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Abstract 

One of the important developments in the electric power system is the fast 
increasing amount of data. An example of such data is formed by the voltages and 
currents coming from power-quality measurements. Power quality disturbances like 
voltage dips, harmonics and voltage transient can have a serious negative impact on 
the performance of equipment exposed to such disturbances. Voltage dips, short 
duration reductions in voltage magnitude, are especially considered as important 
disturbances because they regularly lead to stoppages in industrial process 
installations and subsequently to high costs. 

The overall aim of this dissertation is the development of automatic analysis 
methods and other methods for extracting information from large amounts of power-
quality data. This includes, methods to detect and extract event characteristics from 
recorded data and classify the events, for instance, based on their origins or their 
impact on equipment. The classification facilitates further analysis steps including 
reasoning and interpretation. Once the data corresponding to each class is available, a 
proper characterization method can be used to create more semantic data useful for 
information extraction. The resulting information can be used to improve the 
performance of the whole system, e.g., updating grid-codes, or immunity 
requirements of sensitive installations or processes.  

This dissertation proposes different methods to fulfil each one of the above-
mentioned steps. It proposes particularly a space-phasor model (SPM) of the three 
phase-to-neutral voltages as basis for analytic methods. The SPM is especially 
suitable as it is a time-domain transform without loss of any information. Another 
important contribution of the work is that most of the developed methods have been 
applied to a large dataset of about 6000 real-world voltage dips measured in existing 
HV and MV power networks.  

The main contributions of this dissertation are as follows: 

A complete framework has been proposed for automatic voltage quality analysis 
based on the SPM. The SPM has been used before, but this is the first time it has been 
used in a framework covering a range of voltage quality disturbances. A Gaussian-
based anomaly detection method is used to detect and extract voltage quality 
disturbances. A principal component analysis (PCA) algorithm is used for event 
characterization. The obtained single-event characteristics are used to extract 
additional information like origin, fault type and location.   

Two deep learning-based voltage dip classifier has been developed. In both 
classifier a 2D convolutional neural network (2D-CNN) architecture has been 
employed to perform automatic feature extraction task. The soft-max activation 
function fulfills supervised classification method in first classifier. The second 
classifier uses a semi-supervised classification method based on generative-
discriminative model pairs in active learning context.  

The same SPM was shown to enable the effective extraction of dip characteristics 
for multi-stage voltage dips. Applying the k-means clustering algorithm, the event is 
clustered into its individual stages. For each stage of the dip, a logistic regression 
algorithm is used to characterize that stage. The proposed method offers a new 
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solution to the problem with transition segments that is one of the main challenges of 
existing methods for characterization of multi-stage dips.    

It is also shown in the dissertation that the SPM is an effective method for voltage 
transient analysis. It is possible to extract corresponding sample data and get 
appropriate single-event characteristics.  

A systematic way has been developed and applied for comparing different sets of 
voltage dip characteristics. With this method, both measured and synthetic voltage 
dips are applied to generic models of sensitive loads. The best set of characteristics is 
the one most accurately reproducing the behavior of equipment when exposed to 
measured voltage dips.  

The dissertation further contains a number of practical applications of the before-
mentioned theoretical contributions: a proposal to an international standard-setting 
group; energy storage for voltage-dip ride-through of microgrids; impact of different 
voltage dips on wind-power installations. 

Keywords: Electric Power Systems, Power Quality, Voltage Dips, Big Data, 
Machine Learning, Deep Learning, Active Learning, Gaussian Mixture Model, Wind 
Turbine. 
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1 Introduction 
1.1 Background 

The main drivers of the research presented in this dissertation are: large and 
increasing data volumes in power systems; the need for an acceptable power 
quality.  
An important part of recent and expected power system development is the huge 
growth in the number of measurement and monitoring systems. This results in a 
large amount of measurement data: this data can be in the form of actual data 
taking up storage space; but it can also be data that is only processed but not 
stored.  
Power quality (PQ) concerns the electrical interaction between equipment and the 
grid or between a customer installation and the rest of the grid. The aim of all 
work on power quality is, in the end, to ensure a sufficiently low probability of 
interference (equipment failure, mal-trip, etc.). Power quality is an important 
concept that is seriously considered as part of the performance of modern 
electrical power systems.  
The power quality field has changed a lot during the last two decades. New 
equipment connected to the grid has resulted in changes in emission, transfer and 
immunity for power quality disturbances [1][2]. The installation of modern 
devices (known as “smart-grid equipment”) in the grid also impacts the power 
quality [3]. 
Permanent power quality monitoring is considered as an important part towards 
the aim of maintaining an acceptable power quality, hence a low probability of 
interference. Data from permanent power quality monitors is one of the 
contributors to the large amounts of data that are one of the drivers behind this 
dissertation. On the research side, a large number of advanced signal processing 
and machine learning algorithms have become available, that have found their 
way into power-quality research but not yet much into practical applications [4]-
[6]. These algorithms are expected to play an important role in handling such large 
amounts of data, but also in making use of the opportunities offered by the data. 
Conventionally power quality monitoring was carried out by continuous 
measurement of voltage and current as time sequential quantities [7]. A 
compression of the data was made, recording values representing typically 10-
minute windows, and additional characteristics or waveforms for power quality 
events like voltage dips or transients. The collected data was supervised by human 
experts and data analysis performed automatically or manually or by using 
traditional signal processing techniques like Discrete Fourier transform (DFT) [8], 
or root-mean-square, rms [9]. 
Artificial intelligence (AI) was founded as an academic discipline in the late 60’s, 
and AI- based methods are gradually introduced as main data analytics methods 
[10]. The artificial neural networks (ANNs) are one of the earliest AI methods that 
were widely used for data classification.  
Other AI methods i.e., neural networks [11]-[13], expert systems [14], machine 
learning (ML) methods (decision trees (DT) [15], support vector machines (SVM) 
[16][17]) show a good performance particularly in terms of data classification and 
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data characterization since those methods can cope with data non-linearity in a 
supervised manner. However, the required primary features for such methods 
were provided either by the human expertise or using traditional signal processing 
techniques (e.g. DFT) [18].  
One of the first applications of AI methods for PQ data analysis was using 
artificial neural networks (ANNs) for voltage dip classification and 
characterization [13]. Other AI methods such as expert systems [14] and support 
vector machines (SVMs) [17] have been applied for voltage dip classification on 
small datasets.  
The existing power system data can be described as heterogeneous data with 
specific complexities, next to ‘volume’, such as: ‘variety’, ‘velocity’, ‘veracity’. 
Data with these properties is commonly referred to as ‘Big Data’ [19]. 
As mentioned before, the main drawback of earlier AI methods in dealing with 
such data is their need to hand-crafted features, i.e. engineered by human expertise 
[20]. Further, such model-based shallow learning architectures may fall short 
when attempting to handle more complex data [21]. Working on machine learning 
(ML) methods, recently the new paradigm “deep learning (DL)”, allows for a 
completely new approach to handle data [22] [23].  
The main advantage of deep leaning algorithms is automatically extracting 
features suitable for classification, interpretation and information extraction [24] 
[25].   
Using deep learning for PQ analytics enables early understanding of the PQ 
disturbances and also allows for recognizing latent patterns in data which could be 
considered as unseen disturbances. The application of deep learning methods to 
PQ monitoring data potentially results in further information about power systems 
such as: 

 Realizing the nature of the possible interference due to voltage disturbances 
(e.g., unwanted trips, failures, malfunctioning, etc.) 

 Strategies for sensitive equipment modifications (e.g. updating grid codes or 
immunity criteria) 

 Monitoring the frequency of each individual type of PQ events 

 Detecting coincident events or known operations (e.g., transients due to 
capacitor energizing)  

 Detecting possible event origins (electrical faults, transformer energizing, 
motor starting, capacitor, cable or power electronic device switching, etc.) 

 Extracting electrical system information (real-time trends, fault type and 
location, transformer sizes and impedances, load information, capacitor 
information, cable or line impedance, etc.) 

This dissertation concerns only short-time PQ disturbances: especially voltage 
dips and transients, the dissertation aids in developing suitable data analytic 
methods based on machine learning and deep learning techniques. 
The main aim of analysing PQ data is detecting, extracting and analysing potential 
PQ events in order to enhance corresponding power system using analytical 
results to avoid or reducing the probability of interference. 
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1.2 Motivation 
The amount of data from power quality monitors is increasing fast and showing 
most or all of the properties associated with Big Data. One of the consequences of 
this is that automatic analysis methods are needed to handle such data for example 
to extract information suitable for decision making. Two types of information 
from PQ data can be extracted: information on the potential impact of PQ 
disturbances on equipment; information on the underlying cause of the PQ 
disturbances.  
The first type of information is useful to increase ride-through capability of 
sensitive devices (e.g., grid codes, immunity curves, suitable control systems, 
protection system setting) or to quantify the performance of the supply. Voltage-
dip characteristics have this as an aim, for example. The second type of 
information is useful to enhance and improve corresponding power network to 
avoid such disturbances (protection of overhead lines, grounding systems, etc.) 
and in that way reduce the number of cases of interference. 
Further, the number of sensitive loads to power quality disturbances (e.g., wind 
turbines) continuous to rise. Proper analytic methods are needed to investigate the 
behaviour of sensitive loads during PQ disturbances regarding different 
characteristics and how to quantify how they impact the sensitive load behaviour. 

1.3 Scope of the Dissertation 
This dissertation is directed towards further developments on power quality data 
analytics. The dissertation contributes to this field in three different ways: 

 Further development and application of machine learning methods for PQ 
data analytics [Papers A through E). 

 Qualitative and quantitative comparison of methods suitable for including in 
standard documents (Papers F and G).  

 Practical use of information obtained from PQ data analytics (Papers H to J).  
The first category includes: i) Gaussian-based anomaly detection and K-means 
clustering techniques for extracting and clustering PQ events and transients [Paper 
B & C and Chapter 3, Sections 3.7.1-2]; ii) deep CNN architecture for voltage dip 
classification [Paper E, Chapter 4, Section 4.7]; iii) logistic regression and 
principal component analysis (PCA) methods for PQ event characterization 
[Papers B & C and Chapter 3, Sections 3.7.3-4]. The second category involves 
two comparison approaches, both important tools towards the development of 
standards for voltage-dip characterization. The first approach involves a 
quantitative comparison between different methods for voltage dip 
characterization to develop a new method for calculating ‘single-event 
characteristics’ from the voltage waveforms [Paper F, Chapter 5, Section 5.1]. The 
second approach provides a systematic comparison between different sets of 
‘single-event characteristics’ to indicate the most effective set for representing 
synthetic dip that has smallest relative error in compare with original voltage dip 
[Paper G, Chapter 5, Section 5.4]. 
The third category includes three simulation studies: 1) an investigation after the 
potential impact of voltage dips or voltage transients on large wind power 
installations [Paper H, Chapter 6, Section 6.2]; 2) two novel control algorithms for 
flywheel energy storage system [FESS] to increase the fault-ride-through 
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capability of microgrids [Paper I, Chapter 6, Section 6.3] and [Paper J, Chapter 6, 
Section 6.4]. 
Voltage dips, throughout the dissertation, are considered as short-duration 
reductions in voltage magnitude. Single-stage or normal voltage dips present 
events in which the rms voltage shows just one level change during the whole 
event; whereas multi-stage dips show several sudden changes in rms voltage. The 
term “voltage transient” is used in this dissertation to refer to any voltage 
disturbance, large deviation from the ideal voltage, for less than one cycle.  
The ‘single-event characteristics’ are a limited number of single value 
characteristics that together describe the voltage dip or transient. Two new but 
related terms have been introduced in this dissertation: single-segment 
characteristics and single-cycle characteristics. The ‘single-segment 
characteristics’ described one individual stage of a multi-stage voltage dip; the 
‘single-cycle characteristics’ describe one cycle of a voltage dip or the voltage 
during normal operation. Transient characteristics, or ‘single-transient 
characteristics’ for transients, are characteristics that describe a voltage transient.  

1.4 Approach 
Two types of studies are part of this dissertation: theoretical and practical studies.  
In the theoretical part, several AI methods for PQ data analytics and information 
extraction have been developed. All of the proposed methods are implemented 
and tested either in a general purpose development environment, Matlab 
environment, or in a dedicated software package for Deep Learning, 
TensorFlow/Keras API. The performance of the proposed methods is verified 
using a large number of measured and synthetic voltage dips.  
In the practical part, four  simulation studies has been conducted, all in the 
Matlab/Simulink environment: 1) determining the most effective set of single-
event voltage dip characteristics to represent original voltage dips; 2) investigating 
the behaviour of double fed induction generator (DFIG)-based wind turbine 
installations exposed to PQ events; 3) developing a single flywheel energy storage 
system (FESS) and multi-unit flywheel energy storage matrix (FESM) to increase 
the fault-ride-through (FRT) capability of microgrid and large important sensitive 
loads (e.g., DC Data centre). 

1.4.1 Measurements 
About 6000 voltage dips, all measured during natural events in existing power 
systems, were used for the study part of this dissertation. The total dataset is 
divided into three main datasets: UK dataset, Sweden dataset and Global dataset.  
About 900 of these dips were obtained from field measurements using commercial 
power quality monitors in medium-voltage networks in the UK. A large part of the 
UK dataset was obtained during a one-month recording at several tens of sites in 
medium-voltage networks consisting of a mixture of cables and overhead lines, 
whereas the higher voltage levels mainly consisted of overhead lines. 
The Swedish dataset, including 700 voltage dips, was obtained from three years of 
measurements at 400 V, low voltage level, close to three 20 kW solar PV sites and 
one residential customer in the north of Sweden. The residential customer has 
been equipped with common residential loads as part of the electrical power 
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engineering laboratory of Luleå University of Technology (LTU). These 
measurements were done by LTU.  
The global dataset includes 4361 voltage dips measured by PQube devices from 
January 2014 till August 2017, at 21 different locations in Europe, North and 
South America, South Africa and East Asia. The details of the measurement are as 
follows: 
1) Europe: all measurements are done at 400 V and 50 Hz and behind a Delta/Star 

transformer. 
Sweden: monitors are located at Stockholm (Svampvägen, Enskede) and 
Skellefteå (Luleå University of Technology). 
Norway: monitor is located at Oslo (CEE Kontor), 
UK: monitors are located at Glasgow (University of Strathclyde) and 
London (Meter Cupboard)  
Germany: monitor is located at Frankfort and Karlsruhe. 
Belgium: monitor is located at Hasselt (UC Leuven-Limburg Campus).  
Netherlands: monitors are located at Amsterdam (HVA Leeuwenburgh)  

Switzerland: monitors are located at Zurich (CBMAG G2 Einsp). 
Poland: monitors are located at Katowice (Test & Measurement Systems) 

2) North/South America 
California: monitors are located at: 1) 3350 Scott Blvd, Bldg 55 Unit 1, 
Santa Clara, CA 95054; 2) Bldg90 (Bldg Main Service); 3) Bldg 90, Panel 
90A, Brkr 11; 4) PSL, Alameda; 5) Bldg 90, Panel 90A9A, Breaker 15; 6) 
Bldg 90, Panel 90A, Brkr 9. All measurements are done behind Why/Star 
transformer at 480 V and 60 Hz.   
Brazil: monitor is located at Sao Paulo (REDE ELETROPAULO) and 
measurement is done at 13.2 kV and 60 Hz.  

3) South Africa  
South Africa: monitors are located at Keystone Hatchery and Germiston 
(Trident). All measurements are done behind Way/Star transformer at 
400 V and 50 Hz.   

4) East Asia  
Singapore: monitor is located at Singapore (ECOXplore Pte Ltd) 
measurements are done behind Why/Star transformer at 400 V, 50 HZ. 
China: monitor is located at Shanghai (Genergy Shanghai Office) 
measurements are done behind Why/Star transformer at 380 V 50 Hz. 
South Korea: monitor is located at Seoul (Joongang Royal Officetel) 
measurements are done behind Why/Star transformer at 380 V 50 Hz. 

Voltage waveforms were recorded for the actual dip and for a number of cycles 
before and after the actual dip. Each event recording contains three phase-to-
neutral voltages with 96 or 128 samples per cycle (SPC); measurement windows 
were between 8 and 60 cycles.  
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1.4.2 Simulations 
Different simulation models and tools have been used for the different studies that 
are part of this dissertation. 
The generic model of a sensitive load, the adjustable speed drive (ASD), is used to 
quantify the impact of both real and synthetic voltage dips on that type of load. 
The model verifies the performance of the different sets of voltage dip 
characteristic in terms of their ability to predict the behaviour of sensitive 
equipment during a voltage dip (See paper F for details).  
A detailed model of a 9 MW DFIG-based wind turbine is used to study the 
behaviour of wind power installations in terms of some electrical parameters (DC-
link voltage and rotor current) during fault-origin voltage dips and voltage 
transients caused by energizing (See paper G for details). 
A flywheel energy storage system (FESS) coupled with permanent magnet 
synchronous machine (PMSM) has been simulated to verify its potential for 
voltage dip compensation. The speed sensor-less direct torque control (DTC) 
architecture has also provided to ensure the system operation in two main modes: 
charge and discharge modes. The system performance is verified using both 
synthetic and measured voltage dips (See paper H for details). 
A matrix of flywheels has been proposed to provide reliable operation of critical 
large loads (i.e., DC large data centres) during short interruptions. The novel 
distributed control method based on average consensus algorithm has been 
developed. 

1.5 Contributions 
1.5.1 Framework for PQ Data Analytics [Papers B to D].  

1- SPM based automated framework [Paper B]: A general AI-based framework 
has been developed which uses SPM domain data as an input. The framework 
uses a set of different ML techniques to automate the event analytic process 
including: event detection and extraction, event segmentation, event 
classification and event characterization. For non-transient disturbances, three 
main parameters of the ellipse are extracted: semi-minor axis, semi-major axis 
and the direction of the major axis. 

2- Event detection and triggering [Paper B]: The modulus of the SPM is shown 
to be a good parameter for event triggering. Since it is a time-domain 
transform without information lost, any deviation in waveforms immediately 
appears in modulus magnitude.  

3- Additional information extraction [Paper B]: Single-event characteristics 
correspond to ellipse parameters and some other such as zero-sequence 
component of voltage dips can be used to extract additional information about 
event type, event origin, etc.  

4- Voltage transient analytics [Paper D]: The framework shows the SPM’s 
usefulness for voltage transient analytics and introduces a set of characteristics 
for voltage transients. This can be used as basis for voltage transient standards. 

5- Event segmentation [Paper C]: The proposed framework facilitates 
segmentation of multi-stage voltage dips. The segmentation extracts the event 
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segments immediately, whereas earlier proposed methods first detect the 
transition segments.  

6- Real-time PQ data analytics [Paper B]: The SPM-based framework enables 
early detection of serious variations in real-time data that is essential for 
providing adequate control commands for other parts of the system (e.g. 
command for switching from islanding mode to grid-connected mode 
operation and vice-versa). 

1.5.2 Deep Learning, Machine Learning Techniques Applications 
for PQ Data Analytics [Paper E]: 
1- Deep convolutional neural network (CNN) architecture for voltage dip 
classification [paper E]: A deep CNN architecture is developed as part of an 
automatic feature extraction process. The architecture uses the 2-D 
representation of SPM as input data. To achieve such a representation, all 
voltage dips, regardless of their duration, sampling frequency, voltage level 
and event location, are transformed to one 22× 22 data matrix. This small but 
effective matrix dramatically decreases the computational burden in dealing 
with large datasets.  

2- Generative-discriminative model-pairs in an active learning context: Next 
to the CNN classifier, a second deep-learning-based classifier has been 
developed. This second classifier reduces potential uncertainties regarding 
voltage dip labelling by providing a semi-supervised learning method. This 
method needs a small labelled training dataset with the unlabeled part of the 
dataset gradually being labelled. The scheme uses Gaussian Mixture Model 
(GMM) as a generative model and the support vector machine (SVM) as 
discriminative model. Both models can incrementally be trained which 
means that the efficiency is increased by data accumulation.  

3- Logistic regression (LR) application for characterization [paper C]: A 
logistic regression technique is used to obtain the parameters of the ellipse 
that best fits the SPM shape over a certain time window. The LR method 
results in a symmetrical matrix corresponding to the ellipse parameters.  

4- Principal component analysis (PCA) algorithm application for Event 
characterization [paper B]: In terms of voltage dip characterization, there is 
no need to know the exact parameters of the ellipse (matrix 𝑴 in Chapter 3 
eq. 3.10) but it is sufficient to know the principal components of the ellipse 
which are corresponding to the semi-minor and semi-major axis of the 
ellipse. Based on this observation, a second method has been proposed to 
extract the ellipse parameters: principal component analysis (PCA). Using a 
PCA method, the two fundamental Eigenvalues and Eigenvectors of the SPM 
data matrix, corresponding to its semi-minor and semi-major axis, are 
extracted.  

5- K-means clustering technique application for event segmentation [Paper 
C]: Using the SPM model of three phase-to-neutral voltages, the whole event 
is represented by several ellipses or circles, each one corresponding to one 
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stage of the event. This property is very useful for event segmentation. An 
unsupervised K-means clustering algorithm has been proposed for event 
segmentation. The Euclidean distance between each point and the 
corresponding centroid is chosen to assign each point to its corresponding 
centroid.   

1.5.3 Standardization [Papers B to D, F &G]: 
1. Voltage transients [paper D]: A set of single-transient characteristics for 
voltage transients has been introduced: magnitude, duration, modulus rapid 
change (MRC) and transient type. This set of characteristics can be used as 
basis for standardization of transients. A method for using space phasor 
model (SPM) to classify transients in 3 phases has been proposed.  

2- Ellipse parameters for voltage dip classification [Papers B & C]: Among 
ellipse parameters, the direction of the major axis is a suitable parameter to 
distinguish between different types of unbalanced voltage dips (𝐶𝑎, 𝐷𝑎, 𝐶𝑏, 
𝐷𝑏, 𝐶𝑐, 𝐷𝑐).  

3- A proposal for IEC 61000-4-30 and IEEE 1564 to include additional 
single-event characteristics [paper F]: Methods have been proposed for 
calculating three additional single-event characteristics that can be included 
directly in standards. Methods for calculating these characteristics have been 
proposed before, but none of the earlier proposals was suitable for direct 
inclusion in a standard. The proposed characteristics are: characteristic 
voltage; PN factor; and dip type. 

4- Quantitative method for comparing characterization methods [paper G]: 
It is possible to compare different methods for characterizing voltage dips. 
The methods to be compared are used to generate synthetic voltage dip 
waveforms. Both original and synthetic dips are applied to a generic model 
of a sensitive load. The best method is the one that most accurately predicts 
the load behaviour due to the dip. The proposed method, for the first time, 
allows a quantitative comparison of different sets of single-event 
characteristics; the method can also be applied to compare different methods 
to calculate the same characteristic. 

1.5.4 Fault-Ride-Through (FRT) and Voltage Dip Mitigation 
[Papers H to J]: 
1- Some relations between FRT capability of sensitive equipment and event 
characteristics [paper H]: a statistical approach has been developed in which 
a number of events, with different characteristics, has been applied to a 
DFIG-based wind turbine model and the behaviour of electrical parameters 
of the wind turbine are investigated to find relations between behavioural 
parameters and event characteristics.  

2- Flywheel energy-storage system for voltage dip compensation [paper I]; 
A flywheel system has a fast response to the events in system that makes it 
an appropriate solution for mitigating short duration events such as voltage 
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dips. A speed-sensor-less DTC control scheme is proposed for a flywheel 
system that enables a fast transition from charge to discharge mode 
operation. The proposed DTC control is independent of the electrical 
machine parameters during high-speed operation. Using an extended Kalman 
filter (EKF) for speed estimation eliminates the need for mechanical speed 
sensors. The EKF provides an accurate speed estimation.  

3- Flywheel matrix as an on-line UPS for DC data centres [paper J]; To 
guarantee a high reliability, important sensitive loads such as large DC data 
centres need more than one FESS unit to ride through short interruptions and 
severe voltage dips. A matrix of flywheel energy storage systems (FESM) 
and an appropriate control system have been proposed. Treating the FESM as 
a multi-unit (agent) system, an appropriate distributed control method based 
on average consensus control has been developed. The consensus variable is 
an inverter current ratio that allows FESS units to contribute to the event 
mitigation according to their current capacity. The method is generalized 
covering both directed and undirected communication networks and it is 
robust enough to allow for small physical failures in the communication 
network.  

4- Grid codes and immunity curve enhancement [Paper H]: adapting 
immunity requirements and fault-ride-through requirements in grid codes to 
cover more single-event characteristics (e.g. not only magnitude and duration 
but also voltage unbalance and phase-angle-jump) decreases the probability 
of interference.  

1.6 Structure of the Dissertation 
Chapter 1 of this dissertation presents the background, motivation, scope, 
approach and contribution of the dissertation.  
Chapter 2 presents a brief review on Big Data analytics and PQ Big Data analytics 
[Paper A]. 
Chapter 3 illustrates a proposed framework for PQ analytics [Papers B to D]. 
Chapter 4 presents a brief review on voltage dip classification and presents two 
deep-learning based voltage dip classifiers [Paper E].  
Chapter 5 presents two systematic approaches for comparing dip characteristics. 
The first approach has been applied to obtain the most suitable method for 
inclusion in international standards [Paper F]; the second approach to obtain the 
most effective set of voltage dip characteristics [Paper G].   
Chapter 6 presents three practical studies: first to simulate the impact of PQ 
disturbances on wind turbines [Paper H] and next to develop FESS and FESM as 
solutions for voltage dip mitigation and FRT improvement [Paper I] and [paper J].  
Chapter 7 includes discussions about the proposed methods followed by 
presenting the main achievements and recommendations for future works. 
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Chapter 2 
Based on paper [A], this chapter presents the brief review on Big Data concept, Big 
Data analytic methods, tools and available commercial technologies for Big Data 
Analytics. 
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2 Big Data 
The term “Big Data” is generally used to refer to a massive amount of data with 
specific complexities, the so-called 4Vs: Volume, Variety, Velocity and Veracity 
[22]. Fig. 2.1 shows the 4V complexities in Big Data; the definition of each 
complexity is as follows.  
Volume complexity: it refers to the scale of the data when the amount of data 
reaches such a level that it can’t be managed without dedicated analytic tools [22]. 
Not only the size of data but also the high dimensionality is considered as volume 
complexity [10].  
Variety complexity: it refers to the data being heterogeneous; data that comes 
from different sources represents differences in type, format, volume and so forth 
[22]. Further, data could be structured, semi-structured or unstructured data. The 
semi-structured and unstructured data contribute to variety complexity.        
Velocity complexity: it refers to how fast the data is coming in and how fast the 
data should be processed [22]. The high rate of data generation, also known as the 
data stream, should be processed in real-time or near to real-time. 
Veracity complexity: it refers to the quality of the captured data and refers to 
biases, noise and abnormality in data. The accuracy of any analytic process 
applied to the data depends greatly on the veracity of the source data [22] [10].  
As mentioned before, Big Data could be structured, semi-structured or non-
structured. A type of structured data refers to ground-truth-labelled data which is 
suitable for supervised analytical methods [27].  
Semi-supervised data refers to data that are partially labelled; semi-supervised 
data analytic methods are proposed for this group. Finally, non-structured data are 
unlabelled data; unsupervised or semi-supervised techniques are suitable 
analytical tools for such data [27].   
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Fig. 2.1.  Four-Vs complexity in Big Data. 
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2.1 Big Data Analytics 
The term ‘Big Data analytics’ refers to the process of detecting hidden patterns 
and information from large sets of data to get knowledge, useful for decision-
making [28]. 
Conventional data mining and statistical analytical techniques are important tools 
for Big Data analytics. Recently the application of other tools, including 
visualization approaches, artificial intelligence (AI) methods, machine learning 
and deep learning techniques, continuous to rise [29].  
In general, Big Data analytics fall in three main folds:  
Big Data storage: The main challenge associated with Big Data storage is its 
volume complexity. This is related to the amount of data as well as the high 
dimensionality of the data. The Big Data, in machinery format, can be split across 
multiple disks, which facilitates scalability and parallel processing. Some 
commonly-used machine-readable binary formats are: ORC, Parquet, and Avro 
[30]. The Hierarchical distributed file (HDF) format has been developed for 
commercial parallel processing systems (e.g., Apache Hadoop). 
Big Data pre-processing: it refers to preliminary actions toward more qualified 
data such as: de-noising, data normalization, data integration, data transformation, 
data reduction, etc. The pre-processing step enables to handle the veracity 
complexity of source data. It also strongly improves the accuracy and reduces the 
complexity of further steps of the analytic process [31]. 
Big Data management: it is the main step in Big Data analytics and it results in 
the extraction of additional information or knowledge from the data [31]. A useful 
analytic method should be able to cope with all four complexities of the Big Data. 
To address the velocity complexity the applied method should be at least equally 
fast as data gathering, otherwise the processing would get behind more and more. 
The variety complexity of Big Data can be addressed by normalization techniques, 
and feature extraction techniques. The high dimensionality brings further 
challenges, for instance, the size of training datasets grows exponentially with the 
data dimension [32] and generalization with small training datasets is not possible 
[32]. In reality, gathering a large set of ground-truth labelled data is often too 
difficult. Machine learning techniques and particularly the recently introduced 
deep learning techniques are considered as outstanding methods for Big Data 
management in term of feature extraction, semantic indexing, etc. However, deep 
learning techniques also show some shortcoming in dealing with the complexities 
of the Big Data such as velocity [33].  

2.2 Artificial Intelligence (AI) Methods 
2.2.1 Artificial Neural Networks (ANN) and Machine Learning (ML) 

Methods 
The artificial neural network (ANN) is one of the early AI methods. ANNs aim at 
conducting explicit transformations that apply nonlinear functions to the original 
features and in that way obtaining a set of new features. Such ANN methods are 
also very useful to cope with data nonlinearity. Fig. 2.2 illustrates the architecture 
of a feedforward ANN with one hidden layer, also called extreme learning 
machine (ELM). In the hidden layer, activation functions are used to carry out the 
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nonlinear transformations. Typically used activation functions include sigmoid 
function and hyperbolic tangent functions. 

Whenever, the inner-product between samples i.e. ⟨𝑥𝑖 , 𝑥𝑗⟩ is a linear relation, then 
this inner-product can be replaced by a kernel function, 𝐾: ⟨𝑥𝑖 , 𝑥𝑗⟩ → 𝑅, which 
enables operating in high dimensional implicit feature spaces and also mapping 
the raw data into real domain (e.g. computing similarities between samples). 
Commonly-used kernel functions are polynomial kernel [34], Gaussian kernel 
[35], sigmoid kernel [36]. Further, using kernel function enables nonlinear 
transformation of the data points to a high-dimensional feature space i.e. ⟨𝑥𝑖 , 𝑥𝑗⟩ →
⟨∅(𝑥𝑖), ∅(𝑥𝑗)⟩. Using kernel functions greatly boosts the ability of linear methods to 
deal with nonlinear data. Some well-known machine learning techniques that use 
this approach are: linear discriminant analysis (LDA) [37], support vector machine 
(SVM) [38], Gaussian process [39], principal component analysis (PCA) [40], etc.  
The main drawbacks of machine learning techniques are: i) they do not ensure 
selecting optimal hyper-parameters, which can result in over-fitting or under-
fitting; ii) they are only applicable for small datasets with shallow models and they 
fail to model large complex datasets; iii) most of the classifiers developed based 
on this techniques use supervised learning which means large ground-truth-
labelled training datasets are needed which is more crucial in dealing with Big 
Data iv) the input data always have some preliminary features. It is the human 
expert that selects the features, but the signal processing methods that extract the 
features.  
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ŷ2

ym
ˆ











Input layer Hidden layer Output layer
 

Fig. 2.2.  Architecture of a feedforward ANN with a single hidden layer 

2.2.2 Deep Learning (DL) Methods 
Deep learning algorithms are more accurately referred to as “deep architectures of 
consecutive neural network layers” [22]. Each layer applies a nonlinear 
transformation (e.g. convolution, sigmoid, ReLU, etc) to its input data in order to 
learn a new representation of it. In a hierarchical manner, the output of each layer 
is provided as input to its next layer where the output of the last layer provides an 
abstract representation of the original raw data. The Deep Learning methods 
mainly aim at automatically extracting features and abstraction forms of the 
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underlying data. This main characteristic of DL techniques greatly improves 
machine learning results in term of: classification [41], data qualification (i.e., 
using generative probabilistic models) [42]; invariant property of data 
representations (i.e. generative adversarial networks (GANs)) [43]. 
DL techniques are also useful to cope with over-fitting problem. For example, 
generative adversarial networks and variational auto-encoders improve the 
generalization capability of a model by adding more representative data to the 
training set that can alleviate the over-fitting. Dropout techniques, max-pooling 
and up-sampling techniques used by convolutional neural networks (CNN) are 
also able to cope with over-fitting and under-fitting [44]. The combination of 
techniques helps to achieve a trade-off between over-fitting and under-fitting 
features of the proposed model. This is essential in order to improve the 
generalization capability of the overall learning model [10][44]. 

2.3 Machine Learning and Deep Learning Application for 
Big Data Analytics 

The main tasks regarding Big Data pre-processing is data reduction and data 
cleaning. The DL methods are considered as useful methods for both tasks. The 
literature shows [45] that DL methods are also useful to optimize hyper 
parameters (parameters whose value is set before the learning process begins, e.g. 
number of layers, nodes, optimization parameters) of the data model. The DL 
techniques provide abstract representation of source data which is essential 
regarding Big Data management. 
The followings explain DL applications for different aspects of Big Data 
analytics. 
Data reduction: Data reduction is the process of reducing the size or dimension of 
raw Big Data [46]. For instance, data deduplication is a kind of data reduction 
where duplicate values are removed. Classification and clustering are two special 
cases of dimensionality reduction which reduce high-dimensional data to discrete 
points. K-means clustering and principal component analysis (PCA) are two well-
known unsupervised machine learning techniques which aim at data reduction. By 
their nature, the deep learning architectures are applicable for data reduction, since 
DL techniques aim at providing an abstract representation of the original data. The 
stacked-auto-encoders (SAEs) are the most well-known DL architecture for 
unsupervised data-reduction. The performance can be improved by applying the 
PCA to the abstract features extracted by the SAE architecture [47].   
Data cleansing: Data cleansing is the process of removing inaccuracies, 
incompleteness, and inconsistencies from the data. Denoising is one of the main 
components of the data cleaning process. Kalman filters are a well-known 
conventional method for denoising. However they are only applicable to small and 
shallow model data. In terms of Big Data, the SAE shows also a good 
performance for denoising [48].  
Stream-data mining: High rate data arriving sequentially, also called stream-data, 
needs data analytic techniques that work in real-time with partial data and without 
the capacity to store the entire data set. The logistic regression classifier can be 
transformed from a batch mode to an online mode using stochastic gradient 
descent so it becomes applicable for stream data processing [49]. The restricted 
Boltzmann machines (RBMs) [50] and deep belief networks (DBNs) [51] are two 
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DL methods that have been applied for partially labelled stream-data analysis 
[52].  
Semantic data: The main challenges due to Big Data volume complexity are data 
storage and information retrieval; that makes the previous strategies no longer 
applicable. A possible solution is using semantic indexing rather than the storing 
of data as bit strings. Semantic indexing transforms large data into some effective 
values useful for knowledge discovery and data understanding. Deep Learning 
techniques help in semantic tagging by extracting the essence from the content. 
The semantic tagging (annotation) is a process of linking background information 
to the extracted concepts. Actually, the semantic annotation results are highly-
structured and informative notes useful for, among others, content 
recommendation, content discovery, and detecting regulatory compliance [53]. 
Generative data: One of main challenges for Big Data analytics is the lack of 
structured data (ground-truth-labelled). Some kind of DL techniques (e.g. model-
based reinforcement learning (RL)) contains a generative model that can be used 
to simulate possible futures (e.g., generative models of time-series data). Such 
models can be also used for planning and for reinforcement learning in a variety 
of ways. Regarding planning approaches, the generative models can learn a 
conditional distribution over future states of the problem-space, given the current 
state of the problem-space and hypothetical actions an agent might take as input. 
The agent can query the model with different potential actions and choose actions 
likely to yield a desired state of the problem-space [54]. The generative models 
might be used to enable learning in an imaginary environment, where mistaken 
actions do not cause real damage to the agent. Generative models can also be used 
to guide exploration by keeping track of how often different states have been 
visited or different actions have been attempted previously. Generative models, 
particularly generative adversarial networks (GANs), can be trained with missing 
data (e.g., unlabelled data used in semi-supervised learning strategies) and then 
providing predictions of unlabelled data [55] (e.g. application for semi-supervised 
learning where some part or most of the data is not labelled).  
Discriminative data: Discriminative data mining techniques, also called 
conditional modelling techniques, are a class of DL techniques that aim at 
modelling the dependence of an unobserved (target) variable (𝑦) on an observed 
variable (𝑥) by deriving a conditional probability distribution (e.g., p(y|x)). 
Discriminative models are apposed of generative models and they have superior 
performance regarding classification and regression tasks that do not require the 
joint distribution, thus they have fewer variables to compute. 

2.4 Technologies for Big Data Analytics 
Cloud computing is a model for enabling convenient, scalable and robust network 
access to shared data resources, that can be rapidly processed and released with 
minimal management effort or service provider interaction [56]. The cloud 
computing system provides different types of services suitable for Big Data 
engineering, including: infrastructure as a service (IaaS), platform as a service 
(PaaS), and software as a service (SaaS) [57]. Among these, IaaS and PaaS are 
public services accessible for all users whereas SaaS are usually private services 
accessible only for experts  
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Infrastructure as a service (IaaS): in this model, a cloud provider hosts the 
infrastructure components such as servers, storage and networking hardware, 
which are traditionally provided by, for instance, data centres. Further, the IaaS 
provider also supplies a range of services to accompany those infrastructure 
components. These can include detailed billing, monitoring, log access, security, 
load balancing and clustering, as well as storage resiliency, such as backup, 
replication and recovery. The IaaS provides greater levels of automation and 
penalization for important infrastructure tasks. For example, it ensures load 
balancing to maintain application availability and performance or, integrating 
heterogeneous data received from different sources [57]. 
Software as a service (SaaS): this is a software distribution model in which the 
cloud provider hosts applications and makes them available to customers over the 
Internet. It removes the need for local installations and running applications on 
personal computers or data centres. The SaaS model has several advantages such 
as: flexible payments, scalable usage, automatic updates, accessibility and 
persistence: Since SaaS applications are delivered over the Internet, users can 
access them from any internet-enabled device and location [57]. 
Platform as a service (PaaS): this is a cloud computing model in which a third-
party provides both hardware and software tools needed for application 
development over the internet. A PaaS provider hosts the hardware and software 
on its own infrastructure. Further, the PaaS provider offers computing and storage 
infrastructure, as well as text editing, version management, compiling and testing 
services that help developers create new software more quickly and efficiently 
[57].  

