 99.10% 91.64% 98.17% 97.91% 

Trilayered neural 

network 
98.32% 91.42% 91.36% 99.07% 91.39% 98.10% 97.55% 

medium tree 98.25% 91.75% 90.93% 99.04% 90.94% 98.00% 98.09% 

medium gaussian SVM 98.16% 90.80% 90.59% 98.98% 90.60% 97.91% 99.45% 

RUSBoosted trees 98.13% 91.26% 90.36% 98.97% 90.34% 97.86% 97.91% 

subspace discriminant 96.95% 87.73% 85.09% 98.30% 84.89% 96.47% 98.27% 

coarse Gaussian SVM 96.40% 83.53% 82.77% 97.99% 82.56% 95.80% 99.00% 

weighted knn 95.58% 79.75% 79.50% 97.51% 79.08% 94.78% 96.82% 

Gaussian naive bayes 95.22% 79.64% 78.00% 97.31% 77.57% 94.30% 94.36% 

Meduim KNN 95.09% 78.14% 77.64% 97.24% 77.46% 94.18% 96.36% 

cosine knn 95.06% 78.18% 77.55% 97.21% 76.80% 94.13% 96.18% 

fine KNN 94.14% 75.51% 74.93% 96.72% 74.33% 92.90% 87.73% 

cubic knn 93.13% 72.00% 70.77% 96.12% 70.74% 91.60% 94.45% 

coarse knn 91.53% 68.96% 66.00% 95.19% 65.86% 89.46% 93.91% 

kernel naive bayes 90.56% 72.51% 63.09% 94.75% 63.91% 88.03% 85.82% 

SVM kernel 89.54% 60.17% 60.32% 93.97% 59.65% 86.51% 91.09% 

Logistic Regression 

kernel 
87.97% 56.51% 56.64% 93.01% 55.79% 84.23% 89.36% 

subspace KNN 87.82% 56.09% 55.87% 92.94% 55.81% 83.81% 85.27% 

fine gaussian svm 86.12% 79.12% 48.59% 93.94% 53.29% 78.91% 89.55% 

coarse tree 84.21% 24.16% 36.00% 92.40% 26.96% 74.45% 87.36% 
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CHAPTER 8. DISCUSSION 

The power quality (PQ) disruptions assessment is essential to guarantee high-quality power generations 

in smart grids. This thesis determined the PQ disturbances model based on IEEE 1159-2019 standard. The 

outcome of the model evaluated the performance of the devised system. In this work, we evaluated 11 classes 

as final results, including the following cases transient, oscillatory transient, flicker, harmonics, interruption, 

sag, swell, notch, harmonics with sag with flicker, harmonics with swell with flicker, and swell with transient 

oscillatory signals by using the MATLAB-based event-driven sensing models. At first, we used EMD feature 

extraction and applied it to instant PQDs. Comparing the trained data between instant PQDs and extracted data 

using EMD feature extraction indicate an accuracy improvement by 10.79%. Then, the VMD feature extraction 

method was used to improve the outcome of our system. The improvement percentage of classifiers average 

results after applying the VMD feature extraction method is represented in table 8-1. The average 

measurements improvement range after using the VMD feature extraction method was between 10.05% to 

60.38%. The most significant improvement in the linear SVM classifier has been shown by 60.38% of average 

measurements. The main objective of Identifying the PQDs in a hybrid smart grid by building a classifying 

model based on the IEEE 1159-2019 was accomplished. 

 

Table 8-1 Improvement Percentage of Classification Average Results after Applying VMD Feature 

Extraction Method 

Improvement 
Percentage of 

Classification Average 
Results 

Accuracy Precision Recall Specificity F1 Kappa 
AUC-
ROC 

Average of 
measurements 
improvement 

Linear SVM 42.41% 71.02% 74.95% 23.82% 77.71% 87.56% 45.19% 60.38% 

RUSBoosted Tree  35.27% 91.26% 71.16% 13.26% 76.64% 76.46% 39.21% 57.61% 

coarse Gaussian SVM 42.31% 64.42% 66.09% 26.62% 67.56% 88.17% 37.09% 56.04% 

Medium Tree 35.89% 68.60% 72.02% 13.64% 77.41% 77.83% 39.09% 54.93% 

Boosted Trees 33.77% 66.95% 72.55% 17.15% 75.64% 64.73% 36.73% 52.50% 

Gaussian Naive Bayes 32.18% 55.68% 54.92% 20.75% 55.99% 60.48% 35.54% 45.08% 

subspace discriminant  28.16% 55.70% 58.49% 15.31% 60.69% 51.76% 29.57% 42.81% 

medium Gaussian 
SVM 

28.56% 58.99% 61.95% 17.48% 62.09% 48.87% 15.90% 41.98% 

cosine knn 31.64% 37.01% 56.25% 15.57% 57.70% 65.37% 29.18% 41.82% 

coarse knn 29.30% 39.42% 44.80% 16.43% 45.16% 61.45% 21.01% 36.80% 

Kernel Naive Bayes 27.18% 44.28% 39.63% 17.60% 40.73% 54.83% 27.46% 35.96% 

medium knn 26.19% 35.63% 50.64% 14.44% 52.06% 48.56% 23.56% 35.87% 

fine tree 19.98% 49.51% 54.73% 11.72% 54.24% 30.09% 24.63% 34.99% 

weighted knn  24.38% 39.52% 49.90% 13.59% 51.58% 43.22% 20.02% 34.60% 

trilayered neural 
network 

18.03% 50.38% 49.13% 10.97% 50.49% 26.57% 29.19% 33.54% 

cubic knn  25.84% 29.43% 44.97% 14.55% 47.04% 49.37% 21.25% 33.21% 

Bagged Trees 13.42% 43.80% 44.30% 7.86% 45.21% 18.18% 13.52% 26.61% 

fine KNN  17.14% 31.56% 37.93% 9.95% 37.83% 28.12% 22.33% 26.41% 

Cubic SVM 12.50% 38.16% 39.86% 7.34% 40.06% 17.31% 8.90% 23.45% 

Bilayered neural 
network 

11.67% 38.49% 37.82% 6.89% 38.75% 15.88% 12.18% 23.10% 

narrow neural 
network  

9.92% 34.05% 34.04% 5.79% 34.24% 13.33% 13.18% 20.65% 
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Improvement 
Percentage of 