Different models of cloud computing are summarized in Fig 2.3. 
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Fig. 2.3.  Different models of cloud computing: summary view. 

2.4.1 Commercial Frameworks for Cloud Computing 
2.4.1.1 Hadoop 

Hadoop is an open source distributed processing framework that manages data 
processing and storage for Big Data applications running in clustered systems. 
Hadoop supports predictive analytics, data mining and machine learning 
applications. Hadoop can handle various forms of structured and unstructured 
data, giving users more flexibility for collecting, processing and analysing. 
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The main components of the Hadoop framework are: data storage and data 
processor. The data storage or Hadoop core runs on commodity hardware (e.g., 
Linux) and provides Hadoop distributed file system (HDFS) [58].  
The processor uses MapReduce processing technique which enables parallelized 
(scalable) processing and fault tolerant capability for system. The MapReduce 
processor uses map and reduce functions to split processing jobs into multiple 
tasks that run at the cluster nodes where data is stored and then to combine what 
tasks produce into a coherent set of results. MapReduce initially functioned as 
both Hadoop's processing engine and cluster resource manager, which tied HDFS 
directly to the Hadoop and limited users to running MapReduce batch applications 
[58]. 
Each cluster node runs completely independent from the other, so nearly no 
communication is required between processes.  

2.4.1.2 OpenCL (Open Computing Language)  
The OpenCL is a framework for developing programs that execute across 
heterogeneous platforms consisting of central processing units (CPUs), graphics 
processing units (GPUs), digital signal processors (DSPs), field-programmable 
gate arrays (FPGAs) and other processors or hardware accelerators [59]. 

2.4.1.3 OpenMP (Open Multi-Processing)  
The OpenMP is an application programming interface (API) to exploit multi-core 
CPUs on a variety of hardware and operating system combinations. The OpenMP 
uses a portable, scalable model most effective for parallel computations. 
Combination of OpenMP and Message Passing Interface (MPI), then the OpenMP 
is also applicable for parallelism within a (multi-core) node while MPI is used for 
parallelism between nodes [59].  

2.5 Power Quality and Power System Data 
2.5.1 Importance of Power Quality in the Modern Power Grids  

The modern electrical power network includes a large number of renewable power 
generators like wind turbines (WTs) and photovoltaics (PVs). Many, but not all 
WT and PV installations are power-electronic converter-based power generators. 
Power-electronic converters, on the one hand, are a source of power quality 
disturbances like harmonics [60], interharmonics [61] and supraharmonics [62]; 
on the other hand they are sensitive to the PQ disturbances that propagate from 
other parts of the grid such as: voltage dips, voltage swells, voltage transients and 
short interruptions.  
The voltage dip may result in a large voltage drop on the DC-link voltage of a 
converter part of a renewable electricity generator and consequently resulting in 
an unwanted trip when the under-voltage relay removes the generator from the 
grid [63]. The voltage swell may results in tripping of overvoltage protection or 
power electronic switch failure [64]. The voltage unbalance results in DC-link 
voltage fluctuation and thus harmonic distortion in voltage or current signals at the 
terminal of the power converter. A voltage transient usually results in short 
duration large overvoltage (impulse) at DC-link voltage.  
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There are also new modern customers like ‘data centres’ which are sensitive to PQ 
disturbances, particularly voltage dips. A voltage dips can lead to malfunctioning 
or mal-trip of the devices in a datacentre and consequently big costs [65]. 
All this and other new kinds of equipment get connected to the grid, can result in 
new types of emission [66], and they have a different immunity than earlier 
equipment [67]. Developing advanced immunity requirements need a close look at 
monitoring data to understand the details of power quality disturbances.  
All these examples show that PQ remains still important and new research to get 
more and new knowledge is needed [68].  
To avoid unwanted trips, to guarantee a high system performance as viewed from 
the equipment, and to limit the probability of interferences there is a need for 
continuous monitoring of power quality. Such monitoring is highly needed close 
to wind and solar power installations and also close to other sensitive loads such 
as data centres and industrial installations. This results in a large number of 
monitors and consequently large amounts of collected data. Not only collecting 
data is an important step towards enhanced power quality but also the data 
analytic process plays a profound role. The availability and use of fast, accurate 
analytical methods enables better utilization of PQ data that contains valuable 
information about both power grid and sensitive load’s behaviour.   

2.5.2 Power Quality Big Data 
As mentioned in the previous section, the importance of PQ in modern power 
grids results in large numbers of installed monitoring devices and consequently 
large amounts of data. For instance, a three-phase power quality monitor typically 
records 10-minute values for rms, harmonics (2nd to 40th order) and 
interharmonics (0 to 39), for both voltage and current. Assuming three voltages 
and three currents it gives 25 million values per year per device. Further, each 
monitor samples typically with 25.6 kS/s over 6 or 8 channels. That is a lot of data 
over a whole year to be processed. Apparently this amount of data results in the 
‘volume’ complexity. This complexity is an important reason for introducing PQ 
characteristics (as in IEC 61000-4-30), as there would otherwise be no way to 
make sense of the data.  
Further, in modern power grids there are other sources of data such as: i) data 
from remotely-read energy meters (smart meters) and data from phasor 
measurement units (PMUs) at transmission levels; ii) data from transmission 
system operation; iii) data from energy market pricing and bidding; iv) data from 
management, control and maintenance of devices and equipment in all parts of the 
grid: electric power generation, transmission and distribution parts; v) power 
system protection data; vi) weather forecast data and data of the actual weather 
parameters.  
The efficient application of such heterogeneous data sources is only possible with 
integrating all data to extract actionable information useful for decision making 
tasks. However, the integration results in a large amount of heterogeneous data 
and consequently both ‘volume’ and ‘variety’ complexities of the data.  
The rate of incoming data from different data sources is different, e.g., smart 
meters allow an access to energy consumption data by the month, by the day or 
even by the hour; on the other hand, PQ monitors with standard settings collect 
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samples with a rate of 28 kS/s over 6 or 8 channels. Concretely this results in the 
‘velocity’ complexity.  
Physical problems in monitors (i.e., calibration, synchronization), may result in 
missing or noisy data in term of veracity complexity. For example, in large WT 
installation the PQ measurements carried out at the terminal of each individual 
wind turbine (agent) and then agents communicate data between themselves, thus 
the communication may affect the veracity of the recorded data [69]. 
These ‘volume’, ‘variety’, ‘velocity’ and ‘veracity’ complexities so-called ‘Four-
V complexities’ justify considering modern power system data as ‘Big Data’ [19].  

2.5.3 ML and DL Techniques Application for PQ Data Analytics 
The literature shows that machine learning (ML) techniques are very useful for 
small PQ data analysis. Artificial neural networks have been used for voltage dip 
characterization and classification [13]. Support vector machines (SVMs) provide 
efficient voltage dip classifiers [17]. Logistic regression and principal component 
analysis are effective methods for calculating single-event characteristics of 
voltage dips [Paper C]. However, all these ML techniques are useful for small 
datasets. In dealing with large datasets, DL techniques show better performance 
rather than conventional machine learning techniques. The DL techniques are not 
only useful for classification and characterization tasks but they are also useful 
tools for further aspects of data analytics such as data interpretation, reasoning and 
planning [see Section 2.3] as well as future prospects of data analytics.  
Some potential applications of DL techniques on PQ data are as follows:  
Data Reduction: There are different kinds of PQ disturbances such as voltage 
dips, voltage swells, transients, etc. The DL-based classifiers are capable of 
classifying these events into different classes. Having different events in 
individual classes simplified data handling and discovering similarities, 
dependencies and correlations between events that is useful for additional 
information extraction, reasoning and finding chain of consequences in data.  
The hierarchal structure of deep networks aids in providing abstract representation 
of source data and extracting most effective abstract features at the last layer of 
the network. Such automatic extracted features considered as kind of ‘single-event 
characteristics’ thereby two events with the same features can be stored as only 
one event where the event-frequency counter is added by one. This strategy is 
useful to fulfil the deduplication task.  
Combination of DL techniques with conventional ML techniques such as PCA 
dramatically decreases the dimensionality complexity of source data.  
Data Cleansing: The data collected from PQ monitors or other measurement 
devices has most often a certain amount of measurement or calibration noise. 
There is usually the possibility of missing data for example due to failed 
communication links or hardware failure in the nodes. Auto-encoder architectures 
and particularly variational auto-encoders that contain generative models are 
useful deep learning methods for data denoising.  
Stream-Data Mining: PQ monitors with standard settings collect time-sequential 
data with 25.6 kS/s over 6 or 8 channels; this could be considered as stream data. 
The standard approach (in IEC 61000-4-30) is to perform time aggregation into 
(in the end) 10-minute values. An alternative method, proposed in Chapter 3 
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Section 3.6.1, is using the space-phasor model (SPM) followed by logistic-
regression techniques or Gaussian-Based processes where the data being 
processed every half cycle ore one cycle. The result is close to real-time 
processing useful for stream-data analytics.  
Semantic Data: It is possible to characterize time sequential event data by a few 
numbers, so-called ‘single-event characteristics’. The single-event characteristics 
can be extracted automatically using DL techniques. Some PQ events have their 
individual inter-classes (e.g. voltage dips can be classified into seven different 
classes); sometimes the distribution over the classes is not uniform [Paper E] also 
there are much more shallow dips rather than severe dips. In this case, generative 
adversarial networks (GAN) are very useful techniques to generate new samples 
and enhance the training dataset.    
Generative and discriminative Data: The PQ disturbances, particularly voltage 
quality disturbances, might result in serious problems for sensitive loads such as 
mal-tripping or mal-functioning. The generative adversarial networks together 
with discriminative models are good tools to investigate the potential impacts of 
such disturbances on the target systems and also to obtain input for decisions 
concerning for PQ disturbance mitigation. 



 25 

 



 26 

Chapter 3 
Based on papers [B-F], this chapter presents the principals of power quality analytics 
and introduces a framework consisting of: Variation tracking, Event detection and 
extraction, Event segmentation/Classification, Event Characterization and 
Information Extraction. Different machine learning and deep learning methods have 
been developed each one responsible for one module of the overall framework.  
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3 Power Quality (PQ) Analytics 
3.1 Data Analytics  

Data analytics is a process in which raw data is processed to find patterns and 
relationships in the data. Data analytics also enables extracting latent information 
that the data contains, with the aid of reasoning potential events and changing raw 
information into actionable knowledge suitable for decision making [70].  
Data analytics proceeds along several steps using quantitative and qualitative 
approaches. The quantitative approach involves numerical data analytics with 
quantifiable variables that can be compared or measured statistically. The 
qualitative approach focuses on reasoning and interpreting the results obtained 
from the quantitative approach or processing of non-numerical data such as image, 
video, etc. [71]. 
The data processing can be done in three different ways: 1) stream processing 2) 
real-time processing or 3) batch processing [72].  
In stream processing an instantaneous reaction is provided based on the received 
data. This kind of data processing is highly beneficial when events are happening 
frequently and very close to each other in time.  
In real-time processing, the data is processed with a delay of at most a few 
seconds. Real-time processing is very useful for normal operation tracking and to 
quickly detect any abrupt deviations from normal. In term of power systems, real-
time processing can be used for “variation tracking”, and for triggering of events. 
The early detection of a major deviation (referred to as an “event” in power 
quality) is essential for issuing command signals immediately to the control 
systems in situations where they need quick decision making. Some examples of 
power system situations that need immediate decision making are moving from 
charge to discharge modes in energy storage systems and switching between grid-
connected and islanding mode of a microgrid.  
In batch data processing, a huge volume of data is processed at once. This 
approach is very common for analysing stored data, for instance, clustering, 
classifying or characterizing data collected by monitoring devices over long time 
duration. Another possible application is in optimization problems, e.g. in hourly 
or daily power market bids. The batch processing results are useful for planning, 
reduction and mitigation of future adverse events and mitigating potential 
interference. 

3.2 PQ Data Analytics  
The measured data is usually time sequential numerical data including different 
electrical power quantities such as: voltage, current, frequency and so on. Power 
quality data can be distinctly divided into two types as follows: 

1. Continuous time series over a longer time period that either give 
waveform(s) versus time or a short-duration characteristic versus time. 
Examples of the latter are rms voltage, short-term flicker severity, THD, 
individual harmonics, interharmonics, and unbalance. Examples of time 
windows over which these characteristics are calculated are 1 cycle, 10/12 
cycles, 1 second, 10 minutes. The total duration of the time series can be 
from minutes up to years. Longer series of short-duration characteristics 
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versus time are referred to in power quality as “power quality variations” or 
in short “variations”. 

2. Short-duration time series of periods during which the voltage or current 
deviates a lot from its normal, nominal or ideal value. This is in most cases 
waveform data but short-time characteristics (like 1-cycle rms voltage) are 
also sometimes available. This is in power quality referred to as “power 
quality events” or in short “events”. 

The main aim of analysing PQ data is detecting, extracting and analysing PQ 
variations and events as step towards enhancing the performance of the power 
system. In terms of electromagnetic compatibility and power quality, the ultimate 
aim is reducing the probability of interference. 
In general, PQ data analytics aims at: 

 Extracting information regarding the potential impacts of PQ events and 
variations on sensitive devices or on the surrounding network. 

 Extracting information about underlying causes of such events and 
variations. 

Among power quality disturbances, voltage quality events have the most severe 
impacts on sensitive grid-connected equipment. The voltage quality events fall in 
four main categories: voltage dips, voltage swells, short interruptions and voltage 
transients [8].  
A voltage dip is a serious drop in voltage magnitude (e.g. below 90% of the 
nominal voltage) for a short duration (between 1 to 250 cycles, IEC 61000-4-11).  
A voltage swell is a serious rise in voltage magnitude (e.g., more than 110%) for a 
short duration (between 1 to 250 cycles, IEC 61000-4-11) [73].  
A short interruption is the disappearance of the voltage for a short duration (up to 
a few minutes). The triggering criteria used is that the rms voltage in at least one 
of the phasors drops below an interruption threshold (e.g., 10%) [74].  
Voltage transients are serious deviations from ideal or normal voltage waveform 
for less than one cycle [74]. A fast triggering method is needed to detect such fast 
events. Conventional methods i.e., using rms voltage is not efficient due to time 
delay resulted from filtering operation.   
Among these four events, voltage dips received most attention by researchers 
(28000 out of 34000 publication on power quality within the past 10 years 
included voltage dips, according to Google Scholar). The research works on 
voltage dips fall in two main categories: voltage dip classification/ 
characterization and methods for mitigating voltage dips.  
Using PQ analytics different kinds of information can be extracted from event 
data: 

a) Information purely for describing the event; 
b) Information about the origin of the event; 
c) Information about the impact of the event on equipment; 
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Voltage event characterization methods aim at describing the event by a set of so-
called ‘single-event indices’ or ‘single-event characteristics’ (SECs). This results 
in the first type of information in the above list. Such characteristics are often used 
as basis for extracting the other two types of information. For instance, assuming 
an appropriate set of SECs used, events with similar SECs have usually the same 
origin. There is also often a correlation between event characteristics and the 
parameters of the load behaviour during the event. Severe values of the 
characteristics probably result in severe impacts, again assuming an appropriate 
set of SECs.  
It is worth to note that the majority of work on PQ analytics concerns only fault-
origin voltage dips. The reason is that they most often cause equipment mal-
operation (interference). 
The most well-known voltage dip characteristics, introduced in literature, are as 
follows: 
Voltage dip magnitude: This characteristic is determined by the impedance 
between the fault and the point of common coupling (PCC). A smaller impedance 
results in a lower residual voltage. The term “magnitude” is used as synonym for 
“residual voltage” (IEC 61000-4-30) or “remaining voltage” (IEEE1564-2000) in 
many publications [75]. 
Voltage dip duration: this characteristic depends on the speed of the protection 
system operation and is defined as the time that the voltage magnitude is outside a 
normal operating range.  
Voltage dip type: voltage dips can be divided into two main types: balanced or 
unbalanced dips. The balanced voltage dip (Type A) is caused by a symmetrical 
electrical fault. The voltage dip magnitude and duration characteristics are almost 
the same for the three phasors. A range of classifications of unbalanced dips have 
been proposed in the literature. The one that still appears to be the most commonly 
used one is the simple distinction between Type C and Type D. There is a range of 
definitions for the two types, but the fundamental one is the distinction between “a 
major drop in one phasor” (Type D) and “a major drop in two phasors” (Type C). 
The unbalanced dips (Type C or D) are due to asymmetrical faults (single-phase-
to-ground, phase-to-phase, two-phase-to-ground faults).  
Voltage dip PAJ: The phase-angle-jump (PAJ) is the difference in phase angle 
between the voltage waveform before and during the dip [76]. 
Voltage dip POW: The point-on-wave (POW) indicates where on the 
fundamental-voltage wave the dip starts or ends. The POW of dip ending indicates 
the current zero crossing at the fault location as this is where the breaker is able to 
interrupt the fault current [77]. 
Characteristic voltage (CV): The characteristic voltage is another measure of 
voltage dip severity. The CV is considered as a three-phase generalization of the 
residual voltage. Characteristic voltage is calculated as a function of time (CVt) 
and CV as single-event characteristic is calculated from CVt [78][79]. 
Positive-negative factor (PNF): Positive-negative factor (PNF) is a measure of 
voltage dip unbalance. PNF is calculated as a function of time (PNFt) then PNF as 
single-event characteristic is calculated from PNFt [79]. 
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The majority of proposed methods for PQ analytics use waveforms as input data. 
However, practical studies and monitor devices typically use rms voltages as an 
input. Using three phases individually brings three sets of characteristics, each one 
corresponding to the one individual voltage channel. Moreover, rms voltage 
serves few characteristics (i.e. only residual voltage, duration) and thus gives 
limited information.  
Some other proposed methods use complex voltages as input. These methods are 
more computationally-demanding than methods in first category but they can 
generate additional characteristics (e.g., characteristic voltage, PNF, dip type 
[78]). However, these methods are sensitive to frequency drift. 
Methods in the third category integrate the three voltage channels in a three-phase 
system providing common characteristics for the three phases [80]-[82]. A method 
in this category uses the space phasor model for integrating the three phases in one 
complex value at each time step [80][81].  
Moreover, there is no general analytical method that can cover PQ variations, 
dips, swells and transients in addition to being able to include real-time analytics. 

3.3 Space Phasor Model (SPM) 
The space phasor model (SPM) of the three phase-to-neutral voltages, 
𝑉𝑎(𝑡), 𝑉𝑏(𝑡), 𝑉𝑐(𝑡), is given by (3.1), [80][81].  

                                     𝑠𝑡  =  23[𝑉𝑎(𝑡) + 𝛼𝑉𝑏(𝑡) + 𝛼2𝑉𝑐(𝑡)],   𝑡 = 1,⋯ , 𝑛                           (3.1) 

where 𝛼 = 𝑒𝑗2𝜋 3⁄  and 𝑠𝑡 has a complex value. The SPM results in a complex 
voltage as a function of time. This complex voltage should not be confused with 
the voltage phasors, which are also complex numbers. 
The SPM in (3.1) consists of real and imaginary parts with the dynamic range of [-
1.1, 1.1] pu (taking 10% margin for harmonic distortion and voltage magnitude 
variations). For mathematical convenience, the SPM time series in (3.1) is written 
in the vector form, 

                                                     𝒔𝑡 = [𝑠1, 𝑠2…𝑠𝑛]
𝑇                                      (3.2) 

A new matrix 𝐒 is defined by splitting  st into its real and imaginary parts: 

                                                    𝑺 = [𝒔𝑡,𝑅   𝒔𝑡,𝐼 ]𝑛×2                                  (3.3) 

where 𝑠𝑡,𝑅 = [𝑠1,𝑅 𝑠2,𝑅⋯𝑠𝑛,𝑅]
𝑇
∈ [−1.1, 1.1], and  𝑠𝑡,𝐼 = [𝑠1,𝐼 𝑠2,𝐼  ⋯ 𝑠𝑛,𝐼]

𝑇
∈ [−1.1, 1.1]. 

In the ideal case of sinusoidal balanced voltages, the SPM forms a circle in the 
complex plane centred on the origin. Voltage unbalance, including unbalanced 
voltage dips, results in an ellipse. Voltage distortion results in a “distorted ellipse” 
or “distorted circle”.  

3.4 SPM Applications for PQ Analytics 
3.4.1 SPM: Event Triggering 

Since SPM is a direct time domain transform of the three phase-to-neutral 
voltages, any variations in waveform immediately appears in an SPM domain. 
During normal voltage condition, the modulus of the SPM is close to 1 pu. Any 
variation in voltage magnitude causes deviation from a constant value of the 
modulus. This property can be used as a basis for event triggering. Once the 
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magnitude of the modulus exceeds a certain threshold value, an event is triggered. 
Since there is no time delay it is possible to determine the starting and ending 
instance of the event more accurately and consequently the duration of the event.  
An example waveform (top-left subplot), a modulus of a SPM as a function of 
time (bottom-left subplot) and the SPM (right-side subplot) of one recorded 
voltage dip are shown in Fig. 3.1. The modulus of the SPM recovers above 0.9 pu, 
twice every cycle. This would result in the algorithm detecting a dip every 10 ms. 
To obtain complete voltage-dip recording, the last recovery above the threshold 
should be used as the end of the voltage dip. 
Fig. 3.2 shows the waveforms (most-top-left) and modulus of the SPM over a 
four-minute period (middle-left). The data was measured at 400 V, close to a 
20 kW three-phase connected solar PV installation in the north of Sweden.  
As shown, any variation in voltage-waveforms appears immediately in 
magnitudes of the modulus. It shows that the modulus is a good parameter for 
event triggering. 

 

 Fig. 3.1.  Waveform (top-left), modulus of SPM (bottom-left) and SPM (right) of a typical voltage dip.  
 

  
Fig. 3.2.  Modulus of the SPM for continuous measured voltage during four minutes. 
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3.4.2 SPM: Voltage Dip Classification 
An ellipse in the complex plane, centred on the origin, is fully defined by three 
parameters: semi-minor axis, semi-major axis and the direction of the major axis. 
These three parameters are correlated with some voltage dip characteristics [Paper 
B & C]. Among these, the rotating angle of the ellipse distinguishes between 6 
different types of voltage dips in the 7-type ACD classification [Paper E]. Fig. 3.3 
shows the SPM of 6 synthetic dips corresponding to dip types 𝐷𝑎, 𝐷𝑏, 𝐷𝑐, 𝐶𝑎, 𝐶𝑏 and 
𝐶𝑐. As shown the direction of corresponding ellipses is changed by 30° from one 
dip type to the other.  
Fig. 3.4 shows the waveforms variation (left) and major axis direction variations 
(right) for a type 𝐷𝑎 dip due to various amounts of PAJ. Table 3.1 shows the 
rotating angle of the ellipse due to different PAJ. As shown in Table 3.1 there is 
no big variations subject to different amounts of PAJ except for PAJ =-60° which 
means the dip type is also changed (in this case changed to 𝐶𝑐 dip type). This 
shows that using the major axis direction for classification, is a method robust to 
PAJ variations, where it should be noted that a PAJ in excess of -30º is very 
unlikely for a characteristic voltage of 50% [83]. 
 

 
Fig. 3.3.  The SPM of 6 synthetic unbalanced voltage dips; right: Type C (the subscript denotes the 
phasor with no or small voltage drop); left: Type D (the subscript denotes the phasor with major 
voltage drop). 

  
Fig. 3.4.  Variations of waveforms (left) and the major-axis direction (right) due to various amount 

of PAJ.  
 

TABLE 3.1 
The major axis direction variations subject to different amount of PAJ. 

PAJ 0° -12° -15° -20° -30° -60° 
𝜑 90° 82.8° 81.03° 78.07° 72.22° 55.53° 
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3.4.3 SPM: Event Characterization and Visualization 

The SPM is also a suitable method for data visualization. The SPM plot in 
complex plane helps visual inspection and visual perceptual processing.  
In comparison with time domain waveforms, in which identical cycles follow each 
other, in 2D representation of SPM such identical cycles are shown by only one 
circle or ellipse. So it is much easier for visual inspection to follow deviations 
from the normal or ideal voltage. Having prior knowledge, somebody with 
experience in interpreting SPM plots can visually classify the event and even the 
underlying cause of the event. Such a representation of SPM is also appropriate 
input data for image processing techniques. 
Fig. 3.5 shows waveforms and corresponding SPM of some examples of PQ 
events. The top-left subplot is related to an unbalanced voltage dip in which all 
cycles related to the pre-event segment are coincident circles (visible as one circle 
in the plot) and all during-event cycles are coincident ellipses (visible as only one 
rotated ellipse). The dots visible between the ellipse and the circle belong to the 
transition segments, at beginning and end of the dip.  
The top-right subplot is corresponding to a multi-stage voltage dip. The post-event 
segment is visible as unitary circle while the during-event segments are visible as 
different circle or ellipses. The circle with radius less than 1 pu is related to the 
last stage of the event which is a balanced voltage dip. The two ellipses are 
corresponding to the first and second stages of the event which are unbalanced 
voltage dips. The first stage is Type C and the second is Type D voltage dip. 
Again, the dots not associated with any circle or ellipse belong to a transition 
segment. 
The middle-left subplot is corresponding to a single-phase interruption on the 
primary side of a DY-connected transformer. Again, the pre-event segment is 
visible by a circle and the during event segment by an ellipse with almost zero 
semi-minor axis. The semi-minor axis illustrates the severity of the event, 
especially from three-phase load point of view.   
The middle-right subplot is due to large voltage drop in two phases (a and b) and 
almost no voltage drop in the third phase (phase c), thus the dip type is 𝐶𝑐 and 
according to the synthetic dip the rotating angle of the ellipse is expected to be 
about 60°. However due to large phase angle-jump between phase ‘a’ and phase 
‘b’ the rotating angle of the ellipse is changed to about 45°. 
The bottom-left subplot is corresponding to a transformer energizing voltage dip. 
Such dips are characterized by heavy even-harmonic distortion. The during-event 
segment is visible as a heavy distorted circle. The hexagon shape corresponds to 
the presence of harmonics 5 and 7. The larger deviations from the circle in the 
right-hand part of the plot, illustrate clearly (much better than by using the time-
domain waveform) that the distortion due to transformer energizing is only visible 
during part of the cycle. 
The bottom-right subplot shows the SPM of a voltage transient event. The 
transient samples are shown as several points oscillating around the circle 
corresponding to the normal operation.  
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Fig. 3.5.  Waveforms and corresponding SPM of several examples of PQ events. 

3.5 Ellipse Model  
3.5.1 Standard Quadratic Form 

The standard quadratic form of an ellipse, centred on the origin and aligned with 
the x-axis, is as follows [84] [85]: 

                                                𝒙𝑇𝑴 𝒙 = 1                                                         (3.4) 
where x = [x1 x2]T is a variable matrix and M is a diagonal matrix: 

                                             𝑴 = [

1

𝑎2
0

0
1

𝑏2

]                                                        (3.5) 

3.5.2 General Quadratic Form (Rotating Ellipse) 
An ellipse rotated over an angle φ is obtained by multiplying (3.5) with the 
following rotation matrix [84] [85]: 

                                         𝑹 = [𝑐𝑜𝑠 φ −𝑠𝑖𝑛 φ
𝑠𝑖𝑛 φ 𝑐𝑜𝑠 φ

]                                             (3.6) 

Using (3.6) the major axis direction (1,0) is rotated to (cosφ , sinφ) and the minor 
axis direction (0,1) is rotated to (− sinφ , cosφ). The general transformation is 
z = Rx with inverse x = RTz. Substituting this into (3.4) results in: 

                                                    𝒛𝑻𝑹𝑴𝑹𝑻𝒛 = 1                                               (3.7) 
Considering z = [z1 z2]T , the general quadratic equation for the ellipse becomes: 

 (𝑐𝑜𝑠
2φ

𝑎2
+
𝑠𝑖𝑛2φ

𝑏2
) 𝑧1

2 − 2𝑐𝑜𝑠 φ 𝑠𝑖𝑛 φ (
1

𝑎2
−

1

𝑏2
) 𝑧1𝑧2 

                                             +(𝑠𝑖𝑛
2φ

𝑎2
+
𝑐𝑜𝑠2φ

𝑏2
) 𝑧2

2 = 1                                   (3.8) 

which gives the following general form of the ellipse: 

                                  𝑎′𝑧1
2
+ 𝑏′𝑧1𝑧2 + 𝑐

′𝑧2
2 = 1                                            (3.9) 
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where a′and c′are positive values. Thus the matrix M in (3.5) is changed into the 
following general form [76]:  

                                         𝑴 = [
𝑎′ 𝑏′ 2⁄

𝑏′ 2⁄ 𝑐′
]                                                 (3.10) 

The ellipse equation in (3.9) is similar to the binary logistic regression equation, 
while the dataset never touches the zero class. Thus setting the feature vector (f) 
and the parameter vector (θ) as f = [z12, z1z2, z22] and θ = [a′, b′, c′], the ellipse 
equation in (3.9) changes to a binary logistic regression problem. For details 
please see Section 3.7.4 and Paper C. 

3.6 Framework for PQ Analytics  
This dissertation proposes a general framework for PQ event analytics. The 
proposed framework consists of five modules: 1) variation tracking 2) event 
detection/extraction; 3) event segmentation/classification; 4) event 
characterization; 5) additional information extraction. 
The framework uses SPM domain data for throughout the modules. In this 
framework, three main ellipse parameters: semi-minor axis, semi-major axis, the 
direction of major axis, and the zero-sequence component are calculated as 
characteristics. For voltage dips the ellipse parameters are used as single-event 
characteristics (SECs). The framework introduces and calculates four single-
transient characteristics for voltage transients: magnitude, duration, modulus rapid 
change (MRC) and transient type. 
The SECs are the basis for extracting additional information about the event (e.g. 
event type, origin fault type and location, etc.) in the last module of the 
framework. 
The overall scheme of the proposed framework is shown in Fig. 3.6 and the details 
of each module are presented in the following subsections.   

3.6.1 Variation Tracking Module 
This module continuously tracks the voltages using the SPM calculated from the 
three phase-to-neutral voltages. From the SPM, the three ellipse parameters are 
calculated over short periods of time: this may be each cycle, in which case the 
term “single-cycle characteristics” can be used. It may also be decided to calculate 
the ellipse parameters over each 10 or 12 cycles (in 50-Hz or 60-Hz grids, 
respectively) to be consistent with the IEC power quality monitoring standard IEC 
61000-4-30. 

3.6.2 Event Detection/Extraction Module 
In an ideal balanced three-phase voltage system, the SPM is a circle in the 
complex plane. Any large deviation from this circle is considered as a power 
quality event. To detect and extract such events, this dissertation uses a Gaussian 
model based anomaly detection (GAD) method. Given the data matrix in (3.3), an 
appropriate Gaussian distribution is assigned to the data matrix. Given a Gaussian 
distribution, the likelihood is calculated for each sample. Samples with likelihood 
less than a certain threshold value are considered as anomalous samples and 
extracted as event data. For details see Section 3.7.1 and Paper B. 
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Fig. 3.6.  The overall schematic of the proposed general framework for PQ analytics. 

3.6.3 Event Segmentation Module 
Some voltage-dip events consist of more than one event segment. As shown in 
[86], multi-stage dips can be due to developing faults, but also due to faults being 
cleared in two stages. The best approach for characterizing such event is that 
separating it into different stages and then, characterizing each segment (stage) 
individually. Using SPM data, each stage is represented by one circle or ellipse. 
Identical segments (e.g. pre-event and post-event segments) become coincident 
circles or ellipse. Separating these circles or ellipses from each other, results in 
segmentation of the multi-stage dip.  
This dissertation uses K-means clustering method to separate the circles and 
ellipses, each one as an individual cluster, see Section 3.7.2 and Paper C. 
Events with different origin result in different types. Classifying such events 
provides valuable information about underlying cause of the event. The 
classification block of the framework is described in Chapter 4 of this dissertation.  

3.6.4 Event Characterization Module 
Given the event data, the fourth module of the framework characterizes the event 
through three ellipse parameters. However, the proposed framework applies three 
main approaches for calculating the ellipse parameters as described in follow: 
Single-event characteristics (SECs): in which the whole event (usually a voltage 
dip) is described by only one set of ellipse parameters, ‘so-called single-event 
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characteristic’ (SECs). Actually, the whole of the event is modelled by only one 
ellipse or circle.   
Single-segment characteristics (SSCs): This approach is suitable for multi-stage 
voltage dips. First of all, each individual segment is detected and extracted as one 
individual ellipse or circle. Next the parameters of the corresponding ellipse are 
calculated as ‘single-segment characteristics’ (SSCs). Thus, the event is described 
by several sets of single-segment characteristics each set belonging to one stage of 
the event. 
Single-cycle characteristics (SCCs): this approach is adequate for real-time 
event characterization. The parameters of the ellipse, correspondent to SPM of 
three-phase voltages for one cycle, are considered as ‘single-cycle- characteristics’ 
(SCCs). This approach helps the early detection of PQ events or variations.  
It is worth to note that the framework applies similar approach like as single event 
characteristics for voltage transient. This approach characterizes the voltage 
transients by four ‘single-transient characteristics’ (STCs). 
Regardless of the applied approach, the logistic regression (LR) method is 
proposed for fitting the optimum parameters of the ellipse (matrix 𝑴 in (3.10)) 
(see Section 3.7.4 and Paper C) and the principal component analysis (PCA) 
method for extracting principal components of the ellipse (see Section 3.7.3 and 
Paper C). However in term of event characterization there is no need for a pure 
model of the ellipse; extracting principal components is sufficient. Thus, to reduce 
the computational burden, the proposed framework uses only the PCA method to 
calculate the three ellipse parameters.  
Once the extracted event data has duration less than 1 cycle, the event is classed as 
a voltage transient and directly transferred to Block (2) in the fourth module. This 
framework introduces and calculates four characteristics for voltage transients: 
magnitude (𝜌), duration, modulus rapid change (MRC) and the transient type. For 
more details see Section 3.8 and Paper D.  

3.6.5 Additional Information Extraction Module 
The last module of the proposed framework extracts additional information from 
the event characteristics provided by the third module.  
The following sections explain some kind of information that has been extracted.  

a. PQ Event Type  
Based on the semi-minor axis (𝐴𝑦) and semi-major axis (𝐴𝑥), the distinction 
between dip, swell and interruption would be as follows: 

 Voltage dip: δinterruption < Ay < δdip 

 Voltage swell: Ax > δswell 

 Voltage interruption: Ay < δinterruption 

 Voltage transient: duration less than 1 cycle 
It is worth to note that, using these definitions, the same event may belong to 
multiple types. Also these definitions largely but not completely correspond to the 
definitions according to IEC 61000-4-30. The definitions based on ellipse 
parameters are different but not more arbitrary than the standard ones.  
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b. Unbalance Type 

The amount of unbalance between the three phase-to-neutral voltages is 
determined by the difference between major and minor axes of the SPM ellipse. 
The type of unbalance is strongly related to the direction of the major axis (φ). 
The rules in Table 3.2 facilitate detecting the unbalance type. 

c. Voltage Dip Class, Origin Fault Type/ Location 
Given the ellipse parameters, a voltage dip or swell is assigned to one class of an 
extended ABC classification (See Chapter 4, Section 4.3). An important reason for 
identification the ABC class is estimating the original fault type and fault location. 
Using three characteristics, unbalance type (UT), zero-sequence voltage 
component (z0) and the semi-major axis of the ellipse (Ax), the class of dip is 
determined as shown in Column 4 of Table 3.3.  
The class of dip depends on the fault type and the winding connections of the 
transformers between the monitoring location and the voltage level at which the 
fault occurs.  
Given class of the voltage dip it is possible to obtain information about type and 
location of the fault even when no information is available from the protection 
system. 
According to earlier work relating fault types with dip classes (often referred to as 
“dip types” in earlier works [87][88]) the inverse relations presented in Table 3.3 
have been obtained. In the table, “<1” means that the length of the semi-major axis 
is somewhere between unity and the length of the semi-minor axis.  

  TABLE 3.2 
Relation between φ and unbalance type. 

Ranges of 𝛗° UT Main Unbalance Significant dip or swell in 
(0,   30] Ib between phase ‘b’ and neutral  Phasor ‘b’ 
(30,  60] IIc between phase ‘a’ and phase ‘b’  Phasors ‘a’ and ‘b’ 
(60,   90] Ia between phase ‘a’ and neutral Phasor ‘a’ 
(90,    120] IIb between phase ‘a’ and phase ‘c’ Phasors ‘a’ and ‘c’ 
(120,   150] Ic between phase ‘c’ and neutral Phasor ‘c’  
(150,   180] IIa between phase ‘b’ and phase ‘c’ Phasors ‘b’ and ‘c’ 
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TABLE 3.3 
Voltage dip/swell classification using single-event characteristics. 

UT 𝒛𝟎 𝑨𝒙 Class Fault type and location 

I no ≈1 D 
Two-phase above/below Dy transformer 
Phase-to-ground above/ below Yy transformer 

I no < 1 F Two-phase-to-ground above/below Dy transformer 

II no ≈1 C 
Phase-to-ground above/below Dy transformer 
Two-phase above/below Yy transformer  
Two-phase at monitoring level 

II no < 1 G Two-phase-to-ground above/below Yy transformer 
I yes ≈1 B Phase-to-ground at monitoring level 
II yes < 1 E Two-phase-to-ground at monitoring level 

I yes 𝐴𝑥 ≈ 𝐴𝑦
≈ 1 

H 
Phase-to-ground at monitoring level  
in a high-impedance-earthed system 

I or II yes < 1 I            
Two-phase-to-ground at monitoring level 
 in a high-impedance-earthed system 

I or II no 𝐴𝑥 ≈ 𝐴𝑦 A Three-phase fault at any level 

3.6.6 PQ Data Analytics using Proposed Framework. 
To illustrate the performance of the proposed framework in dealing with different 
kinds of PQ data, three case studies have been developed as shown below: 

Case-study 1: Multi-Stage Voltage Dip due to a Developing Fault  

In this case study, the voltage dip shown in Fig. 3.7 is applied to the proposed 
framework. Calculating the SPM using (3.1), the data matrix 𝑺 in (3.3) is 
calculated and applied to the anomaly detection block. The corresponding SPM, in 
complex plane, is shown in Fig. 3.8. Using the anomaly detection method, all 
during-event segments are detected and extracted as shown in red in Fig. 3.8. In 
the next module, the k-means clustering method (k = 5) is used for partitioning the 
event into its individual during-event segments. The clustering results are shown 
in Fig. 3.9. 
In the next step, each individual segment is used as input to the fourth module of 
the framework. The PCA method is used to calculate SSCs for each individual 
segment: semi-minor axis (Ay), semi-major axis (Ax) and direction of major axis 
(φ). Further, the zero-sequence component of each individual during-event 
segment is calculated. The duration (d) of each segment is calculated from the 
number of the samples belonging to the corresponding cluster, and the sampling 
frequency.  
Transferring these SSCs to the last module and using Tables 3.2 and 3.3, the 
additional information for each individual event segment and the whole event is 
extracted. The numerical results of calculated SSCs and extracted information are 
shown in Table 3.4.   
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Fig. 3.7.  Example of a multi-stage voltage dip. The voltage dip develops through two unbalanced 
voltage dips into a balanced voltage dip, which results in three during-event segments.   

 

 
Fig. 3.8.  The SPM of the whole event (left); the extracted during-event segments by GAD method 

(right).   

 
Fig. 3.9.  The k-means clustering results: S1, S2 are ellipses corresponding to the first and second 
stages of the event, respectively (unbalanced dips). Cluster S3 is corresponding to the third stage of the 
event (balanced dip).  

Table 3.4 
The numerical results from the proposed framework for the event shown in Fig. 3.7.  

Seg. 𝑨𝒙 𝑨𝒚 𝝋° UT 𝒁𝟎 𝒅 (Sec) Cl. Origin fault type/ location 

𝑺𝟏 0.99 0.68 57.9 𝐼𝑏  0.37 0.7 B Phase-to-ground at monitoring level 

𝑺𝟐 0.9 0.32 74.2 𝐼𝐼𝑐 0.4 0.27 E Two-phase-to-ground at monitoring level 
𝑺𝟑 0.37 0.37 0 𝐼𝐼𝐼 0.03 0.09 A Three-phase fault at monitoring level 

 

Case-study 2: Voltage Transient due to Capacitor Energizing  

This case study illustrates the performance of the proposed framework in dealing 
with voltage transient analytics. A measured capacitor energizing transient is 
applied to the proposed framework. The voltage is recorded at the same voltage 
level as the capacitor. The corresponding waveform, SPM and the modulus of the 
SPM are shown in Fig. 3.10. The extracted transient samples, by means of GAD 
method, are shown in red in the SPM subplot and they are highlighted in the 
waveform subplot as well. Since the duration of the event is less than one cycle it 
is classed as transient event and directly transferred to Block (2) in the fourth 
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module to be characterized. The numerical results for transient characterization 
are: ρ =1.42 pu, MRC=85.4(%/s) and the transient duration is 0.3 cycle.  
As shown in Fig. 3.11, the Cc component is almost zero thus the transient is 
classed as Type 𝑇𝐼𝐼𝑐.  
 

 
Fig. 3.10.  Waveform (top left), SPM (right) and the modulus of the SPM (bottom left) of an oscillating 
transient due to capacitor energizing. The extracted transient samples are shown in red in the SPM plot 

and as highlighted points in the waveform plot. 
 

 
Fig. 3.11.  The six transient components from the event shown in Fig. 3.10. 

Case-study 3: Continuous Real-Time Measured Data  
This case study illustrates the application of the proposed framework for real-time 
PQ data analytics and voltage variations tracking. The SPM of the three phase-to-
neutral voltages during one cycle is calculated and then directly transferred into 
block (1) of the fourth module in order to calculate the corresponding single-cycle 
characteristics (SCCs). The SCCs values are updated every cycle so that variations 
in voltage magnitude can be shown as functions of time. 
This case study uses a randomly extracted time series of three phase-to-neutral 
voltages during 4 minutes (12 000 cycles).  
The monitor location was at 400 V, close to a 20 kW three-phase connected solar 
PV installation in the north of Sweden. An ELSPEC black-box monitor was used 
for the measurement and the waveform was reconstructed from the compressed 
data. The measurement was performed on 14th of June 2016 at 16:00. The phase-
to-neutral waveforms were normalized, dividing them by the peak voltage 
(330 V).  
The waveforms and the corresponding SPM of the three phase-to-neutral voltages 
are shown in Fig. 3.12 and Fig. 3.13, respectively.  
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Using the sliding window technique (the window length is equal to 20 ms in a 50-
Hz system and contains 94 samples), the SPM is calculated. Then using PCA (as 
described in Section 3.7.3), the ellipse parameters are calculated for every cycle. 
The ellipse parameters as a function of time are shown in Fig. 3.14 and Fig. 3.15.  
As shown in Fig. 3.14, two short duration voltage swells (of one cycle duration), 
are detected in Cycles 2954 and 4451. The single-cycle semi-major axis (Ax) 
characteristics for these events are 1.125 pu and 1.124 pu, respectively. Also, three 
voltage dips are detected; two short duration dips (only one cycle) in Cycle 2954 
and Cycle 4451. The corresponding single-cycle semi-minor axis (Ay) 
characteristics are 0.83 pu and 0.827 pu, respectively. Note that the events in 
Cycle 2954 and 4451 would be classed as both a voltage dip and a voltage swell. 
Further analyse of SPM for these two cycles, including the anomaly detection, 
would reveal the properties of this event. A third dip is detected in Cycle 5239 
through Cycle 5241, with duration of three cycles. The Ay for this voltage dip is 
0.85 pu; the Ax is 1.01 pu; the rotating angle is 126.2°, therefore the corresponding 
dip type is Cb. 
The rotating angle of the ellipse over each cycle is shown in Fig. 3.15. There are 
big fluctuations in rotating angle during Cycles 5239 through Cycle 8500, 
although the corresponding semi-minor and semi-major axes as function of time 
(Axc, Ayc) show only small fluctuations. No explanation for this change in 
behaviour is available. It does however illustrate that the SPM-based framework is 
able to detect phenomena that are missed by the classical methods for voltage 
quality analytics. 
In general, results show that the SPM and the three ellipse parameters can also be 
applied for variations and not just for voltage dips. 

 
Fig. 3.12.  Long recorded time series: Waveforms of three voltages. 

 

 
Fig. 3.13.  Long recorded time series: SPM of three voltages. 
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Fig. 3.14.  Long recorded time series: single-cycle characteristics; semi-major (Axc) and semi-minor 

(Axc) axes. 

 

 
Fig. 3.15.  Long recorded time series: single-cycle characteristics: rotating angle of the ellipse (φc). 

 

3.7 Machine Learning and AI methods Applied in Proposed 
Framework 

3.7.1 Gaussian Model-based Anomaly Detection (GAD) Method: 2ed 
Module (Event Detection/Extraction) 

From data mining perspective, the anomaly detection technique is used to find 
items, events or observations which do not conform to an expected pattern [89].  
This dissertation uses a ‘Gaussian model based’-anomaly detection technique to 
detect voltage events [Paper B].  
The general approach for anomaly detection in an m-dimensional data matrix is as 
follows: 

Given a data matrix 𝑋 = [𝑥(1), … , 𝑥(𝑚)]
𝑛×𝑚

 (where, 𝑥(𝑖) is a 𝑛 × 1 column vector), the 
assigned Gaussian distribution, for each dimension, is as follows: 

                                      𝑝(𝒙(𝑗); 𝜇𝑗 , 𝛿𝑗
2) =

1

√2𝜋𝛿𝑗
2
𝑒
−
(𝒙(𝑗)−𝜇𝑗)

2

2𝛿𝑗
2

                          (3.11) 

where 𝜇𝑗 and 𝛿𝑗2 are the mean and variance for 𝑗-th dimension. They are obtained 
from the measurements using the following equations: 

                                                         𝜇𝑗 =
1

𝑛
∑ 𝒙𝑖

(𝑗)𝑛
𝑖=1                                       (3.12) 

                                             𝛿𝑗
2 =

1

𝑛
∑ (𝒙𝑖

(𝑗)
− 𝜇𝑗)

2
𝑛
𝑖=1                                    (3.13) 
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Given the estimated Gaussian distribution, for each sample, 𝑥, its 𝑧-score is 
computed as follows [89]: 

                                                         𝑧𝑗 =
|𝑥𝑗−𝜇𝑗|

𝛿𝑗
                                              (3.14) 

A sample is declared to be anomalous if: 

                                              𝑧𝑗 >
𝑛−1

√𝑛
√

𝑡𝛼 2,𝑛−1⁄
2

(𝑛−2)+𝑡𝛼 2,𝑛−1⁄
2                                   (3.15) 

where 𝑛 is the total number of samples and 𝑡𝛼 2,𝑛−1⁄  is a threshold obtained from the 
𝑡-distribution at a confidence level of (1 − α/2) [89]. 
To fit proposed GAD to our framework we apply the 2-dimension data matrix 𝑺 in 
(3.3) as 𝑿 , which is applied to (3.12) and (3.13), to calculate the parameters of the 
corresponding Gaussian distribution for each dimension.  
Given the Gaussian distribution, for each individual sample, z in (3.14) is 
calculated and applied to (3.15) where, α = 10%. A sample is declared to be 
anomalous if the inequality in (3.15) is valid.  

3.7.2 K-means Clustering Method: 3rd Module (Event Segmentation/ 
Classification) 

The K-means clustering method is an unsupervised training method for 
partitioning data such that similar observations fall in the same cluster (partition). 
The use of K-means clustering algorithm in the proposed general framework is for 
segmentation of multi-stage voltage dip [Paper C].  
The K-means clustering aims at partitioning a given data into a number of clusters 
(K), where the number of clusters is fixed a priori and defined as 𝐾 centroids. The 
next step, after fixing the number of clusters, is to associate each point in a dataset 
to the nearest centroid and obtaining a new position of the centroid. Finally, this 
algorithm minimizes an objective function (e.g., Euclidian distance between a data 
point and the centroid) to fix the centroid points and consequently assign all of 
data samples to a cluster [90].  
The K-means clustering algorithm used for segmentation of multi-stage dips 
consist of the following steps: 
1) Fix the number of clusters. In this dissertation a value K=5 has been used.  
2) Place K centroids into the space represented by the objects being clustered. 

In this dissertation the 2-dimension SPM data matrix (S in 3.3) contains the 
objects being clustered (Euclidean distance between each sample and 
centroids). 

3) Assign each object to the cluster that has the closest centroid. 
4) When all objects have been assigned, the position of the K centroids updated 

by the average of all the objects within the cluster. 
5) Repeat steps 3-4 until the centroid no longer moves and the object is 

clustered.  
It is worth to note that the modulus of the SPM is divided into several clusters, 
each corresponding to an event segment. Analysis of many measured dips shows 
that the modulus of the SPM, as a function of time, has at most five different 
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segments (where pre-event and post-event are seen as one “normal voltage 
segment”). Therefore the parameter K is set as K = 5. For dips with less than five 
segments, the additional clusters have shown to remain almost empty. All clusters 
longer than one half-cycle (10 ms) are considered to obtain the single-segment 
characteristics. In this dissertation a 2-dimension SPM data matrix (S in 3.3) is 
used as an input data to the algorithm.  

3.7.3 Principal Component Analysis (PCA) Method: 4th Module (Event 
Characterization) 

Principal component analysis (PCA) is a learning feature reduction method which 
finds a lower-dimensional subspace of data. For instance, aiming at reducing the 
data dimension to two, the PCA projects data into two vectors 𝒖1 and 𝒖2. The 
vector 𝒖1 is the principal direction of variation of the data, and 𝒖2 the secondary 
direction of variation [91].  
To compute PCA for a given data matrix 𝑿, the matrix 𝑴 = [𝒎(1), … ,𝒎(𝑚)]𝑛×𝑚 is 
constructed where 𝒎(𝑗)  , i.e. means subtracted data,  is obtained as follow: 

                                                   𝒎(𝑗) = 𝒙(𝑗) − 𝒉𝜇𝑗                                        (3.16) 

where 𝒉 is a unitary 𝑛 × 1 column vector, 𝝁𝑗 is an empirical means of j-th 
dimension of matrix 𝑿. 
Next, the covariance matrix 𝑪 is calculated as follow: 

                                                                       𝑪 =
1

2
𝑴𝑇𝑴                                             (3.17) 

where 𝑴𝑻is a transpose of matrix 𝑴 and 𝑪 is 𝑚 ×𝑚 matrix.    
Finally, the singular value decomposition (SVD) technique is applied to the 
covariance matrix: 

                                                         𝑼 = svd(𝑪)                                            (3.18) 
where 𝑼 returns the m eigenvectors of matrix 𝑪 in descending rate. 
Given the k-first eigenvectors, 𝑼𝑘 = [𝒖1, 𝒖2, … , 𝒖𝑘]

𝑇, the original data is rotated into 
these eigenvectors by (3.19).  

                                               �̃� = [𝒖1, 𝒖2, … , 𝒖𝑘]
𝑇 ×𝑴                                (3.19) 

where �̃�  ∈ 𝑅𝑘, 𝑀 ∈ 𝑅𝑚 and 𝑘 < 𝑚. 
In this way, the original data matrix 𝑿 is characterized by these k-first 
eigenvectors. 
To use PCA in proposed framework, the data matrix, 𝑺 in (3.3) is applied to (3.16) 
through (3.19).  
Since the matrix 𝑿 is 𝑛 ×  2 matrix, the covariance matrix 𝑪  is a 2 ×  2 symmetric 
matrix that results in two orthogonal eigenvectors (𝒖1, 𝒖2). Projecting the original 
data matrix 𝑿 into these eigenvectors, the projected data �̃� = [𝒙1,  𝒙2] is obtained. 
Considering the ellipse shape of SPM, the principle components 𝒙1 and  𝒙2 tends to 
the semi-minor and semi-major axes of the ellipse.  
Given the principal components, the three ellipse parameters of the input data are 
obtained: 
The semi-major axis is given by (3.20).  
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                                                       𝐴𝑥 = |�̃�1|                                                  (3.20) 
The semi-minor axis is given by (3.21).  

                                                       𝐴𝑦 = |�̃�2|                                                  (3.21) 

The rotating angle of the ellipse (the direction of the semi-major axis) is obtained 
as follows.  

                                                             𝜑 = ∠�̃�1                                              (3.22) 
However, there could be more single-event characteristics than just the three 
ellipse parameters. Also, the same method can be used for single-cycle, single-
segment characteristics or even a 10-min measurement window. 

3.7.4 Logistic Regression (LR) Method 
The logistic regression extends the ideas of multiple linear regression to the 
situation where the dependent vector 𝒚 is categorical whereas it intends to 
determine the combination of independent variables (feature vector) which best 
explain the membership in certain groups. The feature vector containing the 
independent variable is defined as 𝑭 = [𝑓1(𝑖), 𝑓2(𝑖), … , 𝑓𝑛(𝑖)], ( 𝑖 = 1,2, …𝑚). The best 
fitting model to describe the relationship between the dependent variable vector 𝒚 
and a set of independent variables 𝑭 is the parameter vector 𝜽 = [𝜃0, 𝜃1, ⋯ , 𝜃𝑛], 
which is the vector of coefficients of independent variables so that the cross-
entropy losses 𝐽(𝜽) is minimized [92]: 

𝐽(𝜽) =
1

𝑚
∑ [−𝑦𝑖 log ((ℎ𝜽(𝑭))𝑖) −

(1 − 𝑦𝑖) log (1 − (ℎ𝜽(𝑭))𝑖)]
𝑚
𝑖=1      

                                                                                                                         (3.23) 
where, 

                                                  ℎ𝜽(𝑭) =
1

1+𝑒−(𝜽
𝑇𝑭)

                                          (3.24) 

Applying component-wise gradient descent to optimize the parameters vector 𝜽, 
yields the following [92]: 

                               𝜕𝐽(𝜽)
𝜕𝜃𝑗

=
1

𝑚
∑ ((ℎ𝜽(𝑭))𝑖 − 𝑦𝑖)
𝑚
𝑖=1 𝑓𝑗

(𝑖)                                (3.25) 

where j=1,2,…,n. 

3.8 Voltage Transient Characterization 
This section shows that the SPM is also a suitable model for voltage transient 
analytics using the anomaly detection algorithm, the samples corresponding to the 
voltage transient are detected and extracted. This dissertation proposes to calculate 
four single-event characteristics for a voltage transient from the SPM, as follows: 
Magnitude: the maximum value of the modulus of SPM during transient  

                                                        𝜌 = 𝑚𝑎𝑥(𝜌𝑡)                                           (3.26) 
where 𝜌𝑡 is SPM modulus as function of time. 
Duration: the number of transient samples (𝑁𝑡) divided by the sampling frequency 
(𝑓𝑠). 

                                                        𝑑 = 𝑁𝑡/𝑓𝑠                                                 (3.27) 
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Modulus Rapid Change (𝑴𝑹𝑪): the rate of change in modulus of the SPM during 
the voltage transient. 

                                               𝑀𝑅𝐶 = max(𝜌𝑡)−min (𝜌𝑡)

|(𝑡2−𝑡1)|
                                     (3.28) 

Transient Type: a classification into three types of transients is as: a) transient 
mainly in one phase-to-neutral voltage, 𝑇𝐼; b) transient mainly between two phase-
to-neutral voltages, 𝑇𝐼𝐼; c) transient in which all three phase-to-neutral voltages are 
involved in the same way, 𝑇𝐼𝐼𝐼; 
The types 𝑇𝐼 and 𝑇𝐼𝐼 can be divided into three sub types as follows (see Section 
3.8.1): 
𝑇𝐼𝑎, 𝑇𝐼𝑏 , 𝑇𝐼𝑐: in which the subscript ‘a’, ‘b’ or ‘c’ denotes the phase with the 
significant transient. 
𝑇𝐼𝐼𝑎, 𝑇𝐼𝐼𝑏 , 𝑇𝐼𝐼𝑐: in which the subscript ‘a’, ‘b’ or ‘c’ denotes the phase that is not or 
least involved in the transient. 

3.8.1 Transient Type  
3.8.1.1 SPM Components 

Using the SPM expression in (3.1) the real and imaginary part of the SPM are 
obtained as follows: 

                                    [
𝑅𝑠𝑝𝑚
𝐼𝑠𝑝𝑚

] =
2

3
[
1 −

1

2
−
1

2

0
√3

2
−
√3

2

] [
𝑉𝑎
𝑉𝑏
𝑉𝑐

]                                  (3.29) 

3.8.1.2 ACD Classification for Voltage Dips 
To be able to classify transients in a three-phase system, the classification for 
voltage dips in such a system has been used as a base in [88]. Two unbalanced 
voltage dip types, 𝐶 and 𝐷, are introduced in [79]; The complex voltages 
corresponding to types 𝐶𝑎 and 𝐷𝑎 are presented in (3.30) and (3.31), respectively 
[93]: 
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                                         (3.30) 

Where 𝐸 is the pre-event voltage and the 𝑉 is “characteristic voltage”. 
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                                            (3.31) 

The expressions in (3.30) indicates the voltage drop in phasors ‘b’ and ‘c’ without 
voltage drop in phasor ‘a’ results in 𝐶𝑎 dip type. Rotating equation set by ±120° 
two other dip types 𝐶𝑏 and 𝐶𝑐 are obtained, respectively [93].  
The expressions in (3.31) indicate the voltage drop in phasor ‘a’ without voltage 
drop in phasors ‘b’ and ‘c’ results in 𝐷𝑎 dip type. Similar to type C dip type, 
rotating equation set in (3.29) by ±120° two other dip types 𝐷𝑏  and 𝐷𝑐 are obtained 
respectively.  
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Rewriting dip types 𝐷a and 𝐶ain term of changes in complex voltage, the dip type 
Ca in (3.30) is changed to (3.32). 
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                                         (3.32) 

Similarly, the dip type Da in (3.31) is changed to (3.33). 
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3.8.1.3 Classification of Transients 
As shown in (3.29) the real part of SPM gives voltage in phase ‘a’ and the 
opposite voltage of half of the amplitude, in phase ‘b’ and ‘c’. This shows that the 
variation is complex voltages during dip and it is corresponding to the equation in 
(3.3) which is correspond to the dip type Da.  
The imaginary part gives a voltage in phase b and the opposite voltage in phase c 
considering this as variations in complex phasors, this is corresponding to the 
equation in (3.32) and thus the dip type Ca.  
Similarly as for voltage dips in Section 3.8.1.2, rotating SPM by ±120°, the real 
part results in 𝐷𝑏, 𝐷𝑐 dip types, respectively. The imaginary parts are 
correspondent to the 𝐶𝑏 and 𝐶𝑐 dip types, respectively.  
Thereby six fundamental transient components are calculated as follows: 
 

                                                   

{
  
 

  
 
𝐷𝑎 = Re(𝑆𝑡)         
𝐷𝑏 = Re(𝛼 ∗ 𝑆𝑡)  

𝐷𝑐 = Re(𝛼2 ∗ 𝑆𝑡)
𝐶𝑎 = Im(𝑆𝑡)         
 𝐶𝑏 = Im(𝛼 ∗ 𝑆𝑡)    

𝐶𝑐 = Im(𝛼
2 ∗ 𝑆𝑡)

                                 (3.34) 

where 𝑆𝑡 is SPM in (3.1). The expressions in (3.34) show the relations between 
transients and the SPM components. For instance, for a transient of Type TIa the Da 
component has the largest magnitude, conversely during a transient of type TIIa the 
𝐶𝑎 component is almost zero. 
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Chapter 4 
 

Based on paper [E], this chapter two deep learning-based methods for voltage 

dip classification. The first method is a supervised and the second one is semi-

supervised method. Both methods use the 2D-convolutional neural (2D-CNN) 

deep network for feature extraction task. 
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4 Voltage Dip Classification 
4.1 Data Classification 

Data classification is the process of sorting and categorizing data into various 
types according to similarities either between data features or between data 
applications. Data classification is useful for storing and retrieving data 
characteristics and to enable effective and efficient use of the data [94]. 
The first important step for developing a suitable classifier is to determine whether 
a supervised or unsupervised classifier will be employed. The former one is for 
training data with ground-truth labels, while the latter one is for training data 
without labels. Sometimes, training data do not contain labels, however some 
estimation methods could be used to give relatively reliable labelling. With the 
help of ground-truth labels for training, the classifier design is much easier and 
more reliable. However, there are always some uncertainties regarding the 
labelling process (e.g., the human uncertainty through visual inspection, samples 
located near to the borders, etc.) and in overall manual labelling is costly process 
as it can take a lot of time to obtain reliable labelling [95].  
The second important step is to select an efficient method for feature extraction 
when designing a classifier. They can be divided into two categories. One type of 
methods where data features are defined by human experts' knowledge (e.g., 
power quality experts), and features are then extracted by using some signal 
processing techniques, e.g., discrete Furrier transform (DFT) [18], discrete 
wavelet transform (DWT) [96] or in a time-frequency domain. These techniques 
are suitable when training dataset that is relatively small. Another type of method 
is based on automatic feature learning, if a large training dataset is available. This 
type of machine learning methods is based on a new paradigm within the machine 
learning framework. “Deep learning” method is suitable choice when a large 
amount of data is available, since: a) deep-learning (DL) techniques are intuitively 
adapted to large data statistics; b) DL techniques provide an automatic feature 
extraction process; c) some DL techniques (e.g. generative adversarial networks 
(GAN) [97], or generative-discriminative model pairs) improve the performance 
of semi-supervised classifiers [98], which are very effective for reducing the 
uncertainty and costs of a labelling process [99]. 
The third important step is to choose the type of classifier. This includes some 
conventional classifiers, such as support-vector machines (SVMs) [100][101], 
AdaBoost [102][103], random forests [104], expert systems [105], or fully 
connected deep networks connecting to a deep feature learning part in an end-to-
end classification system [106]. 

4.2 PQ Event Classification 
The majority of classification efforts for power quality events, fall into two main 
categories: i) classification of different PQ disturbances (e.g., dips, swells, flicker, 
harmonics, rapid voltage changes, etc.) [107]-[109] ii) classification of voltage 
dips according to their underlying causes [18][17], also see Section 4.3 and 
Paper E.  
Voltage dip events can have different origins (i.e. underlying causes), for example, 
due to electrical faults, transformer energizing, or large motor starting [8][18]. 
Further, there are several sub-types of electrical faults (e.g. single-phase-to-
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ground, phase-to-phase, two-phase-to-ground, tree-phase faults), each of which is 
associated with different types of voltage dips [8][83].  
A suitable classifier for voltage dips should immediately result in some 
information about the dip origins. 
This dissertation proposes two deep learning-based voltage dip classifiers. The 
first classifier is a supervised classification method which uses a dedicated deep 
convolutional neural network (CNN) architecture for automatic characterization of 
data by 2-D data features in the SPM domain. It utilizes fully connected (FC) 
network layers with a soft-max activation function in the last FC layer for 
classifying multi-classes of voltage dip data according to the fault-origins of dips 
in 7-classes. 
The second deep learning-based classifier is a semi-supervised one. It uses the 
generative-discriminative model pairs in the active-learning context. The Gaussian 
mixture model (GMM) is adapted as the generative model and the support-vector 
machine (SVM) used as a discriminator.  

The generative model estimates the posterior conditional distribution 𝑝(𝑦|𝑥), and 
the discriminative model estimates best suitable likelihood 𝑝(𝑥|𝑦). 
The pool-based active learning method queries criteria from generative-
discriminative model predictions and select the best sample from the unlabelled 
dataset, at each trial, to be labelled and then added to the estimated labelled 
dataset. Next the overall classifier is trained according to the new labelled dataset. 
The process is repeated until all samples being labelled are removed from the 
unlabelled dataset.  

4.3 Voltage Dip Classification 
The research on voltage dip characterization and classification was started in the 
1980s [110] and the early 90s [111][112]. The first voltage dip classification used 
in a three-phase system, or the so-called ABC classification, was proposed in [88]. 
That classifier is based on a number of synthetic dips that fall into four types: A, 
B, C and D. Type A covers balanced dips due to three-phase faults, the three 
remaining types cover voltage dips due to single-phase or phase-to-phase faults 
[88]. 
This classification provides a generic dip data characterization and complete 
knowledge about the dip propagation through different types of three-phase 
transformers [111]. When considering two-phase-to-ground faults, the ABC 
classifier was extended to a classifier that handles seven classes, from Class A to 
G in [113]. Dips due to motor starting and transformer energizing were described 
by the classifier in [86]. A further extension was proposed in [81], including two 
types of voltage swells, referred to as Class H and I. 
Methods for automatic classification of recorded voltage dips were first introduced 
in [79]: the complex positive and negative-sequence voltages were used for 
estimating the dip type: a distinction was originally made between six types of 
“three-phase unbalanced voltage dip” and one type of “balanced voltage dip” as 
follows:  

Types 𝐶𝑎, 𝐶𝑏 , 𝐶𝑐: known as the C Type family. These three types include 
unbalanced voltage dips with significant drop in two of the three voltages, and a 
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slight or no drop in the third one. The subscript indicates the phase with a small or 
no voltage drop. 

Types 𝐷𝑎, 𝐷𝑏 , 𝐷𝑐: known as the D Type family. These three types include 
unbalanced dips with a large drop in one voltage and a small or no drop in the two 
other voltages. The subscript indicates the phase with a large voltage drop.  
Type A: it consists of balanced voltage dips.  
There exist a number of methods for classification of measured voltage dips. In 
this work our classifier is designed and served as an ADC classifier with 7-types. 
The expert system in [86] is a voltage dip classification system for classifying the 
underlying causes of voltage dips. Reference [17] uses a support vector machine 
(SVM) for voltage dip classification. The work in [13] used the wavelet transform 
to classify power quality events. Although these methods have obtained good 
performance, they require the setting of several threshold values [86], human 
expert knowledge [17], or the extraction of the fundamental frequency component 
[13].  
A CIGRE working group proposed a voltage dip classification based on the 
number of dropped phase-to-neutral voltages [114]. Its main recommendation was 
that one should use the notation I-II-III (instead of D-C-A, respectively), to avoid 
the confusion.  
The method proposed in [115] distinguishes between balanced dips and two types 
of unbalanced dips, roughly corresponding to the C and D Type families in the 7-
type ACD classes. However, only RMS voltages were used, leading to the loss of 
individual phasor information. The methods proposed in [81], [80]-[82] use ellipse 
parameters for voltage dip classification. The ellipse is corresponding to either a 
space phasor model or a polarization ellipse calculated from the three phase-to-
neutral voltages in both cases. The methods proposed in [81] and [80] are mainly 
developed based on synthetic dips; the method proposed in [80] requires the 
setting of several thresholds. 

4.4 Voltage Dip Datasets 
Three voltage dip datasets are used in this dissertation, as shown in Tables 4.1 and 
4.2 (for details see Section 1.4.1). The Sweden dataset was measured at four 
locations in a low voltage network in the north of Sweden by ELSPEC monitors 
and local PQube monitoring device. The global dataset includes voltage dips 
measured at different locations and voltage levels around the world by PQube 
power quality monitors. The UK dataset consists of voltage dips obtained at 
several tens of medium voltage locations during approximately one month of 
recording. The dips are roughly equally distributed over different classes in the 
UK and Sweden datasets. In the global dataset the number of balanced voltage 
dips dominates, but the unbalanced dips are again roughly equally distributed over 
different classes. 

TABLE 4.1 
Detailed information of the three voltage dip datasets 

Name # Dips Location of 
measurements 

D1 705 Sweden 
D2 4361 Global 
D3 916 UK 
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TABLE 4.2 
The number of dips for every class of each dataset  

Dataset A 𝑪𝒂 𝑪𝒃 𝑪𝒄 𝑫𝒂 𝑫𝒃 𝑫𝒄 Total 
D1 166 110 100 74 83 77 95 705 
D2 1946 448 500 429 265 412 361 4361 
D3 120 135 142 128 116 129 146 916 

Total 2232 693 742 631 464 618 602 5982 
 

4.5 Voltage Dip Classes and Labelling 
For both proposed voltage dip classifiers, the 7-type ACD classes [79]: 𝐶𝑎, 𝐶𝑏, 𝐶𝑐, 
𝐷𝑎, 𝐷𝑏, 𝐷𝑐 and A, as explained in Section 4.3 is used. The strong correlation 
between the rotating angle of the ellipse and the dip class is shown in Table 4.3. 
Parameter 𝑇, obtained by dividing the rotating angle by 30°, is directly related to 
the dip class. The voltage dip classes, determined from this approach, are used as 
labels for the supervised learning process of 2D-CNN (Convolutional Neural 
Network). A dip is classed as Class A when the difference between semi-minor 
and semi-major axes is less than 0.05 pu.  

TABLE 4.3 
Relation between angle 𝜑, parameter 𝑇, and dip class  

Ranges of angles (𝛗) Parameter (T) Dip Class 
(0°,    30°] 1 Db 
(30°,  60°] 2 Cc 
(60°,   90°] 3 Da 
(90°, 120°] 4 Cb 
(120°, 150°] 5 Dc 
(150°, 180°] 6 Ca 

4.6 Criteria for Evaluating the Performance 
To verify the performance of the proposed classifiers, two sets of criteria have 
been used: performance of deep learning in CNN architecture or active learning 
context; performance of the classifier on each individual class. 
For deep learning in CNN or active learning context, we adopt the conventional 
used definitions of accuracy and loss by the categorical cross-entropy, as follows 
[116]: 

                         𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  # 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑑𝑖𝑝𝑠 𝑖𝑛 𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑒𝑠
𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑖𝑝𝑠

                    (4.1) 

                                              𝐿𝑜𝑠𝑠 = −∑ 𝑝(𝑥) ln 𝑞(𝑥)𝑥                                    (4.2) 

where 𝑝(𝑥) is the correct label for the input 𝑥, and 𝑞(𝑥) is the predicted label. It is 
worth noting that accuracy and loss are the average values over all classes. 
For assessing the performance of individual dip classes, we use a commonly 
adopted way in the machine learning area: the “confusion matrix”. In this 
dissertation, the confusion matrices are shown only for the test datasets. Each row 
of the confusion matrix represents the instances in an actual class while each 
column represents the instances in a predicted class. The diagonal entries show the 
number of correctly predicted classes where the non-diagonal entries show the 
incorrect classifications.  
We use the classification rate (CR) and false alarm rate (FAR) for each class as a 
measure of the performance. The CR and FAR are defined as follows [117]: 
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                                                          𝐶𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖
                                          (4.3) 

                                                         𝐹𝐴𝑅𝑖 =
𝐹𝑃𝑖

𝐹𝑃𝑖+𝑇𝑁𝑖
                                        (4.4) 

where 𝑖 = 1,2, … ,7 indicates the class number, 𝑇𝑃i and 𝑇𝑁𝑖 are the true positive 
and true negative values for 𝑖𝑡ℎ class, 𝐹𝑃𝑖 and 𝐹𝑁𝑖 are the false positive and false 
negative values for 𝑖𝑡ℎ class, respectively.  

4.7 2D-CNN Architecture for Voltage Dip Classifier  
4.7.1 2-D Representation of SPM 

To prepare during–event voltage dip data as an input data for CNN architecture, 
we quantize the dynamic range  [-1.1, 1.1] of 𝑺 in (3.3) into 22 equal length 
segments, where the data sequence in the matrix 𝑺  is described by a new matrix 
𝑴 (size 22×22), using the following relation:  

                             𝑴(𝑘1, 𝑘2) = ∑ ∑ √(𝑠𝑖,𝑅)
2
+ (𝑠𝑖,𝐼)

2
 (𝑘1,𝑘2)  

𝑛
𝑖=1                      (4.5) 

where 𝑘1 and 𝑘2 are determined by: 

  (𝑘1, 𝑘2) =

{
 
 

 
 

(⌈10(1.1 − 𝑠𝑖,𝐼)⌉, ⌈10(1.1 − |𝑠𝑖,𝑅|)⌉)  𝑖𝑓 𝑠𝑖,𝑅 < 0  &  𝑠𝑖,𝐼 > 0 

(⌈10(1.1 − 𝑠𝑖,𝐼)⌉, ⌈10|𝑠𝑖,𝑅|⌉)                 𝑖𝑓 𝑠𝑖,𝑅 > 0  & 𝑠𝑖,𝐼 > 0

(⌈10|𝑠𝑖,𝐼|⌉ + 11, ⌈10(1.1 − |𝑠𝑖,𝑅|)⌉)         𝑖𝑓  𝑠𝑖,𝑅 < 0  &  𝑠𝑖,𝐼 < 0

  (⌈10|𝑠𝑖,𝐼|⌉ + 11, ⌈10𝑠𝑖,𝑅⌉ + 11)                 𝑖𝑓 𝑠𝑖,𝑅 > 0  &  𝑠𝑖,𝐼 < 0

             (4.6) 

where ⌈⋅⌉ is the ceiling function,  and |⋅| is the absolute value. 
In such a way, all input voltage waveform sequences are converted into a 2D 
representation of SPM by 𝑴 matrices with 22×22 components, which are used for 
the inputs of 2D-CNN for automatic feature extraction in SPM domain and 
subsequently for dip classification. 
A 2D representation of the SPM corresponding to an unbalanced voltage dip, as 
matrix 𝑴, is shown in Fig. 4.1. 
 

 
 

Fig. 4.1.  An example of 2D representation of SPM corresponding to an unbalanced voltage dip; left: 
SPM in complex plane, right: corresponding matrix 𝑴. 
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4.7.2 The Proposed 2D-CNN Based Classifier 
Since the input data in the SPM domain is two-dimensional without temporal 
information, we select 2D-CNN as the deep learning method.  
The proposed CNN architecture consists of four convolutional layers (Conv1-
Conv4) and three fully connected layers (FC1-FC3). The convolutional layers are 
designed for automatic extracting dip features, while the fully connected layers 
serve as a classifier. Table 4.4 shows the detailed architecture of the proposed 2D-
CNN architecture. As shown in Table 4.4, the first convolutional layer Conv1 
contains 16 filter bands, each being a 5 × 5 spatial domain filter that performs, 
𝑥1 = 𝑓1(𝑠 ∗ 𝑤 + 𝑏), the spatial convolution followed by ReLU nonlinear 
activation function 𝑓(𝑥) = 𝑚𝑎𝑥(𝑥, 0). In the second and fourth convolutional 
layers, a 2 × 2 maximum pooling is applied, with its output as the largest value 
from the 2 × 2 area. The outputs from the four convolution layers (after ReLU and 
maxpool) contain the multi-resolution features of the input voltage dip. After four 
convolutional layers, three FC layers are employed as the classifier. We used FC 
layers for simplicity in fulfilling the classification task. Each FC layer consists of 
several cells (neurons), and the last FC layer consists of seven cells equal to the 
number of dip classes in our designed scheme. Table 4.4 shows the complete 
architecture of the convolutional network used for the feature extraction (rows 2-
5) and for the classification (rows 6-8). Using the parameters given in Table 4.4, 
one can create the complete convolutional network using the Keras library on 
TensorFlow backend. 
The block diagram of the overall scheme proposed for voltage dip classification is 
shown in Fig. 4.2.  

TABLE 4.4 
Proposed deep learning method: 2D-CNN architecture for  

automatic feature extraction and classification of 7 class dips 

Layers Filter Size / 
# cells Input size Output Size 

2D Conv1+ReLU (5,5) × 16 22×22 22×22×16 
2D Conv2+ReLU+Maxpool (3,3) × 32 22×22×16 11×11×32 

2D Conv3+ReLU (3,3) × 64 11×11×32 11×11×64 
2D Conv4+ReLU+Maxpool (3,3) × 128 11×11×64 6×6×128 

FC1+ReLU 1024 4608× 1 1024 × 1 
FC2+ReLU 128 1024 × 1 128 × 1 

FC3+Softmax 1x7 128×1 7×1 
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Fig. 4.2.  Block diagram of the proposed scheme (𝑺 is a 22 by 22 matrix). 