Classification Average 
Results 

Accuracy Precision Recall Specificity F1 Kappa 
AUC-
ROC 

Average of 
measurements 
improvement 

medium neural 
network 

6.94% 29.73% 30.06% 4.02% 30.25% 8.96% 11.73% 17.38% 

subspace knn  11.01% 12.00% 19.17% 6.23% 19.51% 19.51% 18.97% 15.20% 

Quadratic SVM 6.68% 25.41% 26.09% 3.77% 26.19% 8.51% 4.45% 14.44% 

wide neural network 5.84% 22.56% 23.23% 3.33% 23.21% 7.39% 11.81% 13.91% 

fine Gaussian SVM  5.01% 36.01% 5.28% 5.28% 10.91% 5.86% 2.00% 10.05% 
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CHAPTER 9. CONCLUSION, FUTURE WORK, RECOMMENDATIONS, AND SCIENTIFIC 

CONTRIBUTION 

There are several factors that can be accounted as limitations and could affect the project's progress. One is 

my limited experience in the MATLAB based system modelling and analysis. Another limitation is the 

experience of the student in features extraction and pattern recognition. In addition, the idea of embedding the 

Event – Driven sensing and processing in PQ Disturbances elucidators is quite novel and     therefore there is 

a lack of references available in this regard. We assume that it will result in energy efficient and simple 

hardware realizations as compared to the counter classical sensing and processing-based approaches. This 

Study is well aligned with the 2030 vision of Saudi Arabia and can be well integrated in the NEOM smart 

metering system. The solution has a potential, and it could be commercialized in collaboration with the 

authorities and the industrial partners in Saudi Arabia. This thesis will determine the PQ disturbances model 

based on IEEE 1159-2019 standard. The outcome of the model will be utilized for evaluating the performance 

of devised system. Firstly, the signal reconstruction will be performed in order to realize quasi analog signals. 

In this context mature and precise cubic-spline interpolators-based signal reconstruction algorithms are sued. 

The outcome of the model evaluated the performance of the devised system. In this work, we evaluated 

11 classes as final results, including the following cases transient, oscillatory transient, flicker, harmonics, 

interruption, sag, swell, notch, harmonics with sag with flicker, harmonics with swell with flicker, and swell 

with oscillatory transient signals by using the MATLAB-based event-driven sensing models. At first, we used 

EMD feature extraction and apply on real time PQDs. The comparison of the trained data between real time 

PQDs and extracted data using VMD feature extraction. The average results of the VMD feature extraction 

method of classifiers showed an improvement percentage between 10.05% to 60.38%.Acuurecy and speed 

has been rised. The most significant improvement in the linear SVM classifier has been shown by 60.38% of 

average measurements. The main objective of Identifying the PQDs in a hybrid smart grid by building a 

classifying model based on the IEEE 1159-2019 was accomplished. 

 

The incorporation of event-driven processing Variational Mode Decomposition and machine learning 

algorithms to enhance the existing PQD elucidators.  This will help to select best practices for energy 

management system EMS and  Power management systems PMS devices to improve the performance of smart 

grids, which is related to the KSA 2030 vision. The classification improves defining PQDs. That will help the 

smart grid to reach maximum power and increase its affection. Assuming that it will result in rising energy 

efficiency and simple hardware along with lower latency realizations compared to the classical counter sensing 

and processing-based approaches. This Study is well aligned with the 2030 vision of Saudi Arabia and can be 

well integrated into the NEOM smart metering system. The solution has potential and could be 

commercialized in collaboration with the authorities and industrial partners in Saudi Arabia.  

 

In future works this project could implement to enhance energy management systems (EMS) and 

power management systems (PMS). This will help power engineers mitigate PQDs in smart grids specially 

with critical loads. The mitigation of PQD process include in controlling systems along with sensors as shown 

in figure 9-1. 
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Figure 9-1 Mitigation of PQDs 
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CHAPTER 10. PUBLICATIONS 

A paper that got accepted and presented in the Rii Forum 2022 (https://rii-forum.org/) under the title of "Power 

Quality Disturbances Classification based on the Machine Learning Algorithms" The conference was 

held between the 20th to 22nd of April 2022 in Technopolis City of Athens. The paper has been published in 

the conference proceedings and will be indexed in Scopus. 

 

 
  



99 

 

Another paper that got accepted in the IEEE 22nd International Conference on Environmental and 

Electrical Engineering (EEEIC-2022) (https://www.eeeic.net/eeeic/) under the title of " Power Quality 

Disturbances Identification based on the Oscillatory Mode Decomposition and Machine Learning ". 

The conference held between the June 28th 2022 to July 1st 2022 in Prague, Czech Republic. This conference 

is technically supported by the IEEE Power and Energy Society. The paper will be indexed in IEEE Explorer 

and Scopus. 
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CHAPTER 11. TIME LINE 
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