A number of empirical tests have been performed to find out the most appropriate 
CNN architecture associated with the best end-to-end performance for the dip 
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feature learning and dip classification task. This has been done by end-to-end 
training and performance optimization which minimizes some loss function, e.g. 
the categorical cross-entropy error (see (4.2)). Currently, there is no general rule 
or theoretical guide to deep learning methods on how to reach the best 
architectures and their associated hyper-parameters. This is instead usually done 
through extensive empirical tests with some test strategies chosen by individual 
researchers. 

4.8 Semi-Supervised Active Learning-Based Voltage Dip 
Classifier 

The second proposed voltage dip classifier is a semi-supervised deep learning method 
in pool-based active learning context. The required criteria by active learner are 
provided by one generative-discriminative model-pairs. We assumed that the 
unlabelled data is generated over mixture of several Gaussian distribution and thus the 
Gaussian mixture model (GMM) is provided as generative model which aids in 
predicting the conditional probability of the label 𝑦 given data sample 𝑥, 𝑝(𝑦|𝑥). The 
support vector machine with RBF (radial basis function) kernel is proposed as 
discriminator. 
Using SVM and GMM pairs it is possible to fuse both directly that effectively allows 
to fully exploit the advantages of both. The fusing task is done by representing SVMs 
in the framework of GMM without changing the training and decision boundary.  
The proposed method needs a small set of ground-truth-labelled voltage dip dataset. 
Similar to previous classifier, this one also uses a 2D-representation of SPM as an 
input data and the one 2D-CNN architecture to perform the task of feature extraction.  

4.8.1 Active Learning  
The pool-based active learning method operates on two datasets: i) an unlabelled 
dataset like 𝒰 = {𝑥1, 𝑥2, … . , 𝑥𝑛} in which each 𝑥𝑖 is a sample in some space χ 
which are assumed to be i.i.d. (independent, independently distributed) random 
variables generated according to some unknown distribution 𝑝(𝑥). For each 
sample 𝑥𝑖 , and the corresponding label 𝑦𝑖, the aim of the classifier is to estimate 
the posterior distribution 𝑝(𝑦|𝑥). For semi-supervised learning, some training 
samples are labelled and others are unlabelled. The aim of active learning is to 
determine the labels of these unknown training samples. ii) Conversely the data 
set ℒ is a labelled dataset consisting of samples already known to the learner 
[118][119]. 

An active learner consists of a classifier learning algorithm Α, and a querying 
function Q, which is a mapping Q ∶  ℒ × 𝒰 → 𝒰. The querying determines one 
unlabeled sample in 𝒰 to be labelled by the active learning algorithm at each trial. 
To this end, at each trial a set of queries is developed and then a suitable strategy 
is chosen. Next the suggested sample 𝑥𝑖 by some chosen criteria is selected from 
𝒰. Then the proper label 𝑦𝑖 is assigned to 𝑥𝑖. This newly formed pair (𝑥𝑖;  𝑦𝑖) is 
added to ℒ and removed from, 𝒰. Then the learner applies Α to the current 
labelled dataset in order to update classifier 𝐶𝑡 using ℒ as a training set and a new 
trial begins, etc. The maximal number of iterations is the initial size of 𝒰 
[118][119].  
In the proposed active learning method, we choose the soft-max activation 
function as the learning algorithm Α for estimating labels. The standard SVM with 
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RBF kernel is exploited as a discriminative model. The Gaussian Mixture Model 
(GMM) is used as general model for data probability distribution 𝑝(𝑥).   

4.8.2 Query Criteria  
This proposed method uses uncertainty sampling and variants query criteria. That 
could be explained as follows: if there is a sample that is not correctly labelled by 
the current classifier, it would be an informative sample for the labelling, thus the 
first criterion is developed based on uncertainty labelling of unlabelled dataset by 
defining preference such as in (4.7) [118][119]:  

                                 𝑝𝑔(𝑥𝑖)  ∝ exp(−𝛽∑ 𝑝(𝑦𝑖|𝑥𝑖)𝑙𝑜𝑔(𝑝(𝑦𝑖|𝑥𝑖))𝑦𝑖
)                      (4.7) 

where 𝛽 is a Gibbs parameter. As shown, to get such a criterion it uses the 
posterior pdf (probability distribution function) 𝑝(𝑦|𝑥). However we know that 
the generative model inherently provides such pdf, so we used the GMM 
predictions of the posterior pdf in (4.7) to build the criteria. 
A complimentary criterion is determined by labelled samples which reach the 
minimum likelihood 𝑝(𝑥|𝑦). It means these samples are not explained sufficiently 
good by the current classifier thus the corresponding preference can be defined as 

                                         𝑝𝑑(𝑥𝑖)  ∝ exp (−𝛽 𝑚𝑎𝑥
𝑦𝑖

 𝑝(𝑥𝑖|𝑦𝑖))                                 (4.8) 

Again to get the preference 𝑝𝑑(𝑥𝑖)  it is sufficient to calculate the likelihood 
𝑝(𝑥|𝑦) which is, in its sprit, the discriminative model prediction, thus we used the 
discriminative model predictions to build this criteria.  

4.8.3 Strategy for Choosing Unlabelled Samples 
In our proposed method we assumed that the number of classes is fixed and thus 
the active learning does not aim at discovering new type of labels. In each trial we 
select a sample from unlabeled dataset (i.e., 𝑥𝑖 ∈ 𝒰) to be labelled and then the 
pair (𝑥𝑖, 𝑦𝑖  ) is added to the labelled data set ℒ. The new sample 𝑥𝑖 is selected 
probabilistically according to some weight 𝜔 where this weight is continuously 
adapted based on the active learning performance 𝜑 and in aid of jointly 
optimizing the performance of GMM and the discriminative model [119]-[122]. 
To cover the multi-class issue we followed the multi-class entropy (MCE) 
approach to indicate the joint performance of generative–discriminative model 
pairs as shown in (4.9). 

𝐻 = −∑ (
∑ 𝐼(𝐷𝑘𝑙(𝑝(𝑦𝑘|𝑥𝑖),𝑝(𝑥𝑖|𝑦𝑘))<𝛿𝑘𝑙)𝑖

|𝒰|
log𝑛𝑦

∑ 𝐼(𝐷𝑘𝑙(𝑝(𝑦𝑘|𝑥𝑖),𝑝(𝑥𝑖|𝑦𝑘))<𝛿𝑘𝑙)𝑖

|𝒰|
)𝑀

𝑘=1     

                                                                                                                                  (4.9) 

where 𝐼 is the indicator function that returns 1 if its argument is true, 0 otherwise , 
𝐷𝑘𝑙 denotes the Kullback-Leibler divergence, 𝛿𝑘𝑙 is a certain threshold value and 
 𝑀 denotes the number of classes. As shown in (4.9) we explicitly reward jointly 
the performance of generative-discriminative model pairs and consequently 
optimizing overall efficiency by:  

                          φ𝑡(𝑥𝑖) = ((𝑒𝐻𝑡 − 𝑒𝐻𝑡−1) − (1 − 𝑒)) (2𝑒 − 2)⁄                       (4.10) 

where φt(𝑥𝑖) is the overall active learning performance upon querying sample 𝑥𝑖, 
at time t which rewards the performance of generative–discriminative model after 
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labelling sample 𝑥𝑖 at time t, (1 − e)/(2e − 2) ensures that the second term lies 
within [0, 1], [118].  

Further, the weight 𝜔𝑡+1 at (t+1) for each active criteria k is updated using  

                                   𝜔𝑡+1,𝑘 ∝ 𝜆𝜔𝑡,𝑘 + (1 − 𝜆)φ𝑡(𝑥𝑖) (
𝑝𝑘(𝑥𝑖)

𝑝(𝑥𝑖)
)                            (4.11) 

where 𝜆 is a forgetting factor, 𝑝𝑘(𝑥𝑖) is either 𝑝𝑔(𝑥𝑖) or 𝑝𝑑(𝑥𝑖). 𝑝(𝑥𝑖) denotes the 
joint recommendation 𝑝(𝑥𝑖) = ∑ 𝑝𝑘(𝑥𝑖)𝑘=1:2  . It means the current efficiency of 
the classifier is weighted by how each of the criteria strongly recommended 
choosing sample 𝑥𝑖 in comparing with joint recommendation obtained from both 
criteria [118].   
The overall scheme of proposed method is shown in Fig. 4.4. The overall scheme 
consists of three main networks: 2D-CNN network, generative model network and 
discriminative model network. Each network is illustrates in following sections. 

4.8.4 2D-Convolutional Neural Network (CNN) Classifier  
As mentioned a 2D-CNN architecture is provided to fulfil automatic feature 
extraction task. The architecture consists of four convolutional layers. The first 
convolutional layer Conv 1 contains 16 filter bands, each being a 5 × 5  spatial 
domain filter that performs 𝑥1 = 𝑓(𝜔 ∗ 𝑥 + 𝑏), where 𝑓 is a nonlinear function 
(e.g. sigmoid). This spatial convolution is followed by a ReLU activation function 
max(0, 𝑥1). The number of filters is gradually increased throughout convolutional 
layers. The remaining three convolutional layers apply 32, 64 and 128 numbers of 
3 × 3  filters, respectively. The first and third layers are followed by maxpool 
layers for the nonlinear down sampling task by extracting the maximum value in 
the given spatial area, i.e. a maximum value in 2 × 2 area for 2 × 2 maxpool 
layer. 
The convolutional layers then followed by several fully connected (FC) layers to 
simplify the end-to-end classification task where the soft-max function is chosen 
as a activation function on the last layer of the classifier.  
It is worth noting, as shown also in Fig. 4.4, that the extracted features by this 2D-
CNN network, at last convolutional layer (Conv 4), are shared between both the 
discriminative and generative models. 

4.8.5 Generative Model: Gaussian Mixture Model (GMM)  
Given data matrix 𝜲 generated randomly from Gaussian distribution, then we have 
𝜲 ~ 𝒩(𝝁,∑) where 𝝁 = [𝜇1, … . . , 𝜇𝑛]

𝑇 is the mean vector and ∑ is the covariance 
matrix, then the probability density function of data Χ is [122]: 

         𝑝𝑥(𝑥1, 𝑥2, … , 𝑥𝑛) =
1

(2𝜋)𝑛 2⁄ (∑)1 2⁄
exp (−

1

2
(𝒙 − 𝝁)𝑇∑−1(𝒙 − 𝝁))          (4.12) 

Then conditional probability of data 𝜲 = [𝒙1, … . . , 𝒙𝑘], given Gaussian parameters 
𝜇, ∑ is given as: 

𝑝(𝒙1, … . . , 𝒙𝑛|𝝁, ∑) = ∏ 𝑝(𝒙𝑖|𝜇𝑖, 𝜎𝑖
2)𝑛

𝑖=1 = (
1

2𝜋𝜎𝑖
2)
𝑛 2⁄

𝑒𝑥𝑝 (−
∑ (𝑥𝑖−𝜇𝑖)

2𝑛
𝑖=1

2𝜎𝑖
2 )  

                                                                                                                           (4.13) 
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With unknown Gaussian parameters, the suitable approach for determining the 
parameters is the maximum likelihood method, which aims at maximizing the log 
likelihood function in (4.14). 

ln ℒ(𝝁, ∑) =∑ ln𝑝(𝒙𝑖|𝜇𝑖 , 𝜎𝑖
2)

𝑛

𝑖=1
 

                        = − 1

2
ln(|∑|) −

1

2
(𝒙 − 𝝁)𝑇∑−1(𝒙 − 𝝁) −

𝑛

2
ln(2𝜋)                     (4.14) 

The maximum value is obtained by taking the derivatives with respect to 𝜇𝑖, 𝛿𝑖2 
and then solving the resulted first order conditions that yields maximum likelihood 
estimates. 
We assumed that the voltage dips, distributed on seven different classes, and we 
also assumed that conditional probability of the label data (with target label (y)) is 
Gaussian distributed. Thus it motivates us to replacing the one Gaussian 
distribution in (4.12) with Gaussian mixture model (GMM) which has the 
flexibility to cover all the labels. Thereby the posterior probability in (4.13) is 
changed to (4.15) which is a linear combination of kernel function as: 

                                            𝑝(𝑦|𝑥) = ∑ 𝛼𝑗(𝑥)𝜙𝑗(𝑦|𝑥)
𝑚
𝑗=1                                (4.15) 

Where 𝛼𝑗(𝑥) are mixing coefficients, 𝑚 is the number of Gaussians in mixture 
and the kernel function 𝜙𝑗(𝑦|𝑥) is given by (4.16), [120][121]. 

                              𝜙𝑗(𝑦|𝑥) =
1

(2𝜋)𝑐 2⁄ 𝜎𝑗(𝑥)
𝑐 exp (−

‖𝑦−𝜇𝑗(𝑥)‖
2

2𝜎𝑗(𝑥)
2 )                          (4.16) 

where 𝜇𝑗(𝑥) represents the centre of the 𝑗𝑡ℎ kernel and 𝑐 denotes the output 
dimension. Further it is assumed that the outputs are statically independent within 
each component of the distribution, thus it can be described by a common variance 
𝜎𝑗(𝑥). Hence, the covariance matrix only contains diagonal elements that 
simplifies the calculation of inverse function. Further to bound the complexity we 
limit the number of Gaussian components in mixture to seven components 
corresponding to 7 different classes. 
According to [122], by choosing a sufficient number of Gaussian components 
(kernels) in mixture and also providing sufficient number of hidden units at deep 
neural network, then the GMM network can approximate efficiently any 
conditional probability 𝑝(𝑦|𝑥). However, there is need to apply some restrictions 
to the GMM parameters as follows: 

1) It is required that the mixing coefficients 𝛼𝑗(𝑥) should satisfy the constraint 
∑ 𝛼𝑗(𝑥) = 1𝑗 . To reach this goal, the one solution is using softmax activation 
function in the nodes corresponding 𝛼𝑗(𝑥). 

                                           𝛼𝑗(𝑥) =
exp (𝑧𝑗

𝛼)

∑ exp (𝑧𝑖
𝛼)𝑚

𝑖=1

.                                               (4.17) 

where zjα represents the corresponding network outputs.   

2) The variance parameter 𝜎𝑗  is considered as scaling parameters, then they could 
be represented in terms of the exponential of the corresponding network 
output 𝑧𝑗𝛼 thus, 𝜎𝑗(𝑥) is represented as: 𝜎𝑗(𝑥) = exp (𝑧𝑗𝛼). This representation 
avoids pathological configure. 
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3) The centres parameters 𝜇𝑗(𝑥) represent location parameters. Using the 
uninformative prior approach the one easy solution would be representing 
them directly by the network outputs i.e., 𝜇𝑗(𝑥) = 𝑧𝑗𝛼. 

It is worth mentioning that the number of output parameters in GMM increases to 
(𝑐 + 2) ×𝑚 parameters, where 𝑐 denotes the dimension of the output data and 𝑚 
is the number of Gaussians in the mixture as shown in Fig. 4.3. 
Considering three restrictions 1-3, the deep neural network architecture has been 
developed for GMM as shown in Fig. 4.4. The proposed architecture consists of 
three subnetworks, each of which aids in producing log prior log (𝛼𝑗(𝑥)) or two 
parameters of the GMM in term of mean (𝜇𝑗(𝑥)) and variance 
(𝜎𝑗

2(𝑥)) parameters.  

Logprior Estimation: The first subnetwork aids in calculating the logprior 
values log (𝛼𝑗(𝑥)), where 𝛼𝑗(𝑥) are given by (4.17). The proposed network 
consists of one 2D convolutional layer that contains 3 × 3  filter which followed 
by fully connected (FC) layer and two dense (Dens) layers. In the last layer of 
the proposed subnetwork we used log-softmax function (as recommended by 
restriction (3)) as the activation function. The log function is employed to 
reduce multiplication demand [121].  
Mean and Variance Estimation: The applied subnetworks for variance and 
mean estimation are the same as the previous subnetwork except the subnetwork 
corresponding to variance parameter uses ShiftedELU (shifted exponential 
linear unit) activation function , as suggested by restriction (2), at its last layer. 
The ShiftedELU activation function is defined as [121]: 

                                  𝑓(𝑥) =  {𝛼
(𝑒𝑥 − 1) + 𝑠ℎ𝑖𝑓𝑡              𝑥 < 0
𝑥 + 𝑠ℎ𝑖𝑓𝑡                              𝑥 > 0

                      (4.18) 

Finally considering the third restriction the subnetwork corresponding to mean 
parameter uses just ReLU activation function at its last layer. 

To train the overall GMM, the last layers of all three subnetworks are 
concatenated and the model is trained on GMM loss function given by (4.19). The 
Log function is chosen to decrease the multiplication burden [121]. 

𝐽(𝜃, 𝑥, 𝑦) = −∑ 𝑙𝑜𝑔∑ 𝑒𝑥𝑝 (log (𝛼𝑗(𝑥𝑖)) −
𝑐

2
log 2𝜋 −

𝑐

2
log(𝜎𝑗(𝑥𝑖)

2) −𝑚
𝑗=1

𝑛
𝑖=1

                                                               
‖𝑦𝑖−𝜇𝑗(𝑥𝑖)‖

2

2𝜎𝑗(𝑥𝑖)
2 )                                                     (4.19) 

4.8.6 Discriminative Model: Support Vector Machine (SVM)  

This method uses a standard SVM classifier with RBF kernels as the discriminative 
model. To adapt a multi-class SVM we used “one-against the rest” approach in 
which a single classifier is trained to discriminate one class from all other classes, 
whiles the decision is drawn according to the scores from these individual 
decisions. The corresponding decision rule is given by [122]. 

                         𝑝(𝑥|𝑦) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑘

{∑ 𝛼𝑘𝑖𝐾(𝑥, 𝑣𝑖) + 𝛼𝑘0𝑣𝑖∈𝑆𝑘
}                    (4.20) 
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where 𝐾 is a kernel function, the 𝑣𝑖 is 𝑖𝑡ℎ support vector and 𝛼𝑘𝑖 are the 
corresponding weights and 𝛼𝑘0 is a bias term. 
Using RBF kernel, (4.20) can be equivalently re-written by (4.21) below:  

                      𝑝(𝑥|𝑦) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑘

{∑ 𝑘𝛼𝑘𝑖𝑒
(−𝛾‖𝑋−𝑣𝑖‖

2) + 𝛼𝑘0𝑣𝑖∈𝑆𝑘
}                  (4.21) 

Comparing equation in (4.21) with Gaussian model in (4.16) there are many 
similarities. Actually they are identical if one ignores the bias term 𝛼𝑘0. Thus 
using the GMM in can be transformed into an SVM, considering 𝑘𝛼𝑘𝑖 =

𝜔𝑖

(2𝜋𝜎𝑘(𝑥)
2)𝑑 2⁄ , 𝛾 = 1

2𝛿2
  and 𝜇𝑘(𝑥) = 𝑣𝑖.  

The 𝛼𝑘0 can be approximated by additional Gaussian distribution with arbitrary 
mean and very high variance and a cluster weight proportional to 𝛼𝑘0. 
To develop a deep discriminative model, as shown in Fig. 4.4, the extracted 
features by 2D-CNN network are also applied to the discriminative model 
subnetwork. The obtained features at last layer of 2D-CNN architecture are 
employed as an input to another 2D-Conv layer (in discriminative model) with 
ReLU activation function. The current multi-resolution features are imposed to 
one FC layer which followed by two other Dense layers (with ReLU activation 
function). We used FC layer together with these two Dens layers for simplicity in 
fulfilling the classification task.  
In general, the discriminative model trained on a set of automatically extracted 
features by 2D-CNN while the training process aims at minimizing categorical-
hinge loss function given in (4.22).   

            𝐿(𝜃, 𝑦, 𝑓(𝑥)) = max (0, (max(1 − 𝑦𝑖 ∗ 𝑓(𝑥)) − ∑ 𝑦𝑖 ∗ 𝑓(𝑥)𝑖 ))          (4.22) 

where 𝑓(𝑥) is a RBF kernel function and yi is a true label. 
The proposed method is summarized in Algorithm (1). 
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Fig.4.3.  The scheme of deep Gaussian mixture model (GMM). 
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Conv1- 16- 5×5- 2×2- Relue/maxpoolConv1- 16- 5×5- 2×2- Relue/maxpool

Conv2- 32- 3×3- 1×1- RelueConv2- 32- 3×3- 1×1- Relue

Conv3- 64- 3×3- 2×2- Relue/maxpoolConv3- 64- 3×3- 2×2- Relue/maxpool

Conv4- 128- 3×3- 1×1- RelueConv4- 128- 3×3- 1×1- Relue

ConvLog- 1- 3×3- 1×1 RelueConvLog- 1- 3×3- 1×1 Relue

Flatten Flatten 

Dense- 128- ReluDense- 128- Relu

Dense- M- logsoftmaxDense- M- logsoftmax

ConvVar- 1- 3×3- 1×1- RelueConvVar- 1- 3×3- 1×1- Relue

Flatten Flatten 
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Dense- 128- ReluDense- 128- Relu

Dense- 7- ReLUDense- 7- ReLU
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Fig. 4.4.  The proposed deep generative-discriminative model pairs architecture.  

 
TABLE 4.5 

Algorithm1: Generative-discriminative model pairs in active learning context 
Input: 𝒰 = {x1, x2, … . , xn} and ℒ = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … . , (𝑥𝑚 , 𝑦𝑚)} 
Parameters: (i) 𝛼 probability threshold; (ii) 𝛿𝑘𝑙:the KL-divergence threshold; (iii) 𝛽: Gibbs 
parameter. 
Init: initialize weights, variance and mean values of GMM. 

 
1. Train SVM and GMM on labelled dataset. 
2. Predict the log posterior (𝑙𝑜𝑔 𝑝(𝑦|𝑥)) and minimum log likelihood (log 𝑝(𝑥|𝑦)) for all 

samples belonging to unlabelled dataset. 
3. Develop query criteria 𝑝𝑔(𝑥𝑖) and 𝑝𝑑(𝑥𝑖) for all samples belonging to to unlabelled dataset, 

using (4.7) and (4.8), respectively. 
4. Extract the effective pool of unlabeled data by selecting samples that their corresponding 

criterion is bigger than one threshold value 𝛼. 
5. Calculate 𝐻 in (4.9) using predictions of effective pool samples. 
6.  Calculate the current overall efficiency upon 𝑥𝑖 at time t: 

 𝜑𝑡(𝑥𝑖) = ((𝑒𝐻𝑡 − 𝑒𝐻𝑡−1) − (1 − 𝑒)) (2𝑒 − 2)⁄  
7. Update the weights 𝜔𝑡+1,𝑘 ∝ 𝜆𝜔𝑡,𝑘 + (1 − 𝜆)φ𝑡(𝑥𝑖) (

𝑝𝑘(𝑥𝑖)

𝑝(𝑥𝑖)
)  

8. Choose the query which results in biggest weight 
9. Add the pair (𝑥𝑖 , 𝑦𝑖), suggested by selected query to the ℒ and remove from 𝒰 
10. Update classifier on new labelled dataset and repeat steps 3-9 until all unlabeled samples are 

labelled.  
 

4.9 Experimental Results for Deep CNN-based Voltage Dip 
Classifier 

The proposed scheme has been verified through several case-studies [Paper E]. 
Here we present the obtained results from general case study (Case study 1 in 
Paper E). In this case study the proposed scheme in Fig. 4.2 is applied to summed 
datasets D1+D2+D3 (see Table 4.1), with a 75% and 25% partition into training 
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and test sets. Fig. 4.5 shows the performance of the proposed scheme where the 
accuracy and loss are shown as a function of the number of epochs.  
Table 4.6 shows the resulting confusion matrix on the test set, and Table 4.7 
shows the performance (classification rate and false alarm rate, as in (4.3) and 
(4.4)) on the test set for each individual class.  

The table shows 4 misclassifications between 𝐷𝑎 and 𝐶𝑏, 9 between 𝐷𝑐 and 𝐶𝑎 and 
7 between 𝐷𝑐 and 𝐶𝑏. The other misclassifications are between unbalanced dip 
classes and balanced dip Class A, for instance, 2 between Class 𝐷𝑐 and Class A.  
 

 
Fig. 4.5.  Case study 1: performance on training and validation, using 5-fold cross-validation. 

Left: accuracy vs. epochs, Right: loss vs. epochs. 
 

TABLE 4.6 
Case Study 1: Resulting confusion matrix on the test Set. 

 �̃� �̃�𝒂 �̃�𝒃 �̃�𝒄 �̃�𝒂 �̃�𝒃 �̃�𝒄 
A 556 0 1 0 0 0 0 
𝑪𝒂 0 170 0 0 0 0 2 
𝑪𝒃 1 0 184 0 0 0 0 
𝑪𝒄 0 0 0 154 1 0 0 
𝑫𝒂 0 0 4 0 112 0 0 
𝑫𝒃 1 3 0 0 0 151 0 
𝑫𝒄 2 9 7 0 0 3 129 

 
TABLE 4.7 

Case Study 1: Performance on each class: CR and FAR. 
Class A 𝑪𝒂 𝑪𝒃 𝑪𝒄 𝑫𝒂 𝑫𝒃 𝑫𝒄 Ave. 
CR(%) 99.8 98.9 99.5 99.4 96.6 97.4 86.0 96.78 
FAR(%) 0.8 0.9 0.9 0.0 0.2 0.4 0.1 0.47 
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Chapter 5 
 

Based on papers [F] and [G], this chapter presents systematic approaches for 

qualification and quantification of voltage dip characterization methods.   
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5 Quantitative and Qualitative Comparison of 
Voltage Dip Characterization Methods 

Voltage dips are quantified through several voltage dip characteristics like residual 
voltage, voltage dip duration, characteristic voltage, positive-negative factor, dip 
type, phase-angle-jump, and so on.  
Different characterization methods have been proposed. The big difference 
between these methods is in the applied set of single-event characteristics. A 
codified and systematic comparison approach is required to quantify and compere 
the performance of competitive characterization methods. 
This dissertation presents a more subjective comparison approach, applied in 
Section 5.1.3 [Paper F]. This comparison approach especially concerns single-
event characteristics which are calculated from voltage dip characteristics versus 
time. There are different ways to calculate single-event characteristics in this way. 
This approach compares different methods in term of accuracy and complexity to 
implement. The approach is applied to three single-event characteristics: 
characteristic voltage (CV), positive-negative factor (PNF) and dip type (DT). 
Two algorithms are compared for calculating the characteristics versus time: 
symmetrical component algorithm (SCA) (Section 5.1.1) [78] and six-phase 
algorithm (SPA) (Section 5.1.2) [79] and 12 different ways are compared to 
calculate single event characteristics (Section 5.1.3). To compare different 
methods, the relative error between corresponding single-event characteristics 
calculated by rival methods is calculated and used as a comparison indicator.  
Another systematic comparison approach presented is applied to seven different 
characterization methods. Each method is related to a different synthetic dip, with 
the same characteristics as the measured dip (Section 5.2). Next, the proposed 
approach applies original and synthetic dips to a generic model of sensitive loads 
(Section 5.2.1). Finally, the impacts of both dips on the sensitive load are 
quantified and a predictive error is defined which is used as a comparison metric 
(Section 5.2.2), [Paper G].  

5.1 Single-Event Characteristic from Characteristic versus 
Time 

The three-phase single-event characteristics CV, PNF and DT are able to 
distinguish between balanced and unbalanced voltage dips. The CV is a good 
alternative for residual voltage and PNF quantifies the amount of voltage dip 
unbalance. Therefore this set of single-event characteristics is a good candidate for 
representing voltage dips in three phases and further voltage dip analytics.  
There are two main algorithms for calculating CV, PNF and DT as a function of 
time, which are symmetric component algorithm (SCA) [78] and six phase 
algorithm (SPA) [79]. Both methods calculate these characteristics as functions of 
time which are denoted as (CVt), (PNFt) and (DTt), [Paper F]. Further, 12 
different ways are compared to calculate single-event characteristics CV, PNF and 
DT from CVt, PNFt and DTt, respectively. Six of those methods are based on SC 
algorithm, A1 through A6. The six remaining methods are based on SP algorithm, 
B1 B6. Forthcoming sections explain the 12 different calculation methods and the 
proposed comparison approach which results in the most efficient methods in term 
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of accuracy and complexity. The selected method is the one which that gives the 
best compromise between accuracy and complexity. 

5.1.1 Symmetrical Component Algorithm (SCA) 
The symmetrical component algorithm (SCA) uses the three complex voltages as 
input to calculate CVt, PNFt and DTt. The Characteristic voltage (CV) is the 
difference between positive (𝑉1) and negative  (𝑉2) sequence magnitudes for line 
to line (LL) faults and the sum of 𝑉1 and 𝑉2 for single line to ground (SLG) faults. 
CV can be considered as an alternative for residual voltage. A lower value for CV 
means a more severe voltage dip.  
The PNF is the sum of 𝑉1  and V2 for LL faults; the difference between V1 and V2 
for SLG faults. The PNF value is close to unity for both fault types. The difference 
between CV and PNF is a measure of the amount of voltage unbalance. The dip 
type (DT) characteristic divides voltage dips into a number of basic types: e.g. A, 
C and D see Chapter 4, Section 4.3; 
The six methods based on the SC algorithm [78] to calculate single-event 
characteristics CV, PNF and DT are as follows [Paper F]: 

Method A1: the single-event characteristics are DTt and PNFt at the instant of lowest 
CVt during the entire recording, including the transition segments.  

Method A2: the single-event characteristics are DTt and PNFt at the instant of lowest 
CVt during the event, excluding the transition segments.  

Method A3: the single-event characteristics are DTt, PNFt and CVt when the rms 
voltage is the lowest in any of the three phase-to-neutral voltages (IEC 
61000-4-30 [73] and IEEE Std. 1564 [75]).  

Method A4: the single-event characteristics are the lowest PNFt and lowest CVt 
during the entire recording including transition segments. DT is determined 
by CV and PNF. 

Method A5: the single-event characteristics are the lowest PNFt and lowest CVt 
during the recording, but excluding the transition segments. DT is 
determined by CV and PNF. 

Method A6: from the recorded data, magnitude and PAJ in each of the three phase-to-
neutral voltages are calculated as in [123], the three characteristics are 
obtained from these complex voltages by SC.  

5.1.2 Six-Phase Algorithm (SPA) 
The second main method for calculating CVt, PNFt and DTt is the six-phase (SP) 
algorithm [79].  
To calculate these characteristics, first of all, the six rms voltages of the phase-to-
phase and phase-to-neutral voltages after subtracting the zero-sequence voltage are 
calculated. CV is the lowest of the six rms voltages, PNF is the highest of the six rms 
voltages at each moment. The dip type (DT), at each moment, is Da, Db or, Dc 
whenever the lowest rms voltage is phase Va, Vb or Vc at that moment, respectively. If 
the lowest rms voltage is one of the phase–to–phase rms voltages including: Vbc, Vca  
or, Vab the detected dip type is Ca, Cb or, Cc respectively.  
The procedure for calculating CVt, PNFt and DTt based on SPA. The six methods, 
namely B1 through B6, for calculating single-event characteristics are defined below: 
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Method B1: CV is the lowest of the six rms voltages during the entire recording. DT 

and PNF are determined from the six rms voltage at the instant that this 
lowest value occurs.  

Method B2: CV is the lowest CVt during the event excluding the transition segments. 
DT as single-event characteristic is determined by which of the six rms 
voltages gives the lowest value. PNF is the highest rms voltage in the six-
phases, at the instant when CVt is lowest.  

Method B3: CV is the lowest of the six rms voltages, PNF is the highest of the six and 
DT is determined by CVt when the rms voltage is the lowest in any of the 
three phase-to-neutral voltages (according to IEC 61000-4-30 [73] and 
IEEE Std 1564 [75]).  

Method B4: CV and PNF are the lowest and the highest voltage, respectively among 
the six minimum rms voltages of the six-phases during the entire recording 
including the transition segments, DT is determined.  

Method B5: CV and PNF are the lowest and the highest voltage among the six 
minimum voltages of the six-phases during the event, excluding transition 
segments, DT is determined.  

Method B6: magnitude and PAJ in each of the three phase-to-neutral voltages are 
calculated using the method proposed in [123]. The six rms voltages are 
calculated from these three complex voltages and the six-phase algorithm is 
applied to these. CV, PNF and DT are calculated from the three complex 
voltages by SP.  

5.1.3 Comparison Algorithm 
To compare the performance of two different methods for calculating single-event 
characteristics, a percentage difference between two calculated single-event 
characteristics (𝑥𝑖 and 𝑥𝑗) is calculated as follows [Paper F]: 

                                               𝜌𝑖,𝑗 =
|𝑥𝑖−𝑥𝑗|

𝑥𝑛𝑜𝑟
× 100%                                           (5.1) 

Where 𝑥 is one of PNF, CV, or DT. 𝑥𝑖 and 𝑥𝑗 are calculated by Method 𝐴𝑖 and 𝐴𝑗 
based on SCA or 𝐵𝑖 and 𝐵𝑗 based on SPA. 𝑥𝑛𝑜𝑟 is the CV, PNF before the start of 
the voltage dip. All introduced methods are applied to 259 different measured 
voltage dips. Then the values of the variables 𝑥 used in (5.1) are calculated. 
Table 5.1 shows the comparison of the resulting PNF values by method A1 to A6. 
The marked cells determine the fraction number of dips which got a difference of 
more than 2%, 5%, 10% and 20%. For example, for 5.41% of the dips the 
difference between Method A2 and Method A3 is more than 2%. 
The comparison algorithm can be extended for other single-event characteristics 
(CV and DT) calculated by different methods in the same way [Paper G]. A 
comparison can be made between two methods, one based on SCA and the other 
based on SP algorithm. The comparison results are shown in Table 5.2. The 
highlighted cells in Table 5.2 are the comparison between Method A3 and B3. The 
differences for PNF and CV are smallest between A3 and B3; for DT between A6 
and B6. For the latter pair, the difference is much bigger for PNF and CV. For all 
the methods, especially the difference in DT is big. 
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TABLE 5.1 
PNF comparison for SCA-based methods (in %) 

PNF comparison A2 A3 A4 A5 A6 
>2% 

A1 

7.72  6.18  50.58  20.85  33.98  
>5% 2.32  2.70  22.39  5.79  21.62  

>10% 1.16  1.16  4.25  1.93  17.37  
>20% 0.00  0.39  1.16  0.39  15.44  
>2% 

A2 

  5.41  45.17  13.51  32.82  
>5%   1.54  19.69  4.63  21.62  

>10%   1.16  3.86  1.54  18.15  
>20%   0.00  0.77  0.00  15.06  
>2% 

A3 

    45.17  14.29  34.75  
>5%     19.69  3.47  22.01  

>10%     2.70  0.77  17.76  
>20%     0.77  0.00  15.06  
>2% 

A4 

      33.98  51.35  
>5%       13.90  33.98  

>10%       1.93  20.46  
>20%       0.77  14.67  
>2% 

A5 

        33.59  
>5%         23.94  

>10%         18.53  
>20%         14.29  

 

TABLE 5.2 
 Comparison between SCA and SPA (%) 

Difference PNF CV DT 

A1 and B1 
>2% 16.99  18.15  

20.46 >5% 3.47  10.81  
>10% 1.54  6.18  
>20% 0.39  3.09  

A2 and B2 
>2% 20.08  25.10  

20.08 >5% 2.70  10.81  
>10% 1.54  6.18  
>20% 0.39  2.70  

A3 and B3 
>2% 11.58  15.06  

16.99 >5% 2.70  7.34  
>10% 1.54  2.70  
>20% 0.39  1.54  

A4 and B4 
>2% 37.84  18.15  

29.34 >5% 14.29  10.81  
>10% 3.86  6.18  
>20% 1.16  3.09  

A5 and B5 
>2% 29.34  25.10  

27.03 >5% 6.18  10.81  
>10% 2.70  6.18  
>20% 0.39  2.70  

A6 and B6 
>2% 35.91  35.14  

12.74 >5% 22.78  23.55  
>10% 15.83  16.60  
>20% 8.88  9.27  

A3 and B1 
>2% 12.36  18.15  

21.24 >5% 3.09  10.81  
>10% 2.32  6.56  
>20% 0.39  3.47  

5.2 Efficient Characterization of Voltage Dips 
Different characterization methods consist of different sets of single-event 
characteristics. A set of single-event characteristics corresponds to a certain model 
of the voltage dip. For example, when a dip is described by one voltage and one 
duration, a suitable model is the rectangular, balanced voltage dip. For a given set 
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of single-event characteristics and given values of those characteristics, a synthetic 
dip can be created according to that model. For each different set of single-event 
characteristics, a corresponding synthetic dips is calculated.  
The overall method for selecting the most efficient set of single-event 
characteristics for representing a voltage dip is shown in Fig. 5.1. The voltage dip 
impacts on a generic device are calculated for both the real measured dip and the 
corresponding synthetic dip. This dissertation uses a generic model of an 
adjustable speed drive as sensitive load. But models for other sensitive loads can 
also be used. Since the DC-link voltage is what matters most for dip immunity 
[124], the minimum DC-link voltage during the event is selected as a comparison 
metric. Further the comparison is done for small, medium and big size DC-link 
capacitors. There are other possible alternatives for a comparison metric. In this 
case for example the number of load trips can be considered as a comparison 
indicator. The details of the method are rendered in the forthcoming sections 
[Paper G]. 

5.2.1 Generic Device Model 
For the same general type of equipment, different manufacturers often implement 
different hardware components, different topologies and different control 
algorithms. To predict the impact of voltage dips on a specific device, it is 
important to include all those details. However to compare characterization 
methods, a generic device model is more appropriate. Such a model should 
include the main properties of the device with respect to voltage dips, without the 
need to obtain manufacturer-specific data [Paper G].  
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Fig. 5.1.  The proposed method for comparing different characterization methods. 

5.2.2 Prediction Error 
The impact of the voltage dip on the device is quantified as the lowest DC-link 
voltage during the event. The lower this value, the higher the probability that the 
undervoltage protection trips.  
A lower voltage will also give higher post-dip inrush current and a higher 
probability that the overcurrent protection will trip the device. A lower DC-link 
voltage will also increase the impact on motor torque and speed. The lowest DC-
link voltage under the real measured voltage dip is represented by 𝜌(𝑟) and the 
lowest value under the synthetic voltage dip is represented by 𝜌(𝑖). 
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The smaller the difference between these two values, the better the 
characterization method in predicting the device performance. To quantify this, a 
“relative prediction error” is introduced as: 

                                                    휀𝑖 =
𝜌(𝑖)−𝜌(𝑟)

𝜌(𝑟)
× 100%                                     (5.2) 

When 𝜌(𝑖) − 𝜌(𝑟) is positive, the predicted value of the minimum DC-link voltage 
is larger than the one in reality. The synthetic dip is thus less severe for the 
equipment than the measured dip: i.e. the characterization method underestimates 
the severity of the dip. Similarly, when 𝜌(𝑖) − 𝜌(𝑟) is negative, the characterization 
method overestimates the severity of the dip [Paper G]. 

5.2.3 Synthetic Voltage Dips  
Synthetic voltage dips are different for different sets of single-event 
characteristics. In paper C, seven different sets of characteristics are compared; 
each set of characteristics is associated with one synthetic voltage dip. The 
procedure to build the synthetic voltage dip for each of the characterization 
methods is as follows [Paper G]. 

Method 1 (Unbalanced Dip): The method uses duration and residual voltage for 
each of the three voltages.  

Method 2 (Balanced Dip): The method uses one residual voltage and one voltage 
dip duration.  

Method 3 (Unbalanced): The method uses one duration, three residual voltages 
together with the three PAJs.  

Method 4 (Balanced Dip): The method uses one duration, one residual voltage (as 
in IEC 61000-4-30 [73]) and one PAJ. 

Method 5 (Balanced Dip): The method uses one duration and one residual voltage 
obtained from the phase-to-phase voltages. 

Method 6 (Unbalanced Dip): The method uses duration, dip type, characteristic 
voltage, PAJ and PN Factor. 

Method 7 (Unbalanced Dip): The method uses duration, dip type, characteristic 
voltage and PAJ. 

An example of a measured voltage dip and the seven synthetic voltage dips, 
according to the seven characterization methods, is shown in Fig. 5.2.  

5.2.4 Capacitor Size 
The relative prediction errors have been calculated for ASDs with small, medium 
and large capacitor and for 235 measured voltage-dip events. Fig. 5.3 shows the 
relative prediction error for characterization Method 1.  
The scatter points in three different colours, shown in Fig. 5.3, present the relative 
prediction error for small, medium and large capacitor. Results show that Method 
1 gives up to about 20% prediction error. The capacitor size does not impact the 
error for most dips. But for some dips the error is significantly larger for smaller 
capacitor size. The results show the synthetic rectangular unbalanced dip describes 
reality within 10% in most cases. Secondly, the performance obtained from the 
characteristics is on average equally severe as reality. Lastly, there is no clear 
correlation between residual voltage and prediction error. 
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                          (a) Measured dip                                                   (b) Synthetic dip from Method 1 
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                (c) Synthetic dip from Method 2                                      (d) Synthetic dip from Method 3 

  
                 (e) Synthetic dip from Method 4                                           (f) Synthetic dip from Method 5 

  
            (g) Synthetic dip from Method 6                                          (h) Synthetic dip from Method 7 

Fig. 5.2.  Example of a measured voltage dip and seven kinds of synthetic voltage dips. 

5.2.5 Alternative Indicators for Comparison 
An alternative indicator for comparing between measured and for the synthetic 
dips is the number of equipment trips. This requires a model of the tripping 
mechanism. Here it is assumed, again as a generic model, that the equipment 
would trip instantaneously when the DC-link voltage drops below a certain 
threshold value. Threshold values equal to 40%, 70% and 85% of nominal have 
been used in this thesis. 
The prediction error of seven methods, three thresholds and three different 
capacitor sizes are shown in Table 5.3. A comparison was also made of the 
number of over- and under-estimations for non-shallow dips (less than 80% 
residual voltage) only. The reasoning behind this was that it is in general relatively 
easy to make equipment tolerate shallow dips. Their characterization would 
therefore be of less importance. It was shown that the number of overestimations 
was rather similar for the different methods; the number of underestimations was 
low for Method 2 and 5 [Paper G]. 
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Fig. 5.3.  Relative prediction error for Method 1 versus residual voltage. 

 

TABLE 5.3 
Error in predicted number of equipment trips (in %) for seven characterization methods (M1 to 

M7), three capacitor sizes (S, M, L) and three threshold settings (40%, 70% and 85%). 

5.3 Conclusion 
There are two general methods for calculating three-phase characteristics CVt, 
PNFt and DTt as functions of time which are SCA [78] and SPA [79]. Further, 12 
different ways for extracting single-event characteristics have been studied. The 
main difference between methods is considering transition segment or ignoring it 
for calculating single-event characteristics. Additionally some of these methods 
use also phase angle jump (PAJ) for calculating single-event characteristics 
[Paper F].  
The overall results illustrate that methods which extract single-event characteristic 
during event segment only and ignore transition segments have better performance 
and result in more realistic result. Additionally, methods which use phase-angle-
jump also show more accurate results, but they increase also complexity to the 
implementation. In sum, as segmentation is a big barrier in front of 
characterization methods, methods which don’t require segmentation but also 
result in admissible single-event characteristics and close to existing standard 
results, are more appropriate 
The obtained results from evaluating different synthetic voltage dips show that 
characterization methods which distinguish between unbalanced and balanced 
voltage dips are more appreciate. Using a set of three-phase single-event 
characteristics including CV, PNF and DT offers an efficient synthetic voltage dip 
in term of predicting the dip impacts on sensitive loads. The results show using 
additional characteristics like as phase-angle-jump improve the accuracy however 
it adds cost and complexity burdens [Paper G]. 
  

 M1 M2 M3 M4 M5 M6 M7 
85
%
（
S
） 

-6.81  12.34  -1.28  8.94  -7.23 -4.26  -3.40  
85

%（
M） 

0.43  17.45  6.81  20.85  -2.98  2.98  2.13  
85

%（
L） 

1.28  20.00  0.85  19.57  -2.13  4.26  -2.13  
70

%（
S） 

-1.28  8.51  0.43  7.23  0.00  0.43  1.28  
70

%（
M） 

-2.98  7.23  0.43  7.23  2.13  0.43  -1.28  
70

%（
L） 

2.98  18.30  -0.43  18.72  5.96 -0.43  -2.55  
40

%（
S） 

-0.85  1.70  0.00  1.70  0.43 0.43  -0.43  
40

%（
M） 

-0.85  3.40  0.00  3.83  1.28  0.43  -0.85  
40

%（
L） 

0.00  3.40  0.00  3.40  0.85  0.00  0.00  
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Chapter 6 
 

Based on papers [H] to [j], this chapter investigates the short comes regarding 

current used grid codes and then proposes both a single flywheel energy storage 

unit and flywheel energy storage matrix as solution for fault-ride-through 

requirement.   
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6 Fault-Ride-Through and Voltage Dip Mitigation 
6.1 Fault-Ride-Through 

The concept of “Fault-ride-through” (FRT) became important when it was 
realized that certain events in the transmission grid could potentially affect all 
production units over a large geographical area or even throughout the whole 
synchronous system. Further, as was known already for several years, even minor 
dips close to industrial installations or other sensitive loads, like data centres, may 
result in load malfunctioning or stoppage of the production process [125].  
Severe faults at transmission level and the resulting voltage dips impact only part 
of the system (contrary to “dips in frequency” which impact the whole 
synchronous area); but this may still be a large geographical area. The unwanted 
trip of an individual wind power generator is only an issue for the generator but 
for larger wind turbine installations this may impact both reliability and stability 
of the power transmission network [126]. 
In modern cities, data centres play a profound role in terms of sustainable 
development. The availability and proper functioning of data centres is crucial for 
controlling different aspects of modern cities such as lighting, 
telecommunications, internet, transport, urban traffic, banks, security systems, 
public health, entertainment, etc. Severe voltage dips and short interruptions may 
result in data centre malfunctioning which could have severe consequences [127].  
To avoid such situations from occurring, requirements are placed on the ability of 
equipment to tolerate voltage dips and short interruptions. Such requirements 
could be set by the owner of the equipment, for example in the specification 
towards an equipment manufacturer. Requirements are also set more centrally. 
The so-called “grid codes” contain requirements to be fulfilled by installations 
connected to the grid, this includes the ability of production units to tolerate 
voltage dips, referred to as “fault-ride-through”. So-called “immunity 
requirements” are set by IEC in several product standards, e.g. IEC 61800-3 [128] 
with testing methods including dips to be tested against what defined in IEC 
61000-4-11 and 61000-4-34. The voltage dips defined in these requirements are 
however simplified versions of events that equipment is exposed to in reality. 
Some of the limitations are: 

 The requirements are developed based on only fault-origin voltage dips, 
whereas there are other origins for voltage dips which result in different 
voltage dip characteristics. The term low-voltage-ride-through (LVRT) 
instead of FRT takes in some of this by realizing that it is not the actual 
fault but the voltage reduction at the device terminals that is the problem.  

 Concerning only two characteristics of the voltage dips including duration 
and residual voltage can describe only part of the impact of the voltage dip 
on equipment. 

 There are other voltage quality disturbances, e.g. voltage transients, which 
may also have an adverse impact on sensitive equipment.  

The first step toward developing more effective immunity and FRT requirements 
is conducting comprehensive studies about the behaviour of sensitive equipment 
in the presence of wide range of voltage dips and other voltage disturbances. 
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Exploring the relations between equipment behaviour and the characteristics of 
the voltage disturbances helps to adapt more precise and general requirements.  
However, the FRT and immunity requirements are not enough to ensure correct 
operation of sensitive devices during voltage disturbances. There remains a need 
for suitable control methods or other solutions (e.g. using back up power supply) 
to mitigate voltage disturbances to guarantee immunity and FRT of sensitive loads 
and generators. 
This section first of all presents a study about PQ event’s impacts on doubly-fed 
induction generator (DFIG)-based wind turbines. The study concerns the 
behaviour of DFIG in terms of three electrical parameters: DC-link voltage, stator 
voltages and rotor currents. To verify the dynamic behaviour of a wind turbine, in 
the presence of voltage dips and voltage transients, a 9 MW DFIG-based wind 
turbine is simulated in MATLAB/ Simulink environment.  
A flywheel-energy storage system (FESS) is proposed as a solution for voltage dip 
mitigation close to sensitive loads (e.g. DC data centres) or sensitive installations 
(e.g. microgrids). Suitable control methods have been developed for both 
individual flywheel energy storage system (FESS) and multi-agent flywheel 
energy storage matrix (FESM).  

6.2 DFIG behaviour during Voltage Dips 
6.2.1 General Model of DFIG-based wind turbine 

The general electrical model of the induction generator, in stationary reference 
frame, is described by equations (6.1) through (6.4), [129] [130]. 

                                          𝑣𝑠⃗⃗  ⃗ = 𝑅𝑠𝑖𝑠⃗⃗ +
𝑑

𝑑𝑡
�⃗� 𝑠                                                      (6.1) 

                                   𝑣𝑟⃗⃗  ⃗ = 𝑅𝑟𝑖𝑟⃗⃗  +
𝑑

𝑑𝑡
�⃗� 𝑟 − 𝑗(𝜔𝑠 − 𝜔𝑟)𝜑𝑟                                 (6.2) 

                                            �⃗� 𝑠 = 𝐿𝑠𝑖𝑠⃗⃗ + 𝐿𝑚𝑖𝑟⃗⃗                                                      (6.3) 

                                           �⃗� 𝑟 = 𝐿𝑟𝑖𝑟⃗⃗  + 𝐿𝑚𝑖𝑠⃗⃗                                                     (6.4) 

where 𝜔𝑠 and 𝜔𝑟 are the angular speed of the stator and rotor fluxes, respectively. 
The subscripts 𝑠 and 𝑟 represent the parameters on the stator and rotor sides, 
respectively.  
Manipulating (6.3) and (6.4), the space phasor of the rotor flux is given by (6.5). 

                                 �⃗� 𝑟 = (𝐿𝑟 −
𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗  +

𝐿𝑚

𝐿𝑠
�⃗� 𝑠                                                (6.5) 

Consequently, the rotor voltage space phasor is obtained as follows: 

       𝑣𝑟⃗⃗  ⃗ = 𝑅𝑟𝑖 𝑟 +
𝑑

𝑑𝑡
[(𝐿𝑟 −

𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗⃗  +

𝐿𝑚

𝐿𝑠
�⃗� 𝑠] − 𝑗(𝜔𝑠 −𝜔𝑟) [(𝐿𝑟 −

𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗⃗  +

𝐿𝑚

𝐿𝑠
�⃗� 𝑠]     (6.6) 

Considering, 𝑅𝑟𝑖 𝑟 ≈ (𝐿𝑟 −
𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗  ≈ 0, the rotor voltage space phasor, in normal 

operation, is obtained as follows: 

                                   𝑣𝑟⃗⃗  ⃗ ≈
𝐿𝑚

𝐿𝑠
(
𝑑

𝑑𝑡
− 𝑗(𝜔𝑠 − 𝜔𝑟)) �⃗� 𝑠                                         (6.7) 

In normal operation, the stator voltage space phasor is a rotating vector of constant 
magnitude that rotates at synchronous speed as: 
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                                             𝑣𝑠⃗⃗  ⃗ = 𝑉𝑠𝑒𝑗𝜔𝑠𝑡                                                           (6.8) 

Considering 𝑅𝑠 ≈ 0, the stator flux phasor, in normal operation, is obtained as a 
vector with constant magnitude (�̅�𝑠𝑓) as: 

                              𝜑𝑠⃗⃗⃗⃗ =
𝑉𝑠

𝑗𝜔𝑠
𝑒𝑗𝜔𝑠𝑡 = �̅�𝑠𝑓𝑒

𝑗𝜔𝑠𝑡                                                   (6.9) 

where �̅�𝑠𝑓 =
𝑉𝑠

𝑗𝜔𝑠
. 

Substituting (6.9) in (6.7), the rotor voltage phasor is obtained as follows:  

                                𝑣𝑟⃗⃗  ⃗ ≈
𝐿𝑚

𝐿𝑠
(
𝑑

𝑑𝑡
− 𝑗(𝜔𝑠 − 𝜔𝑟)) �⃗� 𝑠                                          (6.10) 

                                     𝑣𝑟⃗⃗  ⃗ ≈ 𝑗
𝐿𝑚

𝐿𝑠
(1 − 𝑠)𝜔𝑠�⃗� 𝑠                                                 (6.11) 

The forthcoming sections present the theoretical analytics of the dynamic 
behaviour of rotor current and rotor voltage space phasors due to balanced and 
unbalanced voltage dips. 

6.2.1.1 Balanced Voltage Dips 
Immediately after fault initiation, the stator voltage, in an extreme case, the 
magnitude of stator voltage phasor drops to zero, 𝑉𝑠 = 0. The stator flux cannot be 
discontinuous because it is a state variable. Its magnitude just after start of the 
voltage dip is equal to its previous value and then it exponentially decreases with 
the stator time constant. Thus, the rotor voltage space vector, just after the start of 
the voltage dip, is [129][130]: 

                                             Vr ≈
Lm

Ls
(1 −   s)Vs                                               (6.12) 

This rotor overvoltage, just after fault initiation, results in overcurrent in the rotor 
windings that may result in activation of the crowbar system.  
Further, due to fault occurrence, the active power capacity of the grid-side inverter 
is decreased thus the rotor overvoltage leads to transient DC-link overvoltage and 
overvoltage protection operation.   

6.2.1.2 Unbalanced Voltage Dips 
During an unbalanced voltage dip, the stator voltage space phasor consists of both 
positive and negative-sequence components as follows [129][130]: 

                                     𝑣𝑠⃗⃗  ⃗ = 𝑉𝑠𝑒𝑗𝜔𝑠𝑡 + 𝑉𝑠𝑒−𝑗𝜔𝑠𝑡                                              (6.13) 

The negative-sequence component, Vse−jωst generates a flux component rotating 
at the speed of (2 − s)ωs which results in large current ripples at the frequency of 
(2 − s)fs through the rotor windings.  

6.2.2 PQ events in the Transmission Grid and DFIG Behaviour 
The concern behind requirements on fault-ride-through is, as mentioned before, 
that an event at transmission level could result in tripping of a substantial part of 
the production over a large geographical area. Faults at lower voltage levels may 
also result in tripping of production units, but those do not impact the stability of 
the system and are therefore normally not considered for fault-ride-through 
requirements.  
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The ability of a DFIG based wind turbine to deal with three different PQ events, 
all originating at transmission level, has been verified. The details of studies and 
the obtained results are presented in the three examples below. 

Example 1: Symmetrical and Non-symmetrical Faults 
Symmetrical faults resulting in the same voltage drop in all three voltages. The 
voltage dip type (Type A) does not change due to dip propagation from the 
transmission system to the terminals of the wind-turbines. 
Asymmetrical faults result in unbalanced dips. Almost all unbalanced dips due 
to asymmetrical faults at transmission level, have two-stage recovery and 
similar voltage drop in two of the three voltages (Type C or D). The dip type is 
changed when the dip propagates toward the wind turbines. 
An unbalanced dips due to an asymmetrical fault, at distribution level, 
especially a cable fault, results in an unbalanced dip with an additional phase-
angle-jump and large differences between three voltage magnitudes [83]. Such 
dips may occur due to faults in the collection grid of a wind-power plant. The 
immunity of the turbines against such an event is important for the reliability of 
the installation, but not for fault-ride-through from the view of a transmission-
system operator. Faults in transmission cables may however require a 
consideration of high-phase-angle-jump dips for FRT requirements as well. 
A balanced voltage dip, measured at transmission level, is applied to the 
simulated DFIG-based wind turbine. The waveform and SPM of the three 
phase-to-neutral voltages are shown in the top-left and top-right subplots of 
Fig. 6.1, respectively. The residual voltage during the dip event is 0.8 pu and the 
event lasts for about 75 cycles. The DC-link voltage and the rotor current are 
shown in the bottom-left and bottom-right subplots of Fig. 6.1, respectively. At 
the beginning of the voltage dip there is a small DC-link overvoltage which 
results in large rotor overcurrent (about 2.2 pu) as shown in bottom-right 
subplot of Fig. 6.1. Because this is a balanced voltage dip, there is no large 
harmonic distortion either in DC-link voltage or in rotor current. 
A measured unbalanced voltage dip is imposed to the simulated DFIG-based 
wind turbine. The waveform and SPM of three phase-to-neutral voltages are 
shown in the upper subplots of Fig. 6.2. The voltage dip is Type 𝐶𝑏, in which 
the voltage ‘b’ has no voltage drop and there are considerable voltage drops in 
voltages ‘a’ and ‘c’.  
The during-event segment is represented as an ellipse as shown in the SPM 
subplot. The semi-minor axis of this ellipse is an equivalent residual voltage for 
the three-phase event. The semi-minor axis is about 0.51 pu and the dip event 
lasts for about 10 cycles.  
The rotor current waveform is also shown in Fig. 6.2 (bottom-left). The rotor 
current shows large harmonic distortion. The spectrum of the rotor current is 
shown in Fig. 6.2 (bottom-right). The fundamental frequency is about 10 Hz and 
the total harmonic distortion (THD) is about 168%. The 11th harmonic has the 
largest magnitude with respect to the fundamental frequency (about 150%).  
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Fig. 6.1.  Simulation results for fault origin balanced voltage dip: voltage waveform (top-left)  

and SPM (top-right), DC-link voltage (bottom-left) and rotor current waveform (bottom-right). 
 

 
Fig. 6.2.  Simulation results for fault origin unbalanced voltage dip; voltage waveform (top-left)  

and SPM (top-right), rotor current waveform (bottom-left) and spectrum (bottom-right). 

Example 2: Capacitor Energizing 
Voltage transients in power systems are caused by switching actions, lightning 
and self-clearing faults. Different phenomena create different types of 
transients. Oscillatory transients are caused mainly by switching phenomena in 
the network. The most severe transients are caused by capacitor energizing 
while capacitor de-energizing only causes a minor transient. Non-synchronized 
energizing of capacitors is worse than synchronized. Oscillatory transients are 
characterized by duration, magnitude and spectral content [131]-[133]. 
Also to be considered is the amplification of the oscillations when resonant 
frequencies are similar in different parts of the grid or when they are similar in 
the transmission grid and in the collection grid. It is shown in [134] that the 
resonant frequencies of the collection grids for different wind-power plants do 
not differ that much. It could thus happen that the same switching action is 
amplified in more than one collection grid. 
The waveform and SPM of a capacitor energizing transient are shown in 
Fig. 6.3. There is a short-duration voltage deviation due to capacitor energizing 
which is represented as several points around the unit circle (which correspond 
to a non-distorted balanced waveform at nominal voltage). Due to such voltage 
deviations there is no big impact on DC-link voltage however it impacts the 
rotor current.  
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Fig. 6.3.  Simulation results for very-short interruption due to some incorrect protection coordination; 

voltage waveform (top-left) and SPM (top-right), DC-link voltage (bottom-left) and rotor current 
waveform (bottom-right). 

Example 3: Transformer Energizing 
Transformer energizing results in a voltage dip with sudden voltage drop at the 
beginning and slow voltage recovery at the end. The corresponding rms voltage 
has a triangular shape and the corresponding SPM is in the shape of a heavy 
distorted circle subject to even harmonic distortion. An example of a voltage dip 
due to transformer energizing is shown in Fig. 6.4. 
Almost all transformer energizing voltage dips involve large even harmonic 
contribution next to the low-order odd harmonics. Some of the odd or even 
harmonics can be amplified due to resonances in the transmission grid [135]. 
Transmission transformers have low losses and are energized without load. This 
results in long energization transients, up to a minute or more. 
The waveform and the SPM of a measured voltage dip, with transformer 
energizing origin, are shown in Fig. 6.4. The dip is represented as a distorted 
circle in the SPM plot. Transformer energizing dips are associated with large 
second harmonic contribution. The DC-link voltage (bottom-left) and the rotor 
current (bottom-right) are also shown in Fig. 6.4. The DC-link voltage has a 
large fluctuation during transformer energizing.  
The spectrum of the rotor current is shown in Fig. 6.5. The THD is about 
66.3 %. The second harmonic is about 20% of fundamental frequency. The 
largest distortion is due to interharmonic of 15 Hz which is about 50 % of 
fundamental frequency. 
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Fig. 6.4.  Simulation results for transformer energizing voltage dip; voltage waveform (top-left)  
and SPM (top-right), DC-link voltage (bottom-left) and rotor current waveform (bottom-right). 
 

 
Fig. 6.5.  Spectrum of the rotor current. 

 

6.3 Voltage Event Mitigation  
There are various solutions for voltage dip mitigation. Some solutions rely on 
using power electronic devices (e.g., the distribution static compensator (D-
STATCOM) [136], the Dynamic Voltage Restorer (DVR) [137] and the Unified 
Power Quality Conditioner (UPQC) [138] or using energy storage systems (e.g., 
batteries energy storages system (BESS) [139], uninterrupted power supply (UPS) 
[140] or flywheel energy storage system (FESS)) [141]-[143]. 
The other kind of solutions aims at developing a suitable control method to 
mitigate voltage dips. Two well-known control methods for adjustable speed 
drives (a known sensitive load) are direct torque control (DTC) and field oriented 
control (FOC) [144].  
In most of cases a combination of above-mentioned solutions results in the most 
effective mitigation method.  
This dissertation proposes a flywheel system coupled with permanent magnet 
synchronous machine (PMSM) as an energy storage system controlled by a speed 
sensor-less DTC control scheme for voltage dip mitigation close to sensitive 
installations (e.g., microgrids). Then it extends the use of individual flywheel 
system to the flywheel energy storage matrix (FESM) to support larger sensitive 
loads such as large DC data centres. Considering FESM as multi-agent system the 
novel control based on consensus control theorem has been developed. The 
proposed control method for each individual FESS is embedded in distributed 
control method which lies in average consensus control context.   
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6.4 Individual FESS Control 
This dissertation proposes a novel control method for FESS in the aid of mitigating 
the severe voltage dips close to sensitive installations like microgrids. The proposed 
control method consists of two main modules: flywheel control module and electrical 
machine control module. 
The flywheel control module has two sub-modules including charge and discharge 
control modes in the aid of controlling the inverter current in two different modes of 
flywheel operation. The main control variable in this module is the inverter current 
which is a constant value during charge mode; it is equal to the current needed to 
supply the electrical motor coupled with the flywheel. In discharge mode, the inverter 
current is regulated to supply the load connected to the DC bus and also compensate 
DC-link voltage drop in addition to the PMSM load current. Given regulated inverter 
current, the 𝑑𝑞 stator currents are also derived, which are input values to the DTC 
control provided for electrical machine control. 

The overall schematic and electrical model of the proposed system for individual 
FESS are shown in Fig. 6.6 and Fig. 6.7, respectively.  
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Fig. 6.6.  The proposed system schematic. 
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Fig. 6.7.  Equivalent circuit model of the proposed system. 

6.4.1 Flywheel control module 
The proposed control module related to the flywheel control, has two main 
submodules: charge control mode and discharge control mode. To develop these 
submodules, first of all, the electrical power relations between inverter current and the 
flywheel system were derived [145]. The details are presented in forthcoming 
subsections. 
1) Electrical Power Relations 

The electrical power, at the terminal of the inverter, is given by (6.14) [145]. 

                                                 𝑃𝑑𝑐 = 𝑖𝑖𝑛𝑣 × 𝑣𝑑𝑐                                              (6.14) 

Ignoring the power losses in the inverter, 𝑃𝑑𝑐 is equal to the electrical power (𝑃𝑒𝑙𝑒𝑐) at 
the terminals of the motor/generator. The electrical power is a function of electrical 
torque and rotor mechanical speed resulting in (6.15).  

                                               𝑖𝑖𝑛𝑣 = 
𝜏𝑒×𝜔𝑟𝑚𝑒𝑐ℎ

𝑣𝑑𝑐
                                                (6.15) 
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The electrical torque can also be obtained from the stator dq-currents, in rotor 
reference frame, (𝑖𝑞𝑠𝑟 , 𝑖𝑑𝑠𝑟 ) as given in (6.16). 

                             𝜏𝑒 =
3

2

𝑃

2
[(𝐿𝑑𝑖𝑑𝑠

𝑟 + 𝜆𝑎𝑓)𝑖𝑞𝑠
𝑟 + (𝐿𝑞𝑖𝑞𝑠

𝑟 )𝑖𝑑𝑠
𝑟 ]                            (6.16) 

where P is the number of poles, 𝜆𝑎𝑓 is the induced flux linkage and, 𝐿𝑑, 𝐿𝑞 are dq-
axis rotor inductances.  
To provide a linear control system, between the electrical motor torque and the q-axis 
current, the command 𝑑-axis current is set at zero, 𝑖𝑑𝑠𝑟∗ = 0. Thereby, (6.16) changes 
to: 

                                                   𝜏𝑒 =
3

2

𝑃

2
𝜆𝑎𝑓𝑖𝑞𝑠

𝑟                                                (6.17) 

Finally, substituting (6.17) in (6.15), and manipulating the obtained equation, the 
motor current is obtained as a function of the inverter current:  

                                                 𝑖𝑞𝑠𝑟∗ = 𝑖𝑖𝑛𝑣
∗ 3 𝜆𝑎𝑓𝜔𝑟 

2𝑣𝑑𝑐  
                                              (6.18) 

where 𝜔𝑟 is an electrical rotor speed, equal to the product of the number of pole pairs 
and the mechanical rotor speed. 

2) Charge Control Mode 

In charge control mode, the control system aims at providing constant charging 
current for the flywheel system. According to (6.18) the command q-axis current is a 
function of the inverter current. To derive the command inverter current, 𝑖∗𝑖𝑛𝑣, the 
command charging current, 𝑖𝑐ℎ𝑎𝑟𝑔𝑒∗ , is compared with measured flywheel current, 𝑖𝑓. 
The error signal is passed through a PI controller. To speed up the PI controller 
operation, without need for large gains, the command charge currents are added as 
feed forward (FF) control to the system directly [28]. The structure of the proposed 
charge control mode is shown in Fig. 6.9 [145] [146].  

3) Discharge Control Mode 
In discharge control mode, the command inverter current is determined based on the 
DC bus voltage error. The error signal is passed through a negative gain and next 
through the PI controller. The negative gain ensures the command inverter current is 
negative and thus the command q-axis stator currents are also negative values, which 
means the current is injected from the flywheel to the DC bus. To cope with a sudden 
disturbance imposed to the system (e.g. a load change), a decoupled disturbance 
controller (DD) is added [145]. The rectifier current 𝑖𝑟𝑒𝑐 is added directly to the PI 
controller output as DD control signal. The detailed structure of the proposed 
discharge control mode is shown in Block 2 in Fig. 6.9 [145] [146].  
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Fig. 6.8.  Block diagram of the flywheel-side inverter control. 
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Fig. 6.9.  The overall scheme of the charge/discharge control modes. 

6.4.2 Direct Torque Control (DTC) 
The proposed DTC scheme, as shown in Fig. 6.10, consists of four main components: 
(i) current regulator; (ii) flux-linkage, electrical torque and voltage sector estimator; 
(iii) rotor position and speed estimator; (iv) optimum voltage switch vector selection 
[144].  
The details of all blocks presented in forthcoming sections except Block 3 which is 
presented in Paper I.  
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Fig. 6.10.  The overall scheme of the proposed DTC. 

1) Current Regulator 

The structure of the current regulator is shown in Fig. 6.11. By setting 𝑖𝑠𝑑𝑟∗ = 0, the 
command q-axis currents, are obtained from charge/discharge control modules (see 
Block 3 in Fig. 6.10). The command dq stator currents are compared with the 
measured dq currents. The resulting error signals are passed through PI controllers 
and by adding the decoupled current control components, the command dq stator 
voltages, in rotor reference frame, are obtained. Transferring the dq voltages to the 
stationary reference frame, the command DQ voltages are obtained as follows [146]: 

                                     𝑣𝐷𝑠𝑠∗ + 𝑗𝑣𝑄𝑠𝑠∗   = (𝑣𝑑𝑠
𝑟∗ + 𝑗𝑣𝑞𝑠

𝑟∗)𝑒(𝑗𝜃𝑟)                               (6.19) 
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where 𝜃𝑟 is the rotor position in 𝑟𝑎𝑑. 
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Fig. 6.11.  The structure of the current controller. 

2) Flux-linkage, Electrical Torque and Voltage Sector Estimation 

Given command 𝐷𝑄-voltages, obtained from the current regulator component, and the 
monitored 𝐷𝑄-currents at the terminal of the machine, the 𝐷𝑄-axis stator flux-linkage 
components are obtained as follows [144]: 

                                      ѱ𝐷𝑠𝑠 = ∫(𝑣𝐷𝑠
𝑠∗ − 𝑟𝑠𝑖𝐷𝑠

𝑠 )𝑑𝑡                                         (6.20-1) 

                                        ѱ𝑄𝑠𝑠 = ∫(𝑣𝑄𝑠
𝑠∗ − 𝑟𝑠𝑖𝑄𝑠

𝑠 )𝑑𝑡                                        (6.20-2) 

where 𝑟𝑠 is the stator resistance. The modulus of the stator flux linkage is given by 
(6.21). 

                                   |ѱ𝑠| = √(ѱ𝐷𝑠𝑠 )2 + (ѱ𝑄𝑠𝑠 )
2
                                            (6.21) 

Further, the electrical torque is derived as shown in (6.22). 

                                    𝑡𝑒 =
3

2
𝑃(ѱ𝐷𝑠

𝑠 𝑖𝐷𝑠
𝑠∗ − ѱ𝑄𝑠

𝑠 𝑖𝑄𝑠
𝑠∗ )                                          (6.22) 

Finally, the corresponding sector is determined based on the location of the stator 
flux-linkage which is given by (6.23): 

                                             𝛼 = tan−1 (ѱ𝐷𝑠
𝑠

ѱ𝑄𝑠
𝑠 )                                                   (6.23) 

Fig. 6.12 shows the six voltage switching vectors together with the six sectors; these 
sectors cover the angles; 𝛼(1) = 0°, 𝛼(2) = 60°,…, 𝛼(6) = 300°. 

3) Voltage Switch Vector Selection from Lookup Table 
Once the stator flux linkage and the rotor speed are estimated as shown in Fig. 6.10 
they are compared with the command signals [144].  
The rotor-speed control loop uses a PI controller where the controller output 
determines the command electrical torque signal. The electrical torque and the stator 
flux-linkage errors are input to the flux and torque hysteresis comparators, 
respectively. Both are two-level comparators. The discretized outputs of the hysteresis 
comparators (𝑑ѱ, 𝑑𝑡𝑒) are input to the optimum voltage switching selection look-up 
table as shown in Table 6.1 after which the optimum switching vector is selected.  

Table 6.1 
Optimum switching voltage vector lookup table [144]. 
𝒅ѱ 𝒅𝒕𝒆 𝜶(𝟏) 𝜶(𝟐) 𝜶(𝟑) 𝜶(𝟒) 𝜶(𝟓) 𝜶(𝟔) 

1 1 �̅�2 �̅�3 �̅�4 �̅�5 �̅�6 �̅�1 
0 �̅�6 �̅�1 �̅�2 �̅�3 �̅�4 �̅�5 
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0 1 �̅�3 �̅�4 �̅�5 �̅�6 �̅�1 �̅�2 
0 �̅�5 �̅�6 �̅�1 �̅�2 �̅�3 �̅�4 
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Fig. 6.12.  Six active switching vectors (u̅1, u̅2, … , u̅6) [144]. 

 

6.4.3 Case Study 1: Single FESS application for common DC-Link 
voltage regulation in sensitive microgrid 

In this case study the performance of the controller is studied during a voltage dip 
caused by a balanced fault in the grid. Further, a sudden load change disturbance is 
also imposed to the system during the voltage dip. The simulation results of this case 
study are shown in Fig. 6.13 through Fig. 6.18.  
The system is initially in charge mode, where the initial rotor speed is set to 
1256.65 rad/s. The flywheel is charging at constant current 22.12 A for three seconds. 
At time t = 3 s a balanced electrical fault occurs in the grid and lasts until t=6 s. 
Further, at time t=4 s, the load increases from 9.6 kW (13.9 A) to 20.7 kW (29.9 A). 
The three-phase voltage waveforms are shown in Fig. 6.13. As a result of the voltage 
dip, the DC voltage drops below the threshold value; as a result of this, the control 
system moves to the discharge mode. The regulated DC bus voltage is shown in 
Fig. 6.14. The disturbance decoupled (DD) control part limits the disturbances in DC 
bus voltage, at t= 4 s, a sudden load change is imposed. The DC currents at the 
terminals of the rectifier and the inverter are shown in Fig. 6.15. The inverter current 
is a constant positive value (22.12 A) before the voltage dip. During the dip the 
inverter current becomes negative (about -15 A) to compensate for the lack of power 
coming from the public grid. The inverter current takes over the microgrid load 
(9.7 kW). When the load is increased to 20.7 kW, the inverter current becomes more 
negative to cope with this sudden load change (reaching a value of about -30 A). In 
addition, the DC powers at the terminals of the rectifier and the inverter are shown in 
Fig. 6.16.  
The rotor speed estimated by the EKF system is shown in Fig. 6.17. During the first 
three seconds, the flywheel is in charge mode. The main grid provides both the 
flywheel charge current and the load current. In charge mode, the flywheel speed is 
increased to 1264.4 rad/s and the stored energy in the flywheel increases from 
3.800 MJ to 3.843 MJ. 
At t=3 s, because of the fault occurrence causing a dip at the main-grid side of the 
rectifier, the flywheel control moves to discharge mode. The flywheel speed decreases 
to 1262.78 rad/s at t=4 s. At t=4 s, because of the sudden load change, the rate of 
speed reduction is increased and the speed decreases to 1255.6 rad/s at t=6 s. During 
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the whole duration of the voltage dip, 3 seconds, the total energy released by the 
flywheel is about 53.3 kJ.  
When the electrical fault is cleared, the flywheel moves back to the charge mode. The 
flywheel current converges to the pre-set charge current and the speed is increased to 
1260.63 rad/s at t=8 s.  
The electrical machine phase current is shown in time domain in Fig. 6.18. Before the 
load step change, the load current (13.9 A) is lower than charging current (22.12 A, 
1 pu) thus the motor phase current decreases which means the flywheel declaration 
rate is less than its acceleration rate in charge mode. After the load change, the load 
current is increased to 29.9 A, which means the deceleration rate increases to support 
the additional load.   
 

 
Fig. 6.13.  Case study 1: Waveforms of synthetic voltage dip. 

 

 
Fig. 6.14.  Case study 1: The regulated DC-link voltage (𝑉𝑑𝑐). 
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Fig. 6.15.  Case study 1: The DC current of rectifier (𝑖𝑟𝑒𝑐) 
and inverter current (𝑖𝑖𝑛𝑣) during charge and discharge 
operation modes. 

 

 
Fig. 6.16.  Case study 1: The DC power at the terminal of the 

rectifier (𝑃𝑟𝑒𝑐) and the inverter (𝑃𝑖𝑛𝑣) during charge and 
discharge operation modes. 

 
Fig. 6.17.  Case study 1: Estimated rotor speed using EKF. 
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Fig. 6.18.  Case study 1: Motor phase currents during mode 

transitions and step change load.  
 

 

6.5 Average Consensus in Multi-Agent Systems 
6.5.1 Graph-based Network Configuration 
The networked multi-agent system with n units is considered as an undirected graph, 
𝐺 = {𝑉, 𝐸}, that implies a balanced information exchange for the entire corresponding 
network. In graph 𝐺, the vector, 𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑛} indicates the vertex (FESS units); 
matrix 𝐸 ⊂ 𝑉 × 𝑉 indicates the edges (connections between units) of the graph. The 
adjacency matrix is 𝑨 = [𝑎𝑖𝑗] where 𝑎𝑖𝑗 = 1 if (𝑣𝑖 , 𝑣𝑗) ∈ 𝐸 and thus, unit 𝑣𝑗  is 
neighbour of unit 𝑣𝑖, otherwise aij = 0.  The set of neighbours of unit i is denoted as 
𝑁𝑖 = {𝑣𝑗| (𝑣𝑗 , 𝑣𝑖) ∈ 𝐸}. The degree matrix 𝑫 ∈ 𝑹𝑁×𝑁 is a diagonal matrix where its 
ith diagonal entry is deg (𝑣𝑖). The Laplacian matrix is defined as 𝑳 = (𝑫 − 𝑨)  ∈
𝑅𝑁×𝑁. The weight matrix is defined as 𝑷 = (𝑰𝑛 −𝑯𝑳) ∈ 𝑹𝑁×𝑁, where 𝑯 =

diag{ℎ1, ℎ2, … , ℎ𝑛}  and 0 < ℎ𝑖 <
1

𝑑𝑖𝑖
. And 𝐼𝑛 is an 𝑛-dimensional identity matrix 

[147]-[149]. 

Definition 1: A nonnegative square matrix 𝑷 is called a stochastic matrix if all its row 
sums are 1. Further, the stochastic matrix (i.e., 𝑷 = [𝑝𝑖𝑗]) is called stochastic 
indecomposable and aperiodic (SIA) if lim𝑘→∞ 𝑷

𝑘 = 1𝑛𝒚
𝑇 , where y is some column 

vector and 1n is an n-dimensional column vector with all ones. The graph 𝐺 is called 
graph associated to matrix 𝑷 if and only if for each (𝑣𝑗 , 𝑣𝑖) ∈ 𝑬 , 𝑝𝑖𝑗 > 0. 

Lemma 1 [151]: matrix 𝑩 has algebraic multiplicity equal to one for its eigenvalue 
𝜆 = 1 if and only if the graph associated with the matrix has a spanning tree. 
Furthermore, a stochastic matrix with positive diagonal elements has the property that 
|𝜆| < 1 for every eigenvalue not equal to one. 

Lemma 2 [151]: Let 𝑩 =  [𝑏𝑖𝑗  ]𝑛×𝑛 be a stochastic matrix. If 𝑩 has an eigenvalue 
𝜆 = 1 with algebraic multiplicity equal to one, and all the other eigenvalues satisfy 
|𝜆| < 1, then 𝑩 is SIA, that is, lim𝑘→∞ 𝑩

𝑘 = 1𝑛𝑣
𝑇, lim𝑘→∞𝑩

𝑘 = 1𝑛𝒗
𝑇, where 𝛎 

satisfies 𝑩𝑇𝒗 = 𝒗 and 1𝑛𝒗𝑇 = 1.   
Based on Lemma 1 and Lemma 2, the following Lemma 3 is obtained. 



 92 

Lemma 3: 𝑷 = (𝑰𝑛 −𝑯𝑳) is SIA, i.e., lim𝑘→∞(𝑷)
𝑘 = 1𝑛𝑣

𝑇, if and only if, the 
associated graph 𝐺 has a spanning three. Further, 𝑷𝑇𝒗 = 𝒗, 1𝑛𝒗𝑇 = 1 and each 
element of 𝒗 is nonnegative. 

6.5.2 Consensus in Undirected Multi-Agent System 
In multi-agent system with 𝑛 discrete dynamic units (e.g. FESM) each unit has a 
dynamic as follow [147]-[149]: 

                                             𝑥𝑖(𝑡𝑘+1) = 𝑥𝑖(𝑡𝑘) + 𝑢𝑖(𝑡𝑘)                                (6.24) 

where 𝑡𝑘 = 𝑘ℎ, 𝑘 ∈ 𝑁 and ℎ is the sampling period. 𝑥𝑖 ∈ 𝑅 and 𝑢𝑖 ∈ 𝑅 are the 
position and control input of unit 𝑖, respectively.  

Each agent is regarded as vertex in a graph, and each edge (𝑣𝑗 , 𝑣𝑖) ∈ 𝐸 corresponds to 
an available information link between agents i &j. Each agent updates its current state 
based on information received from its neighbours.  
Definition 2: the multi-agent system (6.24) reaches consensus if for any initial 
condition, the equation in (6.25) holds [147].  

                                    lim𝑘→∞ 𝔼‖𝑥𝑖[𝑘] − 𝑥𝑗[𝑘]‖ = 0                                     (6.25) 

The graph associated to the communication network of system (6.24) is undirected by 
assuming A(1) and A(2). 

A(1): if 𝑎𝑖𝑗 = 𝑎𝑗𝑖 for all, (𝑣𝑖, 𝑣𝑗) ∈ 𝐸 and 𝑨 = [𝑎𝑖𝑗] is an adjacency matrix of graph. 

A(2): at each time step, units i & j (𝑖 < 𝑗), are chosen with probability 𝑝𝑖𝑗, where 
𝑝𝑖𝑗 ∈ (0,1) and ∑ 𝑝𝑖𝑗

𝑛
𝑗=1 = 1; In an undirected network, once agents are chosen then 

the control inputs of two agents are as follows:  

                          {
𝑢𝑖[𝑘 + 1] = 𝑥𝑖[𝑘] + ℎ𝑎𝑖𝑗(𝑥𝑗[𝑘] − 𝑥𝑖[𝑘])

𝑢𝑗[𝑘 + 1] = 𝑥𝑗[𝑘] + ℎ𝑎𝑗𝑖(𝑥𝑖[𝑘] − 𝑥𝑗[𝑘])
                            (6.26) 

And they also keep static in (6.27).  

                                           𝒖𝑟[𝑘] = 𝒙𝑟[𝑘]                                                        (6.27) 

Theorem 1: consider an undirected communication network with graph 𝐺, assuming 
A(1)-A(2), where ℎ < 1 𝑚𝑎𝑥{𝑎𝑖𝑗}⁄ , then multi-agent system (1) with control input 
(6.26) and static in (6.27) can solves consensus if and only if the network 𝐺 has a 
spanning three [147]. 
Proof. (Sufficient): it suffices to prove that equation in (6.25) is valid for any initial 
state. So, using (6.26) the states of all units at time iteration [𝑘 + 1] are as in (6.28). 

                          {
𝑥𝑖[𝑘 + 1] = 𝑥𝑖[𝑘] + ℎ𝑎𝑖𝑗(𝑥𝑗[𝑘] − 𝑥𝑖[𝑘])

𝑥𝑗[𝑘 + 1] = 𝑥𝑗[𝑘] + ℎ𝑎𝑗𝑖(𝑥𝑖[𝑘] − 𝑥𝑗[𝑘])

𝑥𝑟[𝑘 + 1] = 𝑥𝑟[𝑘]

                            (6.28) 

Finally the matrix form of (6.28) is: 
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                           𝑥𝑖[𝑘 + 1] = 𝛷𝑖𝑗𝑥𝑖[𝑘],  𝑃(𝜱𝑘 = 𝛷𝑖𝑗) 𝑖. 𝑖. 𝑑    𝑝𝑖𝑗                   (6.29) 

                                  𝛷𝑖𝑗 = 𝐼𝑛 − ℎ𝑎𝑖𝑗(𝑒𝑖 − 𝑒𝑗)(𝑒𝑗 − 𝑒𝑖)
𝑇
                               (6.30) 

where 𝑒𝑖 denotes the canonical vector with a 1 in the ith entry and zeros elsewhere. 
The abbreviation (i. i. d) stands for independent, independently distributed probability 
density function. Also according to A(2), the {𝑥[𝑘]} is a stochastic linear system, 
therefore: 

                                       𝔼(𝒙𝒊[𝑘 + 1]) = 𝔼(𝚽ij)𝔼(𝒙𝑖[𝑘])                               (6.31) 

where 𝔼(𝒙) is the expected value of 𝒙. 

Since, 0 < ℎ <
1

𝑚𝑎𝑥{𝑎𝑖𝑗}
, it is easy to derive, (1−𝑒

−2𝑎𝑖𝑗ℎ

2
) ∈ (0,

1

2
) and (1 − 𝑒−2𝑎𝑖𝑗ℎ) ∈

(0,1), where ℎ𝑎𝑖𝑗 ∈ (0,1). Thus, according to Theorem 1, 𝛷𝑖𝑗 is a stochastic matrix 
with positive diagonal entries. Further, the (𝑖, 𝑗) −th and (𝑗, 𝑖) −th entries of 𝛷𝑖𝑗 are 
positive, while all other non-diagonal entries are zeros. Since 𝔼(𝜱𝑘) = ∑𝛷𝑖𝑗𝑝𝑖𝑗, 
𝔼 (𝜱𝑘) is also a stochastic matrix as its all diagonal entries are positive and, the 
(𝑖, 𝑗) −th and (𝑗, 𝑖) −th entries of Φij are positive if and only if (𝑣𝑗 , 𝑣𝑖) ∈ 𝑬, which 
means the graph 𝐺 associated with 𝔼(𝜱𝑘) is a strongly connected graph. Using 
lemma 1 and Lemma 2, we have: 

                                              lim
𝑘→∞

(𝔼(𝜱𝑘))
𝑘
= 1𝑛𝑣

𝑇                                       (6.32) 

Thus, lim
𝑘→∞

(𝒙[𝑘])𝑘 = lim
𝑘→∞

(𝔼(𝜱𝑘))
𝑘
𝒙[0] = 1𝑛𝒗

𝑇𝒙[0], which implies that (6.25) 
holds and shows that the undirected multi-unit system (6.24) with control input (6.26) 
can solve consensus algorithm.  

6.5.3 Consensus in Unbalanced Directed Multi-Agent System 
In unbalanced directed systems, the communication network is associated with 
unbalanced directed graph which means exchanging information between units is 
asymmetrical. 

Here, for each individual agent 𝑖 two subsets are defined. The set of all agents which 
can receive information from agent 𝑖 is denoted by 𝑁𝑖+ = {𝑉𝑗|(𝑣𝑖 , 𝑣𝑗) ∈ 𝐸}. The set of 
all agents which can send information to the agent i is denoted by 
𝑁𝑖
− = {𝑉𝑗|(𝑣𝑗 , 𝑣𝑖) ∈ 𝐸}. Here the Laplacian matrix is not symmetric; the following 

strategy in Remark 1 is applied to provide a new weight matrix to solve this problem. 

Remark 1: in a directed network the received information at each node (i.e., agent j) is 
partitioned into 𝜃𝑗  and (1 − 𝜃𝑗), the 𝜃𝑗 is left to node 𝑗 itself and the rest is fully 
shared between its neighbours [149]. 

Considering strategy in Remark 1 the weight matrix 𝑷 = [𝑝𝑖𝑗] ∈  𝑅𝑁 × 𝑅𝑁, at 
iteration 𝑘, is defined as follows: 

                                    𝑝𝑖𝑗[𝑘] = {
1 − 𝜃𝑖[𝑘]

�̅�𝑖𝑗𝜃𝑖[𝑘]

0

𝑖 = 𝑗
𝑗 ∈ 𝑁𝑖

−

𝑗 ∉ 𝑁𝑖
−

                                       (6.33) 
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where �̅�𝑖𝑗 is set by node j where �̅�𝑗𝑗 = 0, 0 <  �̅�𝑖𝑗 < 1 and ∑ �̅�𝑖𝑗 = 1𝑖,𝑖≠𝑗 . 0 <
𝜃𝑖[𝑘] < 1 is a local variable for further updates of weight matrix 𝑃 as follows: 

                                          𝑷[𝑘] = �̅�𝜣[𝑘] + (𝑰𝑛 − 𝜣[𝑘])                                (6.34) 

where �̅� = [�̅�𝑖𝑗] and 𝜣[𝑘] = diag{𝜃𝑖[𝑘]}. 

To achieve an average consensus, the matrix 𝑷 should be derived as a row stochastic 
matrix by updating 𝜽[𝑘]. Thereby, the average consensus algorithm in (6.28) is 
changed to: 

                               {
𝒙[𝑘 + 1] = 𝑷[𝑘]𝒙[𝑘] + (𝑰 −

1

2
(𝑰 + �̅�))𝜽[𝑘]

𝜽[𝑘 + 1] =
1

2
(𝐼 + �̅�)𝜽[𝑘]                                  

                 (6.35) 

The state matrix 𝑴 and state space equation are derived as follows: 

                                     𝑴 = [
𝑷[𝑘] (𝑰 −

1

2
(𝑰 + �̅�))

0
1

2
(𝑰 + �̅�)

]                                     (6.36) 

                                                𝒚[𝑘 + 1] = 𝑴𝒚[𝑘]                                            (6.37) 

Where 𝒚[𝑘] = [𝒙[𝑘] 𝜽[𝑘]]𝑇 . Since the row sums of 𝑴 are always 1 thus 𝑴 is an 
stochastic matrix and the associated graph has also spanning tree, according to 
Lemma1 and Lemma2 the 𝑴 is SIA and lim

𝑘→∞
(𝑴)𝑘 = 1𝑛𝒗

𝑇 and 𝑴𝑇𝒗 = 𝒗 , Thereby:  

                       lim
𝑘→∞

(𝑦[𝑘])𝑘 = lim
𝑘→∞

(𝑴)𝑘𝑦[0] = 1𝑛𝒗
𝑇𝑦[0]                              (6.38) 

where 1𝑛𝒗𝑇 = 1 and 𝒗 = 1

𝑛
1𝑛

𝑇 thus, 

                               lim
𝑘→∞

(𝑦[𝑘])𝑘 = lim
𝑘→∞

(𝑴)𝑘𝑦[0] =
1

𝑛
𝑦[0]                            (6.39) 

It shows that (6.25) holds and thus the system in (6.35) can reach the average 
consensus. 

6.6 FESM Control 
Considering flywheel energy storage matrix (FESM) as multi-agent system then a 
novel control method based on average consensus control as illustrated in Section 6.5 
has been developed.  
The proposed distributed control method aims at reaching an average consensus on 
inverter current ratio considering charge/discharge capacity of each individual FESS 
at each trial.  
As shown in Section 6.4.1, the control of each individual FESS unit is dependent on 
its command inverter current (𝑖𝑖𝑛𝑣∗ ). Thus, regardless of control mode (e.g. charge or 
discharge mode) to fulfil sufficient coordinated and distributed control for overall 
system, the command inverter current, for each flywheel unit, is decided by its 
charging or discharging capacity at this trial. The maximum charge and discharge 
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inverter current for FESS unit 𝑖 are denoted as 𝐼�̅�𝑐ℎ𝑎𝑟& 𝐼�̅�𝑑𝑖𝑠𝑐 given by (6.40) and 
(6.41), respectively: 

                                                     𝐼�̅�𝑐ℎ𝑎𝑟 =
1

2𝑉𝑑𝑐
𝐽
(�̅�𝑖

2−𝜔𝑖0
2 )

ℎ
                                  (6.40) 

                                                     𝐼�̅�𝑑𝑖𝑠𝑐 =
1

2𝑉𝑑𝑐
𝐽
(𝜔𝑖0

2 −𝜔𝑖
2)

ℎ
                                  (6.41) 

Where 𝐽  is the moment of inertia, 𝜔𝑖 and 𝜔𝑖 are the maximum and minimum speed of 
FESS unit 𝑖, and 𝜔𝑖0 is current speed of unit 𝑖, 𝜔𝑖 < 𝜔𝑖0 < 𝜔𝑖. 𝑉𝑑𝑐 is a reference 
value of DC-link voltage. Finally ℎ = 𝑇𝑠 represents the time step.  
To solve the consensus algorithm for FESM, the following current ratio factors are 
defined for each individual unit (for instance, for unit 𝑖 at 𝑘th trial): 

                                                           𝑟𝑖𝑐ℎ𝑎𝑟[𝑘] =
𝑞𝑖
𝑐ℎ𝑎𝑟[𝑘]

𝑧𝑖
𝑐ℎ𝑎𝑟[𝑘]

                                 (6.42) 

                                                           𝑟𝑖𝑑𝑖𝑠𝑐[𝑘] =
𝑞𝑖
𝑑𝑖𝑠𝑐[𝑘]

𝑧𝑖
𝑑𝑖𝑠𝑐[𝑘]

                                   (6.43) 

where 𝑞𝑖𝑐ℎ𝑎𝑟[𝑘], 𝑧𝑖𝑐ℎ𝑎𝑟[𝑘], 𝑞𝑖𝑑𝑖𝑠𝑐[𝑘], 𝑧𝑖𝑑𝑖𝑠𝑐[𝑘] are the auxiliary variables for further 
updating.  

Without loss of generality, the FESS units that only have access to ∆𝐼 (the total 
command inverter current) are called leader units and indexed from 1 to 𝑙.  
The initial values for the leader FESS units and other units are set as in (6.44) and 
(6.45), respectively. 

                             {
𝑞𝑖
𝑐ℎ𝑎𝑟[0] =

∆𝐼𝑐ℎ𝑎𝑟

𝑙
, 𝑧𝑖

𝑐ℎ𝑎𝑟[0] = 𝐼�̅�
𝑐ℎ𝑎𝑟

𝑞𝑖
𝑑𝑖𝑠𝑐[0] =

∆𝐼𝑑𝑖𝑠𝑐

𝑙
, 𝑧𝑖

𝑑𝑖𝑠𝑐[0] = 𝐼�̅�
𝑑𝑖𝑠𝑐

   𝑖 = 1,… , 𝑙         (6.44) 

                           {
𝑞𝑖
𝑐ℎ𝑎𝑟[0] = 0, 𝑧𝑖

𝑐ℎ𝑎𝑟[0] = 𝐼�̅�
𝑐ℎ𝑎𝑟

𝑞𝑖
𝑑𝑖𝑠𝑐[0] = 0, 𝑧𝑖

𝑑𝑖𝑠𝑐[0] = 𝐼�̅�
𝑑𝑖𝑠𝑐    𝑖 = 𝑙 + 1,… , 𝑛            (6.45) 

Where the ∆𝐼𝑑𝑖𝑠𝑐 and ∆𝐼𝑐ℎ𝑎𝑟 at 𝑘𝑡ℎ trial are given by (6.46).  

                              {
∆𝐼𝑑𝑖𝑠𝑐[𝑘] = −(𝑘𝑝

𝑑𝑖𝑠𝑐 + ℎ𝑘𝑖
𝑑𝑖𝑠𝑐)∆𝑉[𝑘]

∆𝐼𝑐ℎ𝑎𝑟[𝑘] = (𝑘𝑝
𝑐ℎ𝑎𝑟 + ℎ𝑘𝑖

𝑐ℎ𝑎𝑟)∆𝐼[𝑘]
                              (6.46) 

                                    {
∆𝑉[𝑘] = 𝑉𝑑𝑐

∗ − 𝑉𝑑𝑐[𝑘],

∆𝐼[𝑘] = 𝐼𝑐ℎ𝑎𝑟
∗ − 𝐼𝑟𝑒𝑐[𝑘] 

                                             (6.47) 

Where ℎ denotes sampling time, 𝑉𝑑𝑐∗  is command DC-link voltage, 𝐼𝑐ℎ𝑎𝑟∗  is command 
charge current and 𝐼𝑟𝑒𝑐 is the rectifier current and in kth time iteration is it calculated 
as 𝐼𝑟𝑒𝑐[𝑘] = 𝐼𝑖𝑛𝑣[𝑘] + 𝐼𝑙𝑜𝑎𝑑[𝑘]. The 𝑘𝑝𝑑𝑖𝑠𝑐, 𝑘𝑖𝑑𝑖𝑠𝑐, 𝑘𝑝𝑐ℎ𝑎𝑟 and 𝑘𝑖𝑐ℎ𝑎𝑟 are the PI controller 
gains at discharge and charge modes, respectfully. 
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6.6.1 Case Study 2: FESM application for DC-Link voltage 
regulation in DC data centres 

In this case, six FESS units are connected to each other under a directed network as 
shown in Fig. 6.19. A balanced voltage dip in grid side is assumed, without control 
the DC-link voltage would drops to 400 V. To keep the DC-link voltage constant, the 
FESM should move to discharge mode to regulate the DC-link voltage. In this case 
we have: ∆V =300 V and the ∆Idisc[k] = −360 A using (6.46). 

Further, the FESS units 1 and 6 are selected as leader units. The reference inverter 
currents for all units are set as Idisc∗  and the reference values for ratio factors are set as 
qi
disc[0] = [−180, 0, 0, 0, 0, −180], qi

disc[0] = [−180, 0, 0, 0, 0, −180],  
zi
disc[0] = [36.7, 45.3, 55.4, 64.2, 75.2, 83.7]. 

The weight matrix 𝑷 is derived according to (6.34) where the probability matrix is 
set as �̅� = 1

𝐷+
 where �̅�𝑖𝑗 values are set according to (6.33). The update parameter 𝜃 is 

initialized as 𝜽[0] = 1

2
𝟏𝑛
𝑇 and the matrix �̅� is obtained as: 

 

�̅� =

[
 
 
 
 
 
0 0
1 2⁄ 0
0 1

0 0
0 0
0 0

0 1
0 0
0 0

0 0
0 0
1 2⁄ 0

1 0
0 1
0 0

0 0
0 0
1 0]

 
 
 
 
 

 

 
Fig. 6.20 shows the consensus of the ratio factors under unbalanced diagraph. 

Fig. 6.21 shows the trajectory of parameter 𝜃 it shows the stable state of 𝜃[𝑘] =
[0.75, 0.375, 0.375, 0.375, 0.375, 0.75, ]𝑇 which satisfies ∑ 𝜃𝑖[𝑘]𝑖 = ∑ 𝜃𝑖[0]𝑖 = 3 
and �̅�𝜽[𝑘] = 𝜽[𝑘]. 

Fig. 6.22 shows the trajectory of the reference inverter currents for different units. 
As Fig. 6.23 shows, the total inverter currents of all FESS units converge to the 
required ∆𝐼𝑑𝑖𝑠𝑐 value in balanced network situation. 
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Fig. 6.19.  Topology of FESM under unbalanced directed communication network 

 



 97 

 
Fig. 6.20.  Trajectories of ratio factors, with directed unbalanced communication network topology. 

 

 
Fig. 6.21.  Trajectory of parameter 𝜃. 

  

 
Fig. 6.22.  Trajectories of the inverter current references, with directed unbalanced communication 

network topology. 
 

 
Fig. 6.23.  The total inverter currents of FESM and total required current with directed unbalanced 

communication network topology. 
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Chapter 7 
 

This chapter discussed about proposed methods in term of their short comes, 

findings and then provides some recommendations for future works. 
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7 Discussions and Conclusions 
7.1 General Framework for PQ Data Analytics [Papers B to 

E]. 
7.1.1 Discussion  

1- General framework for PQ data analytics [Papers B & C]: the Space Phasor 
Model (SPM) and consequently the proposed framework for voltage-
disturbance analytics require the three phase-to-neutral voltage as input. 
Because of this, the framework is applicable only to three-phase systems and 
cannot be used for single-phase data analytics. Applications of the latter are in 
single-phase grids (like railway traction grids and parts of the distribution grid 
in North America) and for single-phase equipment. Future development work 
should also include such applications. 

2- General application of framework [Papers B to E]: parts of the framework 
have been applied to large number of recorded voltage quality events. The 
proposed framework has not been implemented in a real monitoring system 
and there is no real practical experience with it. More studies are needed for 
generalization of the results and to find out any possible limitations. The 
framework could be implemented in a real-time application (a power quality 
monitor) and/or the framework can be applied to reconstructed waveforms 
from compressed data for example obtained from ELSPEC Black Box 
monitors.   

3- Additional information extraction [Papers B]: more studies are needed to use 
calculated characteristics to interpret events and extract information on event 
origin. An overview of links between event characteristics and origin for 
voltage dips is presented in [152] but the challenge remains to obtain 
sufficiently accurate values for the single-event characteristics, especially 
point-on-wave characteristics. The need for further work particularly holds for 
the origin of voltage transients [153]-[156]. The proposed-method for 
determining the type of voltage transient can be used as a first step towards 
this. However, straight relations remain missing between the transient types 
proposed in this dissertation and the potential origin of the event.  

4- Framework application for harmonic studies [Papers B to E]: The SPM-based 
framework as it is implemented in this dissertation, does not provide 
information on harmonic or interharmonic waveform distortion. Harmonic 
contribution results in a distorted ellipse or circle; with the presence of 
interharmonics, this distortion will vary from cycle to cycle. As SPM is a time-
domain representation, no information is lost beyond the zero-sequence 
voltage. This also implies that the information on harmonics and 
interharmonics remains presents in the SPM. Further work is needed towards 
appropriate SPM-based parameters to characterize waveform distortion. 

5- Framework robustness [Papers B to E]: high levels of harmonic distortion, 
like with transformer energizing, could make that the PCA-based method for 
estimating ellipse parameters gives incorrect results. No such cases have been 
found yet, but further studies are needed here. The same would hold when an 
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SPM is used for the three currents; waveform distortion tends to be higher in 
current than in voltage.  

6- Missing parameter [Papers B]: under the proposed framework, during-dip 
events are characterized by three parameters: semi-major axis; semi-minor 
axis; and direction of the major axis. Together with the complex zero-sequence 
voltage this gives five parameters. The three (complex) phase-to-neutral 
voltages require however six parameters (three complex numbers) so that there 
appears to be a “missing parameter”. A possible interpretation of this sixth 
parameter is the shift in time between the waveforms or SPM during the dip 
compared to the ones before the dip. Further work is needed towards the 
interpretation and calculation of this parameter. 

7- Event triggering [Papers B]: the implementation of the framework, as 
presented in this dissertation, uses a threshold of the SPM modulus for 
triggering and the Gaussian anomaly detection for event extraction. No 
comparison has been made with other methods. There is a need for such a 
comparison and further development towards more precise event triggering 
techniques and techniques to extract more accurate event characteristics 
particularly to deal with short duration events. 

7.1.2 Findings  
1- General framework for PQ analytics [Papers B to E]: A general framework 

based on SPM is possible for power quality analytics covering both voltage 
variations and voltage events.  

2- SPM usefulness [Papers B to E]: using SPM domain data and the three ellipse 
parameters (semi-major axis, semi-minor axis and direction of the major axis) 
has several advantages: 

 The ellipse parameters can be obtained as the best fit characteristics 
covering the three phase-to-neutral voltages together over any selected 
window of time; this may be pre-defined windows (like 10 cycles) the 
whole voltage-dip event or one stage of a multi-stage voltage dip.  

 The direction of the major axis is a suitable parameter for distinguishing 
between different types of unbalanced voltage dips (i.e. which voltage or 
voltages are involved in the dip).  

 The semi-minor axis is related to the voltage dip magnitude as defined in 
standards and earlier work on dip characterization. The difference 
between semi-minor axis and semi-major axis is a measure for the 
amount of voltage unbalance between the three phases. In balanced 
condition, the SPM tends towards a circle and in unbalanced condition it 
becomes an ellipse. The larger voltage unbalance the higher the 
eccentricity of the ellipse.  

 Since all identical cycles of sinusoidal waveforms, over time, are 
coincident in SPM domain without any need for synchronization, the 
SPM domain data are appropriate for event segmentation and event 
visualization. 



 102 

 The shape of the SPM in the complex plane allows for visual perception 
and interpretation of the underlying event; e.g. a circle with heavy 
distortion on only one side indicates transformer energizing with heavy 
even harmonic contribution; oscillating transients appears as fluctuating 
points around the normal-operation circle; non-oscillating transients 
appear as points either outside or inside of the circle. 

7.1.3 Recommendations  
1- Single-phase framework [Paper B]: a similar framework as the one proposed 

in this dissertation for three-phase systems should be developed for single-
phase systems and equipment. The main challenge will likely be the sub-cycle 
variations, including transients.  

2- Generalization [Paper B to E]: further extensions of the framework are 
needed on information extraction from the SPM and zero-sequence (SPM0). 
So far limited information on the origin and impact of the disturbances is 
extracted from calculated characteristics. There is a need for further studies 
and developing advanced deep learning methods for reasoning and finding 
chains between sequences (e.g. reinforcement learning techniques or long term 
short memory (LSTM) techniques). Particularly, regarding voltage transients 
there is a need for a comprehensive study to find correlations between 
characteristics and the possible origins and potential interferences.  

3- Standardization [Paper B]: work is needed in standardization towards using 
the framework for characterization of transients. Four single-event 
characteristics have been introduced that are a good basis for standardization.  

4- Big Data application [Paper B]: application is needed of the proposed 
framework and methods based on the framework to large amounts of data (big 
data) in power quality. The proposed framework should be adapted and 
extended to be applicable for big data analytic technologies such as cloud 
computing.  

5- Industry application [Paper B]: a collaboration between a university or 
research institute and a monitor manufacturer should be started to implement 
the framework or parts of the framework into a real-time application.  

6- Event triggering [Paper B]: it is recommended to use the modulus of the SPM 
instead of rms voltage for event triggering. Since there is no time lost, it is 
easier to find starting and ending instance of event using modulus of the SPM. 
Comparison with other methods and further development is needed towards 
more precise event triggering techniques and techniques to extract more 
accurate event characteristics particularly to deal with short duration events. 

7- Data visualization [Paper B & C]: further work should be done towards using 
SPM in the complex plane to provide a useful visualization of the data. This 
can be visual inspection, as an educational and human training tool, but also as 
input to image-processing-based machine learning tools.  
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7.2 Deep Learning and Machine Learning Techniques 
Applied to PQ Data Analytics [Papers B, C & E ]: 

7.2.1 Discussion 
1- PCA under high harmonic distortion [Papers B & C]: Heavy harmonic 

distortion results in an SPM in the complex plane that deviates a lot from a 
circle or ellipse. This holds especially for transformer energizing where even 
harmonics are dominating during the beginning of the event. This may 
adversely impact the performance of the Principal Component Analysis 
(PCA); logistic regression (LR) is expected to be less impacted by heavy 
harmonic distortion, but no specific comparison has been made.  

2- Main barriers against deep learning techniques [Paper E]: Deep learning 
techniques need large amounts of training data. The situation is especially 
difficult for supervised-learning methods which need a large ground-truth-
labelled training dataset. Providing such labelled dataset is difficult and time 
consuming. There are further uncertainties regarding the labelling process; 
events may be borderline cases and some events are simply wrongly labelled. 
The hierarchical structure of DL networks and optimization through different 
layers is a time-consuming process. This makes DL techniques more suitable 
for batch data analytics instead of real-time data analytics.  

7.2.2 Findings 
1- Deep learning for classification [Paper E]: It is possible to use deep learning 

for classification of voltage dips. Deep learning techniques facilitate handling 
of large power-quality datasets. 

2- Principal component analysis (PCA) method [Paper C]: Both PCA and LR 
can be used to estimate the ellipse parameters for characterization of the 
voltage in a three-phase network. 

3- K-means clustering method [Paper C]: Using a K-means clustering algorithm, 
it is possible to characterize multi-stage dips; this enables characterizing each 
stage individually where the whole event is described by sequencing 
characteristics corresponding to the different stages.  

4- Gaussian model-based anomaly detection method [Paper B]: Using an 
anomaly detection algorithm, all significant deviations from the ideal voltages 
are extracted as anomalous samples. The method is applicable for extracting 
both voltage dips and voltage transients. 

5- Automatization [Paper B to E]: Using advanced ML and DL methods, not 
only increases the overall accuracy of PQ data analytics but also provides an 
automated process with less human intervention. A highly-automated process 
is essential for data analytics in case of large amounts of data. 

6- Automated feature extraction [Paper E]: Deep learning techniques provide the 
most effective features of data automatically and also they extract latent 
variables in the data. Adding probabilistic programming techniques such as 
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Bayesian techniques it is possible to estimate expected hypothesis in the near 
future which is essential for early decision-making tasks.  

7- Semi-supervised classification: Using semi-supervised deep learning 
algorithms for event classification will remove some of the challenges 
regarding data labelling.  

7.2.3 Recommendations 
1- More applications of DL to PQ data, events as well as variations [Paper B to 

E]: the proposed deep learning techniques should also be applied to the other 
kinds of PQ disturbances (both events and variations) in aid of 
characterization, classification, unseen pattern recognition and so forth.  

2- Comparing PCA and logistic regression [Paper B C]: It is necessary to 
conduct a systematic comparing between principal component analysis and 
logistic regression to compare their performance under different uncertainties 
and realistic disturbances including heavy harmonic distortion.  

3- Large data accessible [Paper E]: Network operators, monitor manufactures 
and others have to make measurement data available for research and 
education. Such data should, where possibly, be publicly available so that 
benchmarking becomes possible. Two examples of good practice in this 
contexts are; the publicly available data from PQube monitors at locations all 
over the world [157] that are used for example in [62] and [Paper E]; and the 
data made available by the IEEE working group on power quality data 
analytics. These examples should be extended and repeated by others. The 
amount of data available will be a balance between the interest of researchers 
and the interest of network operators, monitor manufacturers and their 
customers 

7.3 Standardization 
7.3.1 Discussion 
1- Using SPM as a basis for equipment testing [Paper C]: The proposed SPM-based 

framework covers both description of the disturbance and extracting information on the 
origin of voltage dips. The framework has not been discussed or studied for its ability of 
testing equipment, setting immunity requirements, or fault-ride-through requirements. 
Such requirements are based on magnitude and duration. Also the check-list by 
CIGRE/CIRED/UIE C4.110 [157], to be used in an early stage of the development of new 
equipment, uses time-domain waveforms, rms and complex voltages. Similar requirements 
and check-lists could be based on the SPM. As part of the check-list the range of possible 
values of the three ellipse parameters could be used. For immunity testing a limited 
number of parameter values could be used; the same for requirements on immunity and 
fault-ride-through. 

2- Generalization [Papers F & G]: The comparison between sets of characteristics 
was based on 290 dip recordings and one general model for adjustable-speed 
drives. The comparison should be applied to larger data sets (with thousands of 
events from different countries) to verify the results. Similar studies should also be 
performed for other equipment, especially for production equipment like wind 
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turbines and solar power installations. The latter with the aim to verify the 
suitability of the fault-ride-through requirements.  

3- Testing transient characteristics for a larger dataset [Paper D]: The proposed 
single-event characteristics for voltage transients have been applied to a small 
number of recorded events, mainly for illustration purposes. Before the proposals 
can be included in standards, they should be tested on a large set of measured 
voltage transient. Most preferably, a labelled dataset should be used, for instance 
containing information about the origin of the transient.   

4- Correlations between event-characteristics and origin for transients [Paper D]: 
This dissertation did not cover any relations between the origin and the 
characteristics of voltage transients. Like with voltage dips, reverse engineering 
methodologies are needed to determine the origin of voltage transients from its 
characteristics. The three-phase transient classification method could be used as a 
start for such studies.  

7.3.2 Findings 
1- Introduction of new voltage transient characteristics [Paper D]: using the SPM 
of voltage transient data a set of new characteristics have been defined which can be 
used as basis for further standardization of single-event indices.  

2- SPM application for voltage dip classification [Papers B & C]: the direction of 
the major axis of the ellipse obtained from the SPM of unbalanced voltage dips can 
be used for distinguishing between six different types of unbalanced voltage dips; 
balanced dips result in an SPM with a circle shape.  

3- Additional single-event characteristics inclusion into standard documents 
[Paper F]: It is possible to obtain a suitable definition of single-event characteristics 
to be included in a standard by systematic comparison of methods for extracting 
single-event characteristics. This comparison has been applied to three specific 
characteristics: characteristic voltage; PN factor; and dip type, resulting in a 
recommendation to IEEE 1564 and IEC 61000-4-30. 

4- Quantitative method for comparing characterization methods [Paper G]: a 
systematic method is able to compare the effectiveness of different sets of single-
event characteristics. The method compares how a synthetic dip and the (measured) 
original dip impact sensitive equipment.  The synthetic dips are generated from the 
single-event characteristics calculated from the original dip. The most effective set 
of characteristics of the voltage dip event are those that most accurately represent the 
original dip impacts on sensitive equipment.  

7.3.3 Recommendations 
1- The ellipse characteristics, from the SPM, should be used for equipment 

testing and immunity requirements. The same holds for the fault-ride-through 
requirements under the grid code. A first step could be the application of the 
whole range of ellipse parameters to a number of generic models for 
consumption or production equipment. 
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2- The working groups responsible for IEC 61000-4-30 and IEEE 1564 should 
include the proposals for three new single-event characteristics: characteristic 
voltage; PN factor; and dip type. 

3- Further work is needed towards definition of single-event characteristics for 
voltage transients that can be included in international standards. 

4- Access to large sets of ground-truth-labelled data (e.g. measured transients 
with known origins) is needed to develop DL techniques to describe the 
relations between event characteristics and the origin of a voltage transient. 

7.4 Fault-Ride-Through (FRT) and Voltage Dip Mitigation 
7.4.1 Discussion 

1- Fault-ride-through capability [Paper H]: Fault-ride-through requirements are 
currently based mainly on magnitude and duration of the voltage dip. It has 
been known that also other characteristics impact the ability of equipment to 
ride through faults. But it is still not known which characteristics should be 
included to obtain an appropriate balance between complexity of the 
requirements and ability to cover all cases. It is also not know which range of 
values is to be considered and how to include e.g. phase-angle-jump (PAJ) in 
the immunity requirements and testing protocols to increase the overall FRT 
capability. This gets especially important with modern equipment where the 
(lack of) immunity could be related to a detail in the control or protection that 
is specific for just that branch or even type.  

2- Real-time event characteristics as input to adaptive controllers [Paper H]: 
The studies presented in this dissertation, like the majority of existing methods 
for power quality analytics, use a real-time method for characterization of 
variations and off-line methods for characterization of events. Real-time 
methods to characterize events are largely missing from the literature. Methods 
exist for real-time detection of events, but not for real-time analytics during 
the event. A possible, and potentially important, application of such methods 
would be to provide input to adaptive control and protection systems that 
contribute to immunity and fault-ride-through of sensitive equipment. For 
instance, the magnitude and duration of a voltage dip are important 
characteristics that indicate whether the microgrid should stop relying on the 
flywheel and use other sources of energy (e.g. diesel generators or load 
curtailment) to keep balance between production and generation in the 
microgrid. Another example concerns transformer energizing voltage dips that 
are non-symmetric due to large even harmonic contribution. Even harmonic 
distortion is known to impact classical HVDC installations [159]. Its impact on 
PWM switching will be different and strongly depend on the details of the 
measurement and control systems. 

3- Using ellipse parameters for immunity and fault-ride-through requirements 
[Papers H to J]: The existing requirements for fault-ride-through and 
immunity are based on rms voltage and duration. Research is ongoing towards 
adding additional characteristics like unbalance and phase-angle-jump. 
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Alternatively, the three ellipse parameters (semi-minor axis, semi-major axis 
and direction of the major axis) can be used as a base for the requirements. 
During the early stage of equipment testing, a software model of a device 
could be exposed to all possible combinations of the ellipse parameters for a 
range of event durations. In immunity and fault-ride-through requirements, 
some selected parameter values could be given for specific durations (e.g. 20 
ms, 100 ms, 200 ms, 500 ms and 1 sec, as in IEC 61000-4-11) 

7.4.2 Findings 
1- Flywheel application for FRT improvement [Papers I & J]: Flywheel energy 

storage systems in combination with direct torque control (DTC) are able to 
provide fault-ride-though and immunity for critical installations. This has been 
shown for two case studies: in the first case study an individual flywheel 
system is applied to regulate common DC-bus in sensitive microgid; the 
second case study verifies the application of flywheel energy storage matrix 
for voltage dip mitigation close to larger sensitive loads like DC data centres.  

2- Event characteristics [Paper H]: Different event characteristics and different 
types of events impact the FRT capability of sensitive equipment in different 
ways. Including single-event characteristics and additional types of events 
(next to dips due to faults) in equipment requirements will improve immunity 
and fault-ride-through. The additional characteristics could be classical 
characteristics but also characteristics derived from the ellipse parameters. For 
example, voltage transients can have a serious impact on the performance of 
DFIG-based wind turbines. Hence, including voltage transients in the 
requirements will improve their fault-ride-through. 

7.4.3 Recommendations 
1- Generalization [Paper H]: More studies are needed to investigate the 

correlations between event characteristics and their impacts on sensitive loads.  

2- Exploring sensitive parameters of sensitive equipment [Paper H]: a 
comprehensive study is needed towards discovering all parameters of sensitive 
equipment that on one hand could result in equipment mal-operation and on 
the other hand are impacted by one or more dip characteristics. Examples in 
case of a DFIG wind turbine are DC-link voltage, rotor currents, rotor speed 
and stator voltages.  

3- SPM for real-time characterization [Paper H]: Since SPM is a time domain 
transformation without time delay, it can be used for real-time event 
characterization and providing requirements for adaptive control and 
protection systems. Further work is needed towards this application of the 
SPM. 

4- SPM parameters for FRT [Paper H]: Further work is needed towards using 
ellipse parameters for testing and studying of immunity and fault-ride-through. 
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Abstract—This paper gives a general introduction to "Big 
Data" in general and to Big Data in smart grids in particular. 
Large amounts of data (Big Data) contains a lots of information, 
however developing the analytics to extract such information is 
a big challenge due to some of the particular characteristics of 
Big Data. This paper investigates some existing analytic 
algorithms, especially deep learning algorithms, as tools for 
handling Big Data. The paper also explains the potential for 
deep learning application in smart grids. 
Index Terms-- Smart grid, Big Data, deep learning, power 
quality, voltage dip.  

I. INTRODUCTION  

To ensure the power quality and reliability in the future 
power networks (also known as “the smart grid”) timely and 
reliable grid measurement data plays an important role [1]. 
Over the years, thousands of power quality and smart meters 
have been installed in different points of the grid and the 
number is only increasing. As a result, the collected data 
volume, from all these measuring devices, is growing 
continuously. However, not all the data is kept; one of the 
reasons for this is that there is a lack of methods to analyze the 
data and extract the full information from it [2]. 

The collected data for example contains useful information 
about the performance of the power system together with 
information about underlying causes of events. Meanwhile 
such data includes several complexities which make data 
analytics and information extracting difficult [3]. 

Making sense of such data and recognizing special patterns 
in the data is crucial for network operators and other 
stakeholders in the smart grid to make better decisions [2]. It 
is expected that the continuous monitoring of many points and 
detecting such patterns offer information about a range of 
issues of interest to the grid operator. An example is to get 
early detection of underlying deviations in the grid that may 
result in faults or equipment failure [4].  

Such information is obtained by means of techniques able to 
process large volume of data within a limited time. The 
development of such techniques requires the involvement of a 
number of disciplines, including statistics, clustering 

algorithms, data mining, machine learning, signal processing, 
pattern recognition, optimizing and visualization methods [5].  

At present, one of the most well-known and powerful 
groups of Big Data analytic tools is referred to as “Deep 
Learning methods” [6]. A deep learning method constructs 
hierarchical neural networks which aim at extracting 
applicable and efficient abstract features in output level from 
complicated abstracts represented in lower levels of the 
hierarchical construction. 

 
Figure 1.   The different layers of a Big Data analytic tool. 

In the rest of this paper, Section II explains the Big Data 
concept. The Section III gives an overview of Big Data in 
smart grids and Section IV explains several steps towards Big 
Data handling. Section V introduces key Big Data analytic 
algorithms including collaborative filtering systems, machine 
learning and finally deep learning algorithms. A power-system 
related example is presented in Section VI. Finally Section VII 
concludes this paper. 

II. BIG DATA 

The term Big Data is generally used to refer to a massive 
amount of data with specific complexities, the so-called 4Vs: 
Volume, Variety, Velocity and Veracity [6].  

The volume complexity refers to the scale of the data when 
the amount of data reaches almost incomprehensible 
proportions [6].  

The variety complexity refers to the data being 
heterogeneous: data that comes from different sources which 
represent differences in type, format, volume and so forth [6]. 
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The velocity or speed complexity refers to how fast the data is 
coming in, but also to how fast an analytic method needs to 
be able to analyze and utilize the data [6].  

The veracity complexity in data deals with the trust 
worthiness or usefulness of results obtained from data 
analysis, which plays a profound role for decision making [6].  

III. SPACE BIG DATA IN THE SMART GRID 

Smart meters are replacing existing electricity meters 
which provide energy consumption data to the energy 
suppliers automatically with higher time resolution. Phasor 
Measurement Units (PMUs) are typically applied, at 
transmission level, which help system operator to become 
aware of the situation of whole system, by measuring in many 
different locations of the system [7]. Since power quality is a 
critical aspects of the reliability as perceived by the end user, a 
large number of power quality monitoring devices has been 
installed in different locations in the smart grid [3], [8]. In 
addition to these electrical sources of data there are other types 
of data in the smart grid such as follow: 

• Data from energy market pricing and bidding [8];  

• Data from management, control and maintenance of 
devices and equipment in the electric power generation, 
transmission and distribution parts of the grid [8];  

• Data from operating utilities, like large data sets which 
are not directly obtained through measurements in the 
network [8];  

Obviously such data sources generate a vast amount of 
data, for instance, a three-phase power quality monitor 
typically records 10-minute values for rms, harmonics (2 to 
40th order) and inter harmonics (0 to 39), for both voltage and 
current. That gives 25 million values per year per device. 
Apparently this amount of data results in the volume 
complexity. 

Different data sources, and for example monitors from 
different manufacturers, provide different types, formats and 
volumes of data which is introduced as the variety 
complexity.  

The speed of incoming data from different data sources in 
the smart grid is different, e.g. smart meters allow an access to 
energy consumption data by the month, by the day or even by 
the hour. Concretely this results in the velocity complexity.  

Such data sources have the potential to provide incomplete 
or noisy data in term of the veracity complexity. For example, 
smart meters measure the load at a very local level, typically 
for individual households, which they communicate it to other 
parts of the system. The communication may affect the 
veracity of the recorded data [9]. 

These Four-V factors justify considering smart grid data as 
‘Big Data’.  

In addition to these complexities there are some special 
features related to measurement devices, particularly power 
quality monitoring equipment, that make sense to considering 
this kind of data also as Big Data even though it is still not big 
data from a data volume point of view. 

Considering voltage dip events collected at 1000 different 
locations and assuming on average 10 dips per location per 
year. The power quality monitoring equipment records, in our 
example, 256 samples per cycle by using on average a 20 
cycle window for each dip event. If each monitor records 4 
voltage and 4 current quantities then all monitor together will 
generate 0.004 TB data per year. In terms of the volume 
complexity only this would not be seen as Big Data, however 
it is still too difficult or even impossible to be processes this 
amount of voltage dip recordings (10 000 per year) manually. 
No specific Big Data tools are needed for storing or 
transferring the data, but for automatically analyzing the data.  

On the other hand, smart meters may record data with low 
volume and low speed, like data from individual households. 
But here the variety of data is the biggest challenge for 
handling since the usage behavior can vary greatly. In the 
context of smart grids, each data that is "too difficult to 
handle" would be referred to as Big Data regardless of its 
volume or velocity. The analysis of such data needs alternative 
methods similar to those used as Big Data analytic methods. 

 
Figure 2.  Four-Vs complexity in Big Data from smart grid. 

IV. HANDLING BIG DATA 

A large amount of data flowing from the ever-increasing 
number of smart meters, power quality monitoring devices, 
coupled with rapid changes in power consumer behaviour – 
the way they consume or generate electricity – is making the 
handling smart grids’ Big Data more difficult [10].  

Any small improvements in understanding such data in 
term of recognizing latent patterns of electricity consumers 
and correlations between different elements of the data, that 
could not be initially apparent, would offer benefit to both 
power generation and customer sides. Handling this class of 
Big Data needs to development of novel techniques for 
analyzing and detecting patterns [11].  

Data mining, machine learning and deep learning 
algorithms have been widely used to handle data from 
completely different sources than discussed here in order to 
identify interesting subgroups of data with statistically 
different patterns [11].  



In case of smart grids, being able to manage and analyze 
smart meter data can help to develop flexible time-of-use 
energy tariffs and methods for peak shaving and thus reducing 
the amount of required reserve capacity [10].  

To be able to handle Big Data three general steps can be 
defined, such as illustrated below: 

A. Data Integration and Validation  

To handle Big Data, first of all, the efficient 
transformations and reformulations should be created for 
dynamic integration of heterogeneous data sources. The 
accuracy and consistency of integrated and recorded data is 
indicated by an absence of any alteration in data between two 
updates of a data record.  

B.  Move from Raw Data to Semantic Data  

A key task associated with Big Data Analytics is 
information retrieval. Previous strategies and solutions for 
information storage and retrieval are challenged by the volume 
and variety complexities of Big Data [12].  

Information retrieval needs semantic data rather than bit 
strings. Therefore, the data is organized in the way that 
represents relationships between the various data elements. 
Such semantic data can be interpreted meaningfully without 
human intervention and it results in faster and precise 
information retrieval. Semantic data indexing can also avoid 
duplication and repetition of data.  

C. Turning Semantic Data into Actionable Information  
Once the semantic data or abstract features are obtained 

then data analytic tool performs quality control in order to 
separate the actionable data from the unusable. Data which 
will add nothing to the overall information of the data must be 
discarded. 

V. COLABORATIVE FILTERING, MACHINE LERARNING AND 

DEEP LEARNING FOR BIG DATA ANALYTIC 

A. Collaborative Filtering Systems  

In the more general sense, collaborative filtering is the 
process of filtering for information or patterns by means of 
measuring correlations and similarities among multiple agents, 
viewpoints, data sources, etc [2]. Applications of collaborative 
filtering typically involve very large data sets so that makes 
them good analytic algorithms for Big Data.  

The collaborative filtering techniques typically develop 
statistical and historical models of data so that analyzing these 
historical models leads automatically to identify the sets of 
similar items in order to form the top-N recommendations.  

For example by finding the top-N similar consumers (top-
N neighbors) to a target consumer, the behavior of those top-N 
neighbors, can also be used to obtain information not directly 
available for the target user [13]. 

There is a high correlation between temperature, the output 
power from photovoltaic installations and cooling system 
power demand. An adequate collaborative filtering system can 
measure these correlations and thus predict the amount of 
generated power by photovoltaic installations or cooling 
system demand regarding certain temperature values. These 

predicted power generation orders or demand orders can be 
transferred to actionable information to power market systems.  

B. Machine Learning Algorithm  

Machine learning algorithms are well applicable for 
classes of data which are not too big from a volume point of 
view but that are still too big to handle manually like the 
before-mentioned power quality monitoring data. Machine 
learning algorithms as support vector machines (SVM) [14], 
and anomaly detection algorithms help to detect, classify and 
then characterized power quality events.  

C. Deep Learning Algorithm  

What is referred to as “deep learning algorithms”, are 
actually a deep architecture of consecutive layers. The 
nonlinear transformation of input variables presents the output 
variables in each layer. In other words, the hierarchical 
structure of deep learning offers multiple transformation layers 
in which the underlying explanatory factors of data are 
extracted by passing the data through those layers in an 
automatic way. Actually, extractive high level and complex 
abstract features are obtained at a given level based on simpler 
features formulated in the preceding level in the hierarchy [6].  

The ability of deep learning to extract high-level, complex 
abstractions and data representations from large volumes of 
data, especially unsupervised data, and then data classification 
and knowledge discovery, makes it a valuable tool for Big 
Data Analytics.  

Deep learning algorithms can improve dramatically Big 
Data analytics in several aspects [6]. Some of these aspects are 
detailed in forthcoming sections.  

D.  Data Storing and Retrieval  

The term “information retrieval”, in relation to Big Data, 
refers to finding information among large amounts of noisy, 
heterogeneous data.  

With the aim of information retrieval, deep hierarchical 
networks are constructed. Different deep learning algorithms 
may be applied to train each layer and extract abstract features 
whereas the last layer aims at labeling (classifying) the data at 
hand [6].  

The key deep learning algorithms for unsupervised 
learning purposes are the Sparse Auto-encoder and the 
Stacked Auto-encoder [15-16]. These algorithms aid in 
extracting abstract features from fully unlabeled and massive 
data.  

The restricted Boltzmann machine (RBM) is another key 
algorithm that classifies and labels fully unsupervised data 
[17].  

The Principal Component Analysis (PCA) algorithm [18] 
aims at dimension reduction that significantly speeds up the 
unsupervised feature training procedure. 

Logistic regression, support vector machine and soft-max 
algorithm are key algorithms that can be applied in the last 
layer of a deep-learning network to classify input data.  

The soft-max algorithm is a generalized form of the 
logistic regression algorithm such that the class label can take 



more than two possible values. The classified and labelled 
data is appropriate for quick retrieval of information. 

E. Denoising  
Denoising increases the validity of collected data. The 

denoising task is performed by first, corrupting the samples 
from the input distribution ( ) by noise to obtain noisy input 
( ) and then recovering the original ( ) from corrupted ( ) by 
using an efficient function [16]. For instance the corrupted 
input data ( ) can be generated by means of stochastic 
mapping of original input data ( ) as follow: ~ ( | ) (1) 

where  is a stochastic mapping frame-work. The 
literature considers three different types of corruption in deal 
with input data, including: 

• Additive Gaussian noise: This is very common noise 
model as a natural choice for real value inputs [16]. 

• Making Noise: according to this corruption process, 
the random fraction ( ) of the elements of the data ( ), are forced to zero [16]. 

• Salt-and-pepper noise: This is a natural corruption 
process for binary or near binary inputs. Here a 
random fraction	( ) of the elements of ( ) are set to 
their minimum or maximum possible values [16].  

To conduct denoising process, in next step, the corrupted 
input is mapped to hidden layer (hidden representation) by 
function like as , that extracts useful features for denoising 
[16] such as: = ( ) = ( + ) (2) 

where  can be nonlinear function like as sigmoid function 
and  represents the weight vector and  is bias parameter. 
Further, a clever mapping function like as,  is applied to 
construct representation  over parameter . 

 = ( )						 (3) 

Parameters  and  are trained to minimize the average 
reconstruction error over a training set. The aim is to have  as 
close as to uncorrupted input data, ( ). The key difference 
between  and y is that the  is now a deterministic function of 

 rather than .  

Note that the denoising process is still minimizing the 
same reconstruction losses between a clean  and its 
reconstruction form  like as, ( , ). To end this, the  
representation should be achieved by means of far more a 
clever mapping function. The reconstruction error for both 
steps can be like as cross-entropy loss [16]. 

 ( , ) = − ( ) + (1 − ) (1 − )  (4) 

( , ) = − ( ) + (1 − ) (1 − )  (5) 		 

Where  denotes the indexes of input vectors. Generally, in 
dealing with high dimensional datasets, denoising (recovering 
the value of corrupted input data) is only possible by finding 
the dependencies between dimensions. 
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Figure 3.  The denoising auto-encoder architecture (a) and stacking 
denoising auto-encoders (b) [19]. 

VI. BIG POWER SYSTEM EXAMPLES 

A. Feature extraction and anomaly detection  
As an example the space phasor model (SPM) is 

introduced here. The SPM of ideal three-phase voltages is a 
circle. Every power quality disturbance results in a deviation 
from the circle with 1 pu radius. The anomaly detection 
algorithm is a kind of machine learning algorithm which aids 
in detecting anomalous samples, so-called outliers in terms of 
data distribution. Once the anomaly (outlier) samples are 
extracted they can be classified and labelled as different types 
of power quality events. A voltage dips results in an SPM in 
the shape of an ellipse. The fundamental components of 
ellipses (semi-major and semi-minor axis) characterize voltage 
dips. The semi-minor axis is a good approximation for 
residual voltage and the direction of the semi-major axes is 
unique for every type of voltage dip. This feature is applied to 
classified and labelled voltage dips. 

 
Figure 4.  Presenting power quality disturbances as anomaly samples. 

 
Figure 5.  Example for voltage dip, left side, original data, right side, event 

data and its principal components. 
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B. Deep Learning Application for Stacked Voltage Dips  

Suppose that a stack of unlabeled voltage dip events is 
available. A deep network such as the one shown in Fig. 6 can 
be constructed to and classify recorded voltage dips existing in 
database. The first layer implements a sparse auto-encoder 
algorithm to train abstract features from fully unlabeled and 
high dimensional input data. In dealing with voltage dips, the 
number of input nodes is equal to the number of samples per 
cycle. The trained weights of hidden layer and abstract 
features are stacked and then pushed to the PCA layer to 
reduce the dimension of features into fundamental 
components. In case of a voltage dip, the space phasor model 
(SPM) is in shape of general form of an ellipse with two 
principal components aligned with semi-major and semi-
minor axes. Given principal components, the soft-max 
classifier, in the last layer, classifies voltage dips into several 
classes. 
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Figure 6.  Proposed Deep network to classify stack of voltage dips 

 

VII. CONCLUSION 

In conclusion, Big Data from power-quality monitoring 
equipment and smart meters offers lots of benefits for the 
design and operation of power systems. The condition for 
reaching these benefits is the deployment of efficient Big Data 
analytic tools. The artificial intelligent (AI) algorithms such as 
collaborative filtering system develops historical and 
statistical models of data and then aims at detecting the 
similarities and correlations between different models which 
finally results in the predictive information. The machine 
learning algorithms like as anomaly detection or K-means 
clustering algorithms help to extract anomalous data or 
irregular patterns in fully unsupervised mode. Finally Deep 
learning algorithms are proposed as an advanced Big Data 
analysis tool as it can deal with massive, heterogeneous and 
unlabeled data where it also provides all advantage mentioned 
for previous algorithms. 
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Abstract—This paper proposes a space phasor model (SPM) of 
three-phase-to-neutral voltages as basis for voltage transient 
analytics. the Gaussian model based anomaly detection 
technique is developed to extract transient samples as 
anomalous samples. The proposed method introduces and 
calculates a set of ‘single-transient characteristics’ for voltage 
transient events.  
The number of transients measured in, either distribution or 
transmission level, have been applied to the proposed method. 
The simulation results have provided a support for 
effectiveness of the SPM for voltage transient analytics. 
 

Keywords-Space phasor model (SPM), Power Quality 

Voltage transient, Anomaly Detection. 

I.  INTRODUCTION 
Voltage quality disturbances (VQD) are deviations from 

the ideal voltage, for instance, supply voltage variations that, 
(e.g., due to large load changes at the costumer level); 
voltage dips that could be caused by short-circuits in the 
grid; or rapid voltage changes that could be caused by 
changes in production or consumption [1].  

The transient is any significant deviation from the ideal 
voltage that last for less than one cycle. However, there are 
other definitions for transient as well; e.g. the transition 
between two steady states, according to the definition in 
electrical circuit theory, may last for more than once cycle 
[].   

In terms of space phasor model (SPM), in three-phase 
system, the normal operation is represented by almost unit 
circle.  Any voltage deviation results in deviation from such 
unit circle. So far SPM has been proposed for voltage dip 
and voltage swell charactractrization and analysis [2]-[4]. 
This concept is the base for a new united approach to 
characterization of voltage-quality disturbances, both events 
and variations for three-phase systems including fast voltage 
transients.  Existing VQD benchmarks, almost use rms 
voltages for VQ evaluation. The main short comes of rms 
voltage are: loss of information regarding low pass filtering; 
there is no integration between three phases; complexity 
regarding detecting and extracting transient, limited 
information (i.e., in term of voltage dip only dip duration 
and magnitude). 

This paper uses space phasor model of three-phase-to-
neutral voltages for voltage transient analytics. The 
proposed method uses Gaussian model based anomaly 
detection technique to extract samples corresponding to 
transient event. Given corresponding samples then it 
introduces four new ‘single-transient characteristics’ STCs 
including: magnitude, duration, modulus rapid change 
(MRC) and the transient type.  

The proposed method has been applied to several 
measured voltage transient records. The simulation results 
support evidence for SPM effectiveness for voltage transient 
analytics.  

Section II of this paper present brief review on voltage 
transient events in term of definition, transient origin and 
also the general characteristics of the voltage transients. 
Section III illustrates the SPM application for voltage 
transient analytics. In this section, first of all, the SPM 
definition is provided then the Gaussian model based 
anomaly detection for extracting transient samples is 
explained. Further this section introduces some single-
transient characteristics for voltage transients. Section IV 
explains the applied methodology for detecting the transient 
type characteristic. The Section V illustrates the simulation 
results and finally the Section VI concludes this paper.   

II. VOLTAGE TRANSIENTS 
There are two main approaches to define voltage 

transient as follows [2]: 

1- A voltage transient is defined in the power-quality 
field as any large deviation from ideal voltage (in 
magnitude, waveform or frequency) for less than 
one or half cycle, regardless of the origin of such 
deviation. 

2- A voltage transient is defined in electrical circuit 
theory as the transition between two steady states,  
regardless of the duration of this transition.  

Similar to its definition, the voltage transient 
classification can also be done according to either 
underlying cause of transient or the appearance of the 
transient.  



The voltage transients, according to their appearance are 
categorized in IEC standards into oscillating transients and 
impulsive transient. 

According to their underlying cause, the voltage 
transients are categorized into three general categories: 
lightning transient, normal switching and abnormal 
switching transients [5]. 

Normal and abnormal switching transients are further 
subdivided, based on their origin, into the following 
subcategories [6]-[10]:  

a) Capacitor energizing/de-energizing;  
b) Inductor energizing/ de-energizing 
c) Cable Connection / disconnection 
d) Microgrid switching from/to islanding mode 
e) Equipment Switching 
 
characterization of transients (which is more or less the 

subject of your paper) and mention that there is no 
consensus on this and that there is nothing helpful in the 
standards at all. 

From three-phase electrical machine perspective, an 
adequate model for designing the control system must 
preferably represent all potential dynamic affects occurring 
in either steady state or transient operations. The model also 
should be valid for any arbitrary time variation of the 
voltage and current generated by supplier converter. It has 
been shown that the space phasor model (SPM) provides 
such characteristics where it is valid for any instantaneous 
variations of voltage and current so that it can adequately 
describes the performance of the machine in both steady-
state and transient operation [11].  

Similarly, in deal with three-phase voltages, the main 
advantage of the SPM is that it is time-domain 
transformation without any filtering operation thus, there is 
no information lost and any deviation in voltage waveforms 
immediately appears in SMP domain. Using modulus of the 
SPM as basis it is very easy to detect and extract transient 
samples as an anomalous sample using suitable anomaly 
detection algorithm. The previous works has been shown 
also the effectiveness of SPM for voltage dip analytics 
[12][13].  

The SPM is a time-domain model; there is no loss of 
information when going from time domain sinusoidal 
voltages to the SPM, with the exception of the zero-
sequence voltage. The SPM integrates all three phases 
sufficiently and characterizes three phases together. The 
SPM is also useful visualization tool, in complex plane, 
enables monitoring shallow voltage variations immediately. 
The only thing that’s lost is the zero-sequence component. 

The waveform, SPM and the modulus of the SPM, for a 
recorded voltage transient is shown in Fig. 1. 

 

Fig. 1. An example of voltage transient: waveform (top-left), , modulus 
of the SPM (bottom-left) and SPM (right). 

III. THE SPACE PHASOR MODEL FOR VOLTAGE 
TRANSIENTS 

A.  Space Phasor Model (SPM) 
The SPM of three phase voltages mathematically is 

given by (1). 

                         𝑉𝑠𝑝𝑚 =
2

3
(𝑉𝑎 + 𝑎𝑉𝑏 + 𝑎

2𝑉𝑏)                 (1) 

Where 𝑉𝑎 , 𝑉𝑏  and 𝑉𝑐  are time sequence phase-to-neutral 
voltages and 𝑎 is 𝑒𝑗

2𝜋

3 . 

The SPM of three phase nominal voltages, in complex 
plane, is a unit circle. Any deviation in voltage magnitude 
impacts the circle radius. The voltage harmonic distortion 
leads to either distorted ellipse or circle.  

The voltage transient, shorter than one cycle, are 
represented as several points oscillating around unit circle or 
located totally either inside or outside of unit circle. The 
earlier is correspondent to the oscillating transient and the 
latter are correspondent to so fast impulsive transients.  

B. Voltage Transient Detection 
The modulus of a SPM, as a function of time, is given by 

(2). 
          𝑀𝑠 = √𝑟𝑒𝑎𝑙(𝑉𝑠𝑝𝑚)

2 + 𝑖𝑚𝑎𝑔(𝑉𝑠𝑝𝑚)
2                (2) 

 
The modulus is almost 1 pu in normal operation. Once 

the modulus is dropped below or exceeds certain threshold 
values, then the transient detection is triggered. When the 
event lasts for more than one cycle, characterization 
methods for dips, swells and interruptions are more suitable. 
Those will not be further discussed in this paper.  

C. Voltage Transient Extraction  
A technique for extracting transient data is Gaussian-

based anomaly detection [14]. 
Given SPM of three-phase voltages of recorded data, 

partitioning the SPM into its real and imaginary parts, the 
matrix 𝑿 is obtained as follows: 

                           𝑿 = [𝒙𝑟 𝒙𝑖]𝑛×2                      (3) 
where 𝒙𝑟 and 𝒙𝑖 are 𝑛 × 1 column vectors correspondent 

to real and imaginary parts, respectively and n is the number 
of recorded samples.  

The assigned Gaussian distribution, for each dimension 
of data matrix, 𝑿, is : 

𝑝(𝒙(𝑗); 𝜇𝑗 , 𝛿𝑗
2) =

1

√2𝜋𝛿𝑗
2
𝑒
−
(𝒙(𝑗)−𝜇𝑗)

2

2𝛿𝑗
2

                  (4) 

where 𝜇𝑗 and 𝛿𝑗
2 are the mean and standard variance for 

𝑗-th dimension that are given by (5) and (6): 

                               𝜇𝑗 =
1

𝑛
∑ 𝒙𝑖

(𝑗)𝑛
𝑖=1                        (5) 

                   𝛿𝑗
2 =

1

𝑛
∑ (𝒙𝑖

(𝑗)
− 𝜇𝑗)

2
𝑛
𝑖=1                    (6) 

Given the estimated Gaussian distribution, for each test 
sample, 𝑥, its 𝑧-score is computed as follows: 



                                    𝑧(𝑗) =
|𝑥(𝑗)−𝜇𝑗|

𝛿𝑗
                                (7) 

A test instance is declared to be anomalous if: 

                  𝑧(𝑗) > 𝑛−1

√𝑛
√

𝑡𝛼 2,𝑛−1⁄
2

(𝑛−2)+𝑡𝛼 2,𝑛−1⁄
2                      (8) 

where 𝑡𝛼 2,𝑛−1⁄  is a threshold used to declare an 
anomalous sample which is obtained from t-distribution at a 
confidence level of 𝛼

2𝑛
 [14]. 

The SPM is a direct time-domain transformation of 
waveforms; an inverse transformation exists. This makes it 
possible to reproduce the waveform samples for example 
for frequency-domain processing.  

D. Voltage Transient Characterization 
According to the SPM-based approach, the transient 

characteristics, introduced in Section II, can be defined as 
follows: 

Magnitude: the maximum value of the modulus of 
SPM during transient, 𝑀𝑆𝑡.  

                          𝑀 = 𝑀𝑎𝑥(𝑀𝑆𝑡)                             (9) 

Duration: it is calculated by dividing the number of 
transient samples (𝑁𝑡 ) over the recording sampling 
frequency (𝑓𝑠). 

                                𝑑 = 𝑁𝑡/𝑓𝑠                                 (10) 

Further the SPM makes possible to calculate other type 
of characteristics such as follows: 

Modulus Rapid Change (MRC): the sharp changes in 
magnitude of the modulus .  

                       𝑀𝑅𝐶 = max(𝑀𝑆𝑡)−min (𝑀𝑆𝑡)

|(𝑡2−𝑡1)|
            (11) 

where 𝑀𝑆𝑡  is modulus of SPM; 𝑡2  and 𝑡1  are instants 
that the maximum and minimum values of modulus are 
derived and |. | is an absolute function.  

Type: there are three types of transient: a) transient in 
only one phase, 𝑇𝐼; b) Transient in two phasors, 𝑇𝐼𝐼; c) 
transient in all three phases 𝑇𝐼𝐼𝐼; 

The types 𝑇𝐼  and 𝑇𝐼𝐼  can be divided into three sub types 
as follow: 

 𝑇𝐼𝑎, 𝑇𝐼𝑏 , 𝑇𝐼𝑐: in which the subscribe ‘a’, ‘b’ or ‘c’ 
denotes the phasor evolving with significant 
transient. 

 𝑇𝐼𝐼𝑎, 𝑇𝐼𝐼𝑏 , 𝑇𝐼𝐼𝑐: in which the subscribe ‘a’, ‘b’ or ‘c’ 
denotes the phasor which evolves with small or no 
transient. 

 

IV. VOLTAGE TRANSIENT TYPE DETECTION 
Using the SPM expression in (1) the real and imaginary 

part of the SPM are obtained as follows: 

       [
𝑅𝑠𝑝𝑚
𝐼𝑠𝑝𝑚

] =
2

3
[
1 −

1

2
−
1

2

0
√3

2
−
√3

2

] [

𝑉𝑎
𝑉𝑏
𝑉𝑐

]                (12) 

a) ACD Classification for Voltage Dips 

To be able to classify transients in a three-phase system, 
the classification for voltage dips in such a system has been 
used as a base in [15]. Two unbalanced voltage dip 
types,  C and D , are introduced in [16]; The complex 
voltages corresponding to types Ca and Da are presented in 
(13) and (14), respectively [93]: 

                     

𝑈𝑎 = 𝐸

 𝑈𝑏 = −
1

2
𝐸 −

1

2
𝑗𝑉√3

𝑈𝑐 = −
1

2
𝐸 +

1

2
𝑗𝑉√3

                 (13) 

Where E  is the pre-event voltage and the V  is 
“characteristic voltage”. 

                      

𝑈𝑎 = 𝑉

𝑈𝑏 = −
1

2
𝑉 −

1

2
𝑗𝐸√3

𝑈𝑐 = −
1

2
𝑉 +

1

2
𝑗𝐸√3

                (14) 

The expressions in (13) indicates the voltage drop in 
phasors ‘b’ and ‘c’ without voltage drop in phasor ‘a’ 
results in Ca dip type. Rotating equation set by ±120° two 
other dip types Cb and Cc are obtained, respectively [17].  

The expressions in (14) indicate the voltage drop in 
phasor ‘a’ without voltage drop in phasors ‘b’ and ‘c’ 
results in Da dip type. Similar to type C dip type, rotating 
equation set in (12) by ±120° two other dip types Db  and 
Dc are obtained respectively.  

Rewriting dip types Da  and Ca in term of changes in 
complex voltage, the dip type Ca in (13) is changed to (15). 

                  

∆𝑈𝑎 = 0

 ∆𝑈𝑏 = −
1

2
𝑗(𝐸 − 𝑉)√3

∆𝑈𝑐 = −
1

2
𝑗(𝐸 − 𝑉)√3

                (15) 

Similarly, the dip type Da in (14) is changed to (16). 

                   

∆𝑈𝑎 = 𝐸 − 𝑉

 ∆𝑈𝑏 = −
1

2
(𝐸 − 𝑉)

∆𝑈𝑐 = −
1

2
(𝐸 − 𝑉)

                   (16) 

b) Classification of Transients 

As shown in (12) the real part of SPM gives voltage in 
phase ‘a’ and the opposite voltage of half of the amplitude, 
in phase ‘b’ and ‘c’. This shows that the variation is 
complex voltages during dip and it is corresponding to the 
equation in (1) which is correspond to the dip type Da.  

The imaginary part gives a voltage in phase b and the 
opposite voltage in phase c considering this as variations in 
complex phasors, this is corresponding to the equation in 
(15) and thus the dip type Ca.  

Rotating SPM by ±120°, the real part results in Db, Dc 
dip types, respectively. The imaginary parts are 
correspondent to the Cb and Cc dip types, respectively.  

Thereby six fundamental transient components are 
calculated as follows: 
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𝐷𝑎 = Re(𝑉𝑠𝑝𝑚)         

𝐷𝑏 = Re(𝛼 ∗ 𝑉𝑠𝑝𝑚)  

𝐷𝑐 = Re(𝛼
2 ∗ 𝑉𝑠𝑝𝑚)

𝐶𝑎 = Im(𝑉𝑠𝑝𝑚)         

 𝐶𝑏 = Im(𝛼 ∗ 𝑉𝑠𝑝𝑚)    

𝐶𝑐 = Im(𝛼
2 ∗ 𝑉𝑠𝑝𝑚)

                         (17) 

where 𝛼2 ∗ 𝑉𝑠𝑝𝑚is SPM in (1). The expressions in (17) 
show the relations between transients and the SPM 
components. For instance, for a transient of Type 𝑇𝐼𝑎 the Da 
component has the largest magnitude, conversely during a 
transient of type 𝑇𝐼𝐼𝑎 the Ca component is almost zero.  

V. SIMULATION AND RESULTS 
This section uses several measured voltage transients to 

illustrate the proposed SPM-Based approach for detecting, 
extracting and characterizing voltage transients.  

A. Example 1: (capacitor energizing transient) 

The first example is an oscillating transient due to 
capacitor energizing in phase ‘b’. The transient data is 
recorded in the same level and the corresponding waveform, 
SPM and the SPM modulus are shown in Fig. 2.  

The extracted transient samples are shown in red on 
SPM subplot and highlighted points on waveform subplot. 

The numerical result of transient characteristics is shown 
in first row of Table I. The corresponding magnitude 
characteristic is 1.42 pu and the duration is 0.3 cycle. As 
shown in Fig. 3 the 𝐶𝑐  component is almost zero thus the 
transient type is calculated as 𝑇𝐼𝐼𝑐. The MRC characteristic 
is also about 85.4%/s. 

B. Example 2: (capacitor energizing transient) 

The second example is an impulsive capacitor energizing 
transient that is recorded in the same level. The 
corresponding waveform, SPM and the modulus of SPM are 
shown in Fig. 3. The extracted transient samples are shown 
in red on SPM subplot and highlighted points on waveform 
subplot. As shown in figure, the more impacted phasor is 
phase ‘a’.  

The numerical results for transient characterization are 
shown in second row of Table I. the magnitude 
characteristic is 1.24 pu and the transient last for about 
0.13 cycle.  

As shown in Fig. 5 the transient component 𝐷𝑏  has 
largest magnitude thereby the transient Type 𝑇𝐼𝑏 is decated. 
All three phases are evolved with transient and thus the 
transient is Type 𝑇𝐼𝐼𝐼 . The MRC characteristic is about 
392.6%/s. 

C. Example 3: (complex voltage transient) 

A one complex oscillatory voltage transient is shown in 
Fig. 6. The corresponding waveform, SPM and modulus of 
the SPM are shown in Fig. 6. The transient is measured in 
132 kV network. The switching is taken place in phase ‘b’ 
first and followed by phase ‘a’. The numerical results for 
transient characteristics are shown in last row of Table I. 
The magnitude and the duration characteristics are 1.16 pu 
and 0.88 cycle, respectively.  

As shown in Fig. 7, all transient components have large 
magnitudes, thereby the resulted transient type is 𝑇𝐼𝐼𝐼 . 
Further considering the transient components 𝐷𝑎  and 𝐶𝑏 
they include two different oscillation which shows the 
consecutive switching in phase ‘b’ and phase ‘a’. The 
corresponding MRC characteristic is calculated as 5.93%.  

 
Fig. 2.  Example1: the waveform (top left), SPM (right) and the 

modulus of the SPM (bottom left) of oscillating transient due to capacitor 
energizing. The exact extracted transient samples are shown in red in SPM 
plot and the extracted corresponding original data are shown by highlighted 
points on waveforms. 

 
Fig. 3.  Example2: 6 fundamental transients. 

Fig. 4.  Example2: the waveform (top left), SPM (right) and the modulus of 
the SPM (bottom left) of oscillating transient due to capacitor energizing. 
The exact extracted transient samples are shown in red in SPM plot and the 
extracted corresponding original data are shown by highlighted points on 
waveforms. 

 

 
Fig. 5.  Example2: 6 fundamental transients. 
 

 



Fig. 6.  Example 3: the waveform (top left), SPM (right) and the 
modulus of the SPM (bottom left) of complex transient in voltage. The 
exact extracted transient samples are shown in red in SPM plot and the 
extracted corresponding original data are shown by highlighted points on 
waveforms. 

 

 
Fig. 7.  Example2: 6 fundamental transients. 
 

Table I 
The Numerical Results of Characterization of Transient Examples 
 Mag. (pu) D (cycle) MRC (%) Type 
Example 1 1.42 0.3 85.40 𝑇𝐼𝐼𝑐 
Example 2 1.24 0.124 392.6 𝑇𝐼𝑏 
Example 3 1.16 0.88 5.93 𝑇𝐼𝐼𝐼 

VI. CONCLUSIONS 
This paper presents a space phasor model (SPM)-based 

method for voltage transient analytics in three-phase 
systems. The SPM is a direct time-domain transform of 
three-phase-to-neutral voltages without filtering operation 
and thus any information lost. This characteristic is suitable 
for detecting and extracting voltage transient samples.  

The proposed method uses Gaussian model based 
anomaly detection technique to extract the transient samples 
as anomalous samples. A set of new single-transient 
characteristics (STCs) has been introduced and provided 
using SPM domain data. 

The proposed method has been verified using several 
measured voltage transient events. The simulations results 
show the effectiveness of SPM for voltage transient 
analytics. 
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a  b  s  t r  a  c  t

This  paper  proposes  a  method  for  characterizing  voltage  dips based on the  space phasor  model  of the
three  phase-to-neutral  voltages,  instead  of the individual  voltages.  This  has several advantages.  Using  a
K-means  clustering  algorithm,  a multi-stage  dip  is separated  into  its  individual  event segments  directly
instead  of first  detecting  the  transition  segments.  The  logistic regression  algorithm  fits the best  single-
segment  characteristics  to  every individual  segment,  instead  of  extreme  values  being  used for this,  as
in  earlier  methods.  The  method  is validated  by applying  it  to synthetic  and  measured dips. It  can  be
generalized  for  application  to both  single-  and  multi-stage  dips.
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1. Introduction

Electrical faults (short circuits and earth-faults), starting of large
induction motors, and such, cause a sudden short-duration increase
in current and consequently a short-duration reduction in rms  volt-
age  which is called “voltage dip” or “voltage sag” [1,2].

Voltage  dips are characterized by a limited set of values, so-
called “single-event characteristics” [3,4]. Such characteristics,
defined in international standards, are: “voltage-dip duration” and
“residual voltage” [3,5]. Other examples discussed in the literature
are characteristic voltage (CV), positive–negative factor (PNF), dip
type (DT) [6–8], point on wave [9–13], phase-angle jump [15,16],
and a number of indices that give a single-dimensional value for
the dip severity, for example [3,9,16,17]. With the exception of
the point-on-wave characteristics, the single-event characteristics
are obtained from a characteristic versus time. As an example, the
residual voltage is the lowest one-cycle rms  voltage.

All  these characterization methods suffer from two  main limi-
tations:

(i) Especially for multi-stage voltage dips, using one set of single-
event  characteristics for the whole event is not effective.

∗ Corresponding author.
E-mail address: azam.bagheri@ltu.se (A. Bagheri).

(ii) Even for single-stage voltage dips, the characteristics versus
time  are not constant and a “representative value” has to be
selected.  In each of the standard or proposed methods, this is
the  most severe value, which is a necessary but not satisfactory
choice.

A  general approach for characterizing multi-stage dips is pro-
posed by an international working group (CIGRE/CIRED/UIE C4.110)
[18]. The voltage dip is to be divided into “event segments” (during
which the voltage waveform can be considered quasi-stationary)
and “transition segments” (during which this assumption cannot be
made)  that separate the event segments. The parts of the record-
ing before and after the actual dip are referred to as “pre-event
segment” and “post-event segment”, respectively. The proposed
general approach has not yet been implemented anywhere; an
important barrier being the difficulties in detecting the transition
segments [20–22]. See Ref. [19] for more details on segmentation.

The  algorithm proposed in this paper addresses both before-
mentioned limitations by using an alternative approach to
voltage-dip characterization. Instead of calculating characteristics
versus time, the three time-domain waveforms are transformed
into the complex domain using the space-phasor model (SPM),
as also used by Refs. [23] and [24]. A clustering method is next
used to divide the time-domain waveform into event segments.
For each of the resulting segments, a logistic regression method is
next  applied to obtain the parameters of the best fitting circle or

http://dx.doi.org/10.1016/j.epsr.2017.09.004
0378-7796/© 2017 Elsevier B.V. All rights reserved.
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ellipse. These parameters form the basis for calculating the ‘single-
segment indices’ for each event segment of the voltage dip. The
proposed algorithm calculates four single-segment characteristics:
characteristic voltage (CV), positive negative factor (PNF), dip type
(DT), and duration.

In  the remainder of this paper, Section 2 provides a review of
previous works on voltage dip characterization. Section 3 details
the proposed method by explaining SPM and presenting a mathe-
matical description of ellipses. This section also renders K-means
clustering and logistic regression algorithms and the relations
between ellipse parameters and single-segment characteristics.
Section 4 presents simulation results for synthetic and measured
dips. Finally, Sections 5 and 6 discuss the algorithms and conclude
this paper.

2. Status of voltage dip characterization

The earliest works on voltage dip characterization used rms
voltages to calculate residual voltage and duration of the dip as
two single-event characteristics. The method proposed in Ref.
[6], symmetrical component algorithm (SCA), uses symmetrical
components to calculate three characteristics: CV, PNF and DT.
Characteristic voltage (CV) can be considered as a generalized
residual voltage. The difference between CV and PN Factor (PNF)
quantifies the amount of voltage unbalance during the voltage dip.
The  dip type (DT) divides voltage dips into three basic types: typi-
cally referred to as Type A, Type C and Type D [1,6];

• Type  A dips are balanced voltage dips; the same drop in magni-
tude  for all three phase-to-neutral voltages. This is referred to as
Type III in Ref. [19].

• Type  C dips are unbalanced voltage dips with a significant drop
in  two of the three phase-to-neutral voltages and a lower or no
drop  in the third one, (Type II). Type C is subdivided into Ca,  Cb, Cc.
The subscript denotes the phase with small or no voltage drop.

• Type  D dips are unbalanced dips with a large drop in magnitude
for  one phase-to-neutral voltage and a lower or no drop for the
two  other voltages (Type I). The D family is subdivided into Da,
Db, Dc types. The subscript denotes the phase with a large voltage
drop.

The  other proposed algorithm, six-phase algorithm (SPA) [25],
uses six rms  voltages to calculate CV, PNF and DT. Both SCA and
SPA calculate mentioned characteristics as a function of time. The
proposed methodology in Ref. [26] codifies a systematic way, for
implementation in international standards, to select a representa-
tive value as single-event characteristic.

The method presented in Ref. [23] uses the complex values of
positive and negative-sequence voltages, as calculated from the
SPM and the zero-sequence voltage, as part of an extended version
of the before-mentioned ACD classification.

The algorithms in Refs. [27,28] are based on minimal phase-
to-neutral (PN) and phase-to-phase (PP) voltages. Relations are
derived between the smallest PN voltage and the smallest PP volt-
age, for each type of dip, starting from the expressions for the
voltages during the dip according to the ABC classification [29].

The  proposed method in Ref. [30], introduces five different
parameters: “remain voltage” (RV), “inverse remain voltage” (IRV)
and three angles between phases (˛, ˇ, ı). The residual voltage for
each phase is calculated according to RV values. The two highest
values of IRV and three angles are used to determine the dip type.

The method proposed in Ref. [31] characterizes voltage dips
based on the CVUF (“complex value unbalanced factor”), three
angles between phases and the original fault type.

The algorithm in Ref. [32] uses the polarized ellipse parame-
ters, the fundamental frequency phasors, and some boundaries to
characterize voltage dips.

The  algorithms in Refs. [23] and [32] calculate the ellipse
parameters as base for dip characteristics; however, the proposed
algorithms require an additional technique such as the discrete
Fourier transform (DFT) to extract the fundament component of
the  voltage. Also, these algorithms still need additional techniques
to extract event segments from the event recording.

Moreover, according to our knowledge [33], there is no algo-
rithm which aims particularly at characterizing multi-stage voltage
dips in term of extracting ‘single-event characteristics’ for each
event segment individually.

3. Characterization method for multi-stage dips

3.1. Space phasor model

The space phasor model (SPM) of three phase-to-neutral volt-
ages, Va,  Vb and Vc, is obtained by:

SPM = 2
3

[
Va (t) +  ˛Vb (t) +  ˛2Vc (t)

]
(1)

where   ̨ = ej2�/3 and ˛2 = ej4�/3.
The shape of the SPM in the complex plane is either a circle or an

ellipse. This offers a more intuitive model for clustering of a multi-
stage voltage dip than voltage waveforms or rms  values. The circle
represents the normal voltages or a balanced voltage dip (Type A).
The  circle radius is equal to the residual voltage.

As shown in Refs. [34,35], the ellipse represents an unbalanced
voltage dip (Type D and Type C), where the direction of the major
axis indicates the dip type and the length of the axes is related to
PNF and CV [23].

An  example of a multi-stage voltage dip with two  event seg-
ments is shown in Fig. 2. The SPM, according to Eq. (1), is shown
on the right-hand side of Fig. 3. Three circles are visible and one
ellipse: the circles are corresponding to the pre-event, post-event
and second event segment; the ellipse corresponds to the first event
segment. The left-hand side of Fig. 3 shows the modulus of the SPM
as  a function of time.

3.2. Ellipse and principal axis theorem

3.2.1. Standard quadratic form
The standard quadratic form of an ellipse that is aligned with

the x-axis, in the coincident reference frame, is as follows:

XT MX = 1 (2)

where  X =
[

x1 x2
]T

is a variable matrix and M is a diagonal
parameter  matrix [36,37]:

M =

⎡
⎢⎣

1
a2

0

0
1
b2

⎤
⎥⎦ (3)

where  a and b denote the ellipse vertices in the coincident reference
frame.

3.2.2. Rotating ellipse (general quadratic form)
The ellipse may  be rotated over an angle ϕ by the following

rotation matrix:

R =
[

cosϕ − sin ϕ

sin ϕ cos ϕ

]
(4)
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The major axis direction (1, 0) is rotated to (cos ϕ, sin ϕ) and the
minor axis direction (0, 1) is  rotated to (−  sin ϕ, cos ϕ).  The general
transformation  is Z = RX with inverse X = RTZ.

Substituting this into (2) results in:

ZT RMRT Z = 1 (5)

By  considering Z =
[

z1 z2
]T

, the general quadratic equation
for the ellipse becomes:(

cos2ϕ

a2
+ sin2ϕ

b2

)
z1

2 − 2 cos � sin �

(
1
a2

− 1
b2

)
z1z2 +

(
sin2 ϕ

a2
+ cos2ϕ

b2

)
z2

2 = 1 (6)

which gives the following general form of the ellipse:

a′z1
2 + b′z1z2 + c′z2

2 = 1 (7)

where  a′ and c′ are positive values. Considering this equation, the
matrix M in Eq. (3) is changed into the following general form [36]:

M =
[

a′ b′/2

b′/2 c′

]
(8)

3.2.3.  Principal axis theorem
If M is a symmetric matrix there exists a matrix P such that

PTMP = D, where D is a diagonal matrix containing the eigenval-
ues and the columns of P contain the corresponding eigenvectors
[36,37].

According to the general quadratic form of the ellipse, there
exists a symmetric matrix M that can be transformed into diago-
nal matrix D by applying the principal axis theorem. The procedure
requires the following steps:

• Determine the matrix M of the ellipse.
• Find  the orthogonal matrix P such that D = PT MP.
• Change  the ellipse variables Z by applying W = P−1Z.

The  standard form of the ellipse that aligns with major axis
direction becomes as follows:

WT DW = w1
2

d1
2

+ w2
2

d2
2

= 1 (9)

where  W =
[

w1 w2
]T

. This is an ellipse with semi-major and
minor axis d1 and d2.

3.3. K-means clustering algorithm

The K-means clustering algorithm classifies a given data set
through a number of clusters (K) fixed a priori, defined as K cen-
troids, one for each cluster. The next step is to associate each point
belonging to a given dataset to the nearest centroid. Finally, this
algorithm minimizes an objective function: squared value of dis-
tance between a data point and the cluster centre. The general
algorithm consists of the following steps [38–41]:

1.  Place K centroids into the space represented by the objects which
are  being clustered.

2. Assign each object to the cluster that has the closest centroid.
3. When all objects have been assigned, recalculate the positions

of  the K centroids.
4. Repeat steps 2–3 until the centroids no longer move and the

object  is clustered.

Examples of using a K-means clustering algorithm in power
quality analysis are presented in Refs. [42–44]. The approach pro-
posed in Ref. [42] uses a K-means algorithm to identify voltage dip
patterns considering the original fault location. Ref. [43] contributes
to classifying different power quality events by means of a K-means
clustering algorithm. The proposed algorithm aims at coping with
large amounts of event data where it groups similar events, even
at different locations, in the same cluster.

The clustering of multi-stage dips based on SPM uses the same
four-step general approach as presented above, with the following
additions:

1. The rms  value of the modulus of the SPM is divided into sev-
eral  clusters, each corresponding to an event segment. Analysis
of  many measured dips shows that the rms  of SPM modulus, as
a  function of time, has at most five different segments (where
pre-event  and post-event are seen as one “normal voltage seg-
ment”).  Therefore the parameter K is set to K = 5. For dips with
less  than five segments, the additional clusters have shown to
remain  almost empty.

2. All clusters longer than one half-cycle (10 ms)  are considered to
obtain  the single-segment characteristics.

3.4. Logistic regression

Logistic regression extends the ideas of multiple linear regres-
sion to the situation where the dependent vector y is categorical.
The feature vector containing the independent variable is defined

as F =
[

f 1
(i), f 2

(i), . . .,  f n
(i)

]
, (i = 1, 2, . . .m).  The aim of the logis-

tic regression is to find the best fitting model to describe the
relationship between the dependent variable vector y and a set
of independent variables F. Actually the model fits the parame-
ter vector � =

[
�0, �1, · · ·, �n

]
, which is the vector of coefficients

of  independent variables that minimizes the cross-entropy losses
J
(

�
)

[45]:

J
(

�
)

= 1
m

m∑
i=1

[
−yi log

(
(h� (F))i

)
− (1  − yi) log

(
1 − (h� (F))i

)]
(10)

where

h� (F) = 1

1 + e
−
(

�T F
) (11)

Applying component-wise gradient descent to optimize param-
eters vector �, yields the following [45]:

∂J
(

�
)

∂�j

= 1
m

m∑
i=1

(
(h� (F))i − yi

)
f j

(i) (12)

where j = 1, 2, . . .,  n.
Supposing a general quadratic function of the ellipse, the feature

matrix F (m × 3) is:

F =
[

f 1
(i), f 2

(i), f 3
(i)

]
(13)

Where f 1
(i) = z1

(i).z1
(i), f2

(i) = z1
(i).z2

(i) and f 3
(i) = z2

(i).z2
(i) by

supposing z1
(i) and z2

(i) as column vectors corresponding to the
real and imaginary parts of the cluster members (complex values
correspondent to SPM), and where i = 1,..m denotes the number of
cluster memberships.

The  parameter vector, �(3 × 1) is:

� =
[

a′ b′ c′ ]T
(14)
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Fig. 1. Algorithm of proposed method.

Finally the dependent variable vector is a (m  × 1) column vector
as y = [11. . .1].

The  general four-element matrix M is constructed from obtained
parameters by means of logistic regression as below:

M =
[

a′ b′/2

b′/2 c′

]
(15)

3.5. Dip characteristics

Once the parameters of the ellipse are known, in the form of the
four-element matrix M in Eq. (15), the three-phase characteristics
of the voltage dip can be estimated. If the diagonal entries are equal
(less than a small threshold (0.03)) it means that the clustered data
represents a circle. If diagonal entries are close to unity, then the
clustered data are related to the pre- or post-event segments, other-
wise the cluster data belongs to a balanced voltage dip (Type A) and
the  radius of the circle is equal to the characteristic voltage. In this
case, the single-segment characteristics CV and PNF are obtained
from:

CV = PNF = 1√
a′ (16)

Whenever the difference between diagonal entries is bigger
than a threshold, the clustered data corresponds to an ellipse. By
using the principal axis theorem, as mentioned in Section 3.2.3,

the matrix M is changed to diagonal matrix D by the following
transform:

PT MP = D =
[

d1 0

0 d2

]
(17)

where P is the rotation matrix R, in Eq. (4). The diagonal entries of
decreasing order matrix D are highly correlated with semi-minor
and major-axis lengths. The ellipse parameters, semi-major and
minor axis lengths (Ax, Ay), and subsequently the single-segment
characteristics are calculated as:

PNF ≈ Ax = 1/
√

d1 (18.1)

CV ≈ Ay = 1/
√

d2 (18.2)

The semi-minor axis length (Ay) is a good approximation of the
characteristic voltage (CV) of the corresponding segment. Similarly,
semi-major axis length is a good approximation of PNF [34,35].
Finally the dip type DT as a third single-segment characteristic is
determined based on the major axis direction [23].

The  orthogonal matrix P, which is extracted by using the prin-
cipal axis theorem, is exactly the rotation matrix R, therefore the
rotating angle ϕ is determined by:

ϕ = cos−1 (P (1, 1)) (19)

The major axis of the ellipse is located in specific spans of the
trigonometric circle. For six unbalanced dip types, the upper semi-
circle of the trigonometric circle is divided into 6 different spans
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Fig. 2. Example for multi-stage voltage dip.

Fig. 3. RMS  of modulus of the SPM and the SPM in the complex plane.

each one 30◦ wide, as shown in Fig. 4. Thereby the parameter T
assigns the corresponding dip type to each span [23,34,35]:

T = ceil
(

ϕ

30

)
T = 1; Type Db

T = 2; Type Cc

T = 3; Type Da

T = 4; Type Cb

T = 5; Type Dc

T = 6; Type Ca

(20)

Fig.  1 shows the algorithm of the proposed method.
This  separation into six “basic dip types” is the foundation of

most algorithms for characterization of three-phase unbalanced
voltage dips. The further classification (introducing for example
Type A and Types E, F and G) proceeds the same, independent of
the method used for separation into basic dip types [23,46,47].

4. Validation and test results

4.1. Synthetic voltage dips

The proposed characterization method is applied to 19 synthetic
dips based on the ABC classification. For each class, three differ-

Fig. 4. The position and direction of semi-major axis, for different dip types.

ent dips are considered, with the exception of class A for which
only one dip is considered. The phasor representation of the volt-
age dip aligned with phase ‘a’ is presented in column 2 of Table 1.
The parameter ddenotes the depth of the dip. The equations cor-
responding to dips aligned with phasors ‘b’ and ‘c’ are derived by

multiplying these equations by e

(
j 2�

3

)
and e

(
−j 2�

3

)
, respectively.

The validation is taken place considering two scenarios: first,
synthetic dips without phase-angle jump; and second, synthetic
dips associated with −20◦ phase-angle jumps.

The  numerical results are presented in Table 2. Column 1 of
Table 2 represents the class of dips. The notations, for instance B 1,
B  2 and B 3, refer to dips belonging to Class B and aligned with pha-
sor ‘a’, phasor ‘b’ and phasor ‘c’, respectively. The order of synthetic
dips is different from the one in Table 1, to show that dips belonging
to different classes have same dip type (DT) characteristics despite
that they are different in values of CV and PNF. Additionally, Table 2
is  divided into two main sections. The first section presents results
of dips without phase-angle-jump and the next section corresponds
to dips with phase-angle jump equal to −20◦. Column 2 through 4
list  the peak magnitude of phasors, (Va, Vb, Vc) of individual dips.
Columns 5 and 6 present the calculated semi-minor (CV) and semi-
major axis (PNF) respectively. Column 7 shows the rotating angle
of the ellipse (the direction of the major axis).

Column 8 through 13 repeat the results for dips with −20◦

phase-angle jump. The phase-angle jump is in the characteristic
voltage waveform as defined in Refs. [6] and [9].

The  theoretical values for CV and PNF are (in per-unit of the
pre-event voltage):

• 1/2  and 1/2 for class A
• 2/3  and 1 for class B
• 1/2  and 1 for classes C and D
• 1/2  and 5/6 for classes E, F and G

Table 1
Phasor presentation and peak magnitude of phasors for 21 dips.

Class voltage phasors Class

A Va = (1 − d) D  Va = (1 − d)

Vb = −0.5 (1 − d)
(

1 + j
√

3
)

Vb = −0.5 (1 − d) −  0.5j
√

3

Vc = −0.5 (1 − d)
(

1 − j
√

3
)

Vc = −0.5 (1 − d) +  0.5j
√

3

B  Va = (1 − d) E  Va = 1

Vb = −0.5
(

1 + j
√

3
)

Vb = −0.5 (1 − d)
(

1 + j
√

3
)

Vc = −0.5
(

1 − j
√

3
)

Vc = −0.5 (1 − d)
(

1 − j
√

3
)

C Va = 1 F Va = (1 − d)

Vb = −0.5 − 0.5 (1 − d) j
√

3 Vb = −0.5 (1 − d) −
(

1
3 + 1−d

3

)
j
√

3

Vc = −0.5 + 0.5 (1 − d) j
√

3 Vc = −0.5 (1 − d) +
(

1
3 + 1−d

3

)
j
√

3

G Va = 2
3 + 1−d

3
Vb = − 1

3 − 1
6 (1 − d) −  0.5 (1 − d) j

√
3

Vc = − 1
3 − 1

6 (1 − d) +  0.5 (1 − d) j
√

3
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Table 2
Calculated single-event characteristics for 21 dips.

Class PAJ = 0◦ PAJ = 20◦ DT

V a V b V c CV PNF ϕ◦ Va Vb Vc CV PNF ϕ◦

A 0.5 0.5 0.5 0.5 0.5 0 0.5 0.5 0.5 0.5 0.5 0 A

B 1 0.5 1 1 0.66 1 90 0.56 1 1 0.68 1 72 Da

D 1 0.5 0.9 0.9 0.5 1 90 0.5 0.82 0.98 0.48 1.02 75.1
F 1 0.5 0.7 0.7 0.5 0.83 90 0.5 0.69 0.82 0.48 0.83 76.7

C 1 1 0.66 0.66 0.5 1 180 1 0.77 0.54 0.46 1.02 167 Ca

E 1 1 0.5 0.5 0.5 0.83 180 1 0.56 0.56 0.53 0.86 169
G 1 0.75 0.57 0.57 0.5 0.83 180 0.83 0.68 0.51 0.48 0.84 170

B 2 1 0.5 1 0.66 1 29.94 1 0.56 1 0.68 1.01 18.5 Db

D 2 0.9 0.5 0.9 0.5 0.99 29.86 0.98 0.5 0.82 0.48 1.02 19
F 2 0.7 0.5 0.7 0.5 0.83 29.86 0.82 0.5 0.69 0.48 0.83 15

C 2 0.66 1 0.66 0.5 0.99 119.9 0.54 1 0.77 0.46 1.02 109 Cb

E 2 0.5 1 0.5 0.5 0.83 119.9 0.56 1 0.56 0.53 0.86 108.5
G 2 0.57 0.75 0.57 0.5 0.83 119.9 0.51 0.83 0.68 0.48 0.84 106

B 3 1 1 0.5 0.66 1 150 1 1 0.56 0.68 1.01 138 Dc

D 3 0.9 0.9 0.5 0.5 0.99 150 0.82 0.98 0.5 0.48 1.02 138
F 3 0.7 0.7 0.5 0.5 0.83 150 0.69 0.82 0.5 0.48 0.83 137

C 3 0.66 0.66 1 0.5 0.83 119.9 0.77 0.54 1 0.46 1.02 48 Cc

E 3 0.5 0.5 1 0.5 0.83 60 0.56 0.56 1 0.53 0.86 43.3
G 3 0.57 0.57 0.75 0.5 0.93 59.9 0.68 0.51 0.83 0.48 0.84 47

Table 3
Calculated single-segment characteristics for IEEE test waves.

Dataset Va Vb Vc CV PNF ϕ◦ DT Sec.

Wave 2 0.99 0.98 0.43 0.2 1 140 Dc 0.1
Wave 3a 0.10 0.70 0.75 0.38 0.53 90 Da 0.06
Wave 5 0.34 0.53 0.23 0.3 0.54 120 Cb 0.0232
Wave 6a 0.62 0.64 0.23 0.26 0.5 148 Dc 0.07
Wave 7 0.12 0.70 0.74 0.39 0.55 90 Da 0.0439
Wave 8 0.18 0.54 0.52 0.16 0.53 87.5 Da 0.0272
Wave 9 0.10 0.57 0.57 0.18 0.56 85 Da 0.016
Wave 13 0.28 1.1 1 0.69 0.86 90 Da 0.0196
Wave 14a 1.1 1.1 0.13 0.5 0.94 145 Dc 0.085
Wave 15 1 1 0.6 0.78 0.93 130 Dc 0.0212

The results obtained from the proposed method are close to the
theoretical results, for synthetic dips with and without phase-angle
jumps. According to results shown in Table 2, the calculated CV
and PNF for a balanced (Type A) dip are 0.5 pu. For all dips in class
B 1, B 2 and B 3, the determined CV and PNF values are close to
0.66 and 1 pu, respectively. The corresponding rotating angles are
90◦, 30◦ and 150◦, respectively, which results in Da, Db and Dc as
dip type (DT). The analysis can be generalized to synthetic dips
belonging to other classes. The introduction of a phase-angle jump
results in a change in the direction of the major axis. However,
the direction remains within the range used for classification in
Eq.  (20). Moreover, it affects the estimated value of CV and PNF
characteristics. For example, in case of class B synthetic dips, the
CV and PNF are changed to 0.68 and 1.01 pu. The impact is however
small and does not seriously deteriorate the performance of the
algorithm.

4.2. Recorded voltage-dip waveforms

This section aims at verifying the proposed method under
extreme conditions, such as heavy harmonic distortion, short volt-
age  dip duration, and so forth. The proposed method is applied to
some of the extreme test waveforms that were gathered by working
group IEEE P1159.2 [48]. The waveforms of the test wave and SPM
corresponding to the deepest event segment (as selected by visual
inspection) are depicted in Fig. 5. The calculated characteristics are
shown in Table 3. Columns 2 through 4 present the peak magni-
tude of sinusoidal phasors for the deepest segment. Columns 5 and

6 list the calculated semi-minor and major axis, as CV and PNF,
in pu. Columns 7 and 8 give the rotating angle of the ellipse and
subsequently the corresponding DT. Column 9 shows the duration
of the event segment in seconds. The duration of each segment
is obtained by dividing the number of samples belonging to that
segment (a result of clustering) by the sampling frequency.

Test  Wave 2 is a heavy distorted dip which is represented by a
distorted ellipse. Its resulting CV and PNF are 0.2 and 1 pu, respec-
tively. Test Wave 5 corresponds to a short duration dip followed
by strong even harmonic distortion. As shown by the second sub-
plot in Fig. 6, the related SPM forms a semi-ellipse. The obtained
CV and PNF for this test wave are 0.3 and 0.54 pu, respectively. The
calculated DT is Cb. The low PNF indicates that this is due to a two-
phase-to-ground fault; this would classify this as an E 2. Test Wave
14a shows a heavy distorted long duration dip. The associated dip
type is Dc. The CV and PNF are 0.5 and 0.94 pu, respectively. These
examples confirm the feasibility of the proposed method under
heavy harmonic voltage distortion.

4.3. Recorded multi-stage voltage dip waveforms

In this section, the proposed method is applied to two examples
of recorded waveforms. The waveforms for two multi-stage dips
measured in a medium-voltage grid are shown in Figs. 6 and 8.
The proposed method clusters the SPM by means of the K-means
clustering method as shown in Fig. 7 and 9.

Each cluster is next fitted by using logistic regression, providing
single-segment characteristics corresponding to each cluster. The
numerical results for individual stages of both examples are shown
in Table 4. Column 2 of Table 4 shows the number of stages. Col-
umn  3 through 5, which are denoted by Va, Vb and Vc, present the
peak magnitude of these phasors in pu. The calculated CV and PNF
are shown in columns 6 and 7, respectively. Column 8 gives the
duration of each event segment.

Fig. 7 shows Example 1: a multi-stage voltage dip with three
event segments. Since the voltage waveforms for post- and pre-
event segments are almost identical, they are clustered as one
cluster (circle with 1 pu radius). The actual dip is split into three
different clusters: two  ellipses (S2, S3) and one circle (S4) with
radius less than 1 pu. The ellipse shapes are corresponding to unbal-
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Fig. 5. Waveforms and SPM of three test waves in IEEE database.

Table 4
Single-segment characteristics of Examples in Figs. 7 and 9.

Ex. Sta. Va Vb Vc CV PNF ϕ◦ DT Sec.

Ex. 1 S1 1 1 1 1 1 0 – –
S2 0.86 0.67 0.99 0.68 1 46 Db 0.6864
S3 0.39 0.68 0.9 0.36 0.99 88.5 Cc 0.27
S4 0.37 0.37 0.37 0.38 0.39 0 A 0.0842

Ex. 2 S1 0.99 0.99 0.99 1.01 1.01 0 – –
S2 0.81 0.63 0.97 0.61 1 46 Cb 0.4588
S3 0.795 0.25 0.65 0.21 0.85 72 Db 0.2061

anced voltage dips in second and third stages. The first stage S1
corresponds to both pre- and post-event segments.

The semi-minor and semi-major axis values for stage S2 (first
event segment) are 0.68 and 1 pu, respectively. The rotating angle
of the ellipse is 46◦ and thus calculated DT is Db which means the
main voltage drop is in Vb. The single-segment characteristics, cor-
responding to stage S3 (second event segment), are 0.36 and 0.99 pu
for  semi-minor and semi-major axis, respectively. The dip type for
this  stage is Cc which means the main voltage drop is in Va and Vb.
Finally, the balanced dip type, Type A, is assigned to stage S4 (third
event segment).

The  second example (shown in Fig. 8) is a multi-stage voltage
dip with two  event segments. The corresponding SPM is clustered
into three clusters, as shown in Fig. 9. The first cluster corresponds
to pre- and post-event segments, which are presented through a
1  pu circle. Stage S2 (first event segment) is an unbalanced voltage
dip classed as Type Cb. The semi-minor and semi-major axis val-
ues for this stage are 0.64 and 1 pu, respectively. Stage S3 (second
event segment) represents the other unbalanced voltage dip. The
semi-minor and semi-major axis for this stage are, 0.21 and 0.85 pu,

respectively. The rotating angle of the corresponding ellipse is 72◦,
and  the DT is Db.

4.4. Comparison with other algorithms

This section shows a comparison of the proposed algorithm
with the symmetrical component algorithm (SCA) and six-phase
algorithm (SPA), for single-phase and phase-to-phase faults.

Synthetic  voltage dips due to these fault types are generated
using the three-phase equivalent of the voltage divider, as in Ref.

Fig. 6. Measured multi-stage voltage dip (Example 1).
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Fig. 7. SPM of Example 1 and its clusters.

Fig. 8. Measured multi-stage voltage dip (Example 2).

Fig. 9. SPM of Example 2 and its clusters.

Table 5
Synthetic dips due to single-phase faults.

Event V a V b V c

Event 1 0.5  −0.5 − i0.87 −0.5  + i0.87
Event 2 0.47 − i0.17 −0.5 − i0.87 −0.5 + i0.87
Event 3 0.43 − i0.25 −0.5 − i0.87 −0.5 + i0.87
Event 4 0.38 − i0.32 −0.5 − i0.87 −0.5 + i0.87

[13]. This model also gives the “true dip characteristics”. The three
algorithms are applied to the synthetic dips and the results com-
pared to the “true characteristics”. Such a comparison is only
possible for synthetic dips; for measured dips there are no “true
characteristics” that the results from characterization algorithms
can be compared with. See also Section 5.4.

4.4.1. Single-phase fault
This section presents four realistic dips with drop of voltage

in phase ‘a’ down to 50% of its pre-event value. The voltage dips
include phase angle-jump of −20◦, −30◦ −40◦. The related com-
plex phase-to-neutral voltages are shown in Table 5 as Event 1
through Event 4. The calculated characteristics by means of SCA
and SPA are shown in Table 6. The calculated CV, PNF and DT by
SCA are shown in column 2 through 4 of Table 6. Column 5 through
7, present the same characteristics calculated by the SPA. The char-
acteristics calculated by the proposed algorithm are illustrated in
column 8 through 11. Column 8 presents the CV; Column 9 presents

Table 7
Synthetic dips due to phase-to-phase faults.

Event Va V b Vc

Event 1 1 −0.5 − i0.43 −0.5 + i0.43
Event 2 1  −0.65 − i0.41 −0.35 + i0.41
Event 3 1 −0.72 − i0.38 −0.28 + i0.38
Event 4 1 −0.78 − i0.33 −0.22 + i0.33

Table 8
Performance of three algorithms during phase-to-phase faults.

Event SCA SPA SPM

CV PNF DT CV PNF DT CV PNF ϕ◦ DT

Event 1 0.50 1 Ca 0.50 1 Ca 0.50 1 180 Ca

Event 2 0.50 1 Ca 0.50 1 Ca 0.50 1 170 Ca

Event 3 0.49 1 Ca 0.47 1.01 Dc 0.49 1.01 165 Ca

Event 4 0.49 1 Ca 0.40 1.04 Dc 0.40 1.02 160 Ca

Table 9
Synthetic dips due to phase-to-phase faults with load effects

Event Va Vb Vc

Event 1 0.85 −0.43 − i0.37 −0.43 + i0.37
Event 2 0.85 −0.55 − i0.35 −0.3 + i0.35
Event 3 0.85 −0.61 − i0.32 −0.24 + i0.32
Event 4 0.85 −0.66 − i0.28 −0.19 + i0.28

the PNF. The numerical results show that the proposed algorithm
has a good performance in calculating CV and PNF. Further, as the
results show, the considerable phase-angle jump (−40◦) leads to
incorrect dip type by both SPA and SCA, but not by the proposed
algorithm. Although the rotating angle of the ellipse is changed
because of the phase-angle-jump but, it is still within the correct
span and thus results in the correct dip type.

4.4.2. Phase-to-phase fault
The  same procedure is used for several realistic voltage dips due

to phase-to-phase faults. The corresponding complex three-phase
voltages are shown in Table 7. The voltage between phases b and
c, drops, to 50% which results in a Type Ca dip. The absolute val-
ues of CV and PNF are 0.5 and 1 pu respectively. The calculated
single-event characteristics by SCA, SPA, and proposed algorithm
are shown in Table 8. The proposed algorithm has a similar perfor-
mance as the SCA and a better one that the SPA.

4.4.3. Phase-to-phase fault with load effect
The “load effect” is a change in load currents that leads to a drop

in the magnitude and a phase shift of the three voltages. This phe-
nomenon is related to induction motor behaviour during voltage
dips [30].

The same load effect is assumed for all three phase-to-neutral
voltages: a drop of 15% in magnitude and a rotation of −20◦. The
corresponding complex phase-to-neutral voltages for these events
are shown in Table 9.

The  numerical results, in Table 10, show that the calculated
CV and PNF characteristics by SCA, SPA and proposed algorithms
(namely SPM) are very close to each other. The calculated CVs due

Table 6
Performance of three algorithms during single-phase faults.

Event SCA SPA SPM

CV PNF DT CV PNF DT CV PNF ϕ◦ DT

Event 1 0.67 1 Da 0.67 1 Da 0.67 1 90 Da

Event 2 0.66 1 Da 0.66 1 Da 0.66 1.06 86 Da

Event 3 0.64 1 Da 0.64 1 Da 0.62 1.01 84 Da

Event 4 0.63 1 Da 0.60 1.04 Cc 0.60 1.02 83 Da
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Table 10
Performance of three algorithms during phase-to-phase faults with load effect.

Event SCA SPA SPM

CV PNF DT CV PNF DT CV PNF ϕ◦ DT

Event 1 0.43 0.85 Ca 0.43 0.85 Ca 0.43 0.85 179 Ca

Event 2 0.43 0.85 Ca 0.45 0.85 Ca 0.40 0.87 169 Ca

Event 3 0.40  0.86 Dc 0.40 0.86 Dc 0.35 0.88 165 Ca

Event 4 0.34  0.89 Dc 0.34 0.89 Dc 0.31 0.90 161 Ca

to Event 2, Shown in row 2, are 0.43, 0.45 and 0.4 pu, by the SCA,
SPA and SPM methods respectively. All these methods calculate Ca

as dip type (DT). In Event 4, the calculated CV values are 0.34, 0.34
and 0.31 pu by the three algorithms, SCA, SPA and SPM, respectively.
The calculated dip type by SCA and SPA algorithms is Dc whereas
the proposed algorithm correctly calculates the dip type as Ca. The
numerical results show that the both SCA and SPA are sensitive
to load effect (phase-shift), whereas the proposed algorithm is not
sensitive.

5.  Discussion

5.1. Advantages of the method

The proposed method does have a number of advantages com-
pared with other methods.

The  logistic regression derives ellipse parameters as best fit for
the voltage waveforms during the event segment as a basis to
calculate ‘single-segment characteristics’. Standard methods and
most other proposed methods use extreme values as ‘single-event
characteristics’, which among others makes the results sensitive
to artefacts during the transition segments [14,26]. The approach
used in this paper is almost insensitive to individual values related
to these artefacts, as logistic regression is not much impacted by a
small number of outliers.

The  ellipse parameters obtained from the logistic regression
allow for the calculation of PNF, CV and DT without the need for
a  symmetrical component transformation. As was shown in [25],
the symmetrical component algorithm is sensitive to small changes
in power-system frequency. The logistic-regression approach does
not  suffer from this disadvantage.

The  use of the space-phasor model also offers a more intu-
itive way of identifying the individual event segments. Instead of
first  having to detect the transition segments, the event segments
are found immediately. This removes the risk of false detection or
missed detection that is associated with the detection of transition
segments. This makes the method especially suitable for multi-
stage voltage dips.

5.2. Possible applications

The methodology for voltage-dip characterization proposed in
this paper is intended for cases where the three measured phase-to-
neutral voltages are available. The algorithms may  be implemented
in a power-quality monitor, in software for the analysis of power-
quality data, or in other software aimed at extracting information
from voltage dips.

When  only the three phase-to-phase voltages are available, the
algorithms can still be applied, but dip types C and D change posi-
tion i.e. a Type C for phase-to-neutral voltages corresponds to a
Type D for the phase-to-phase voltages. The algorithms cannot be
used  in single-phase networks or when only one or two voltages
are available.

The single-event characteristics obtained from the methodol-
ogy have a number of potential applications; those can be grouped

according to the two  aims of extracting information from voltage-
dip recordings [50]:

• Information  on the way  in which the dip will impact equipment
connected  to the grid. Multi-stage dips impact equipment in a
different way than single-stage dips. Statistics on multi-stage dips
are needed, as a complement to statistics on single-stage dips, to
give a complete picture of the impact of dips on equipment and
installations.

• Information  on the origin of the dip. There are two  causes of
multi-stage  dips: developing faults and fault-clearing at multiple
instants  [51,52]. Characteristics for multi-stage dips will provide
information  to the network operator on the occurrence of devel-
oping  faults and on the operation of the protection.

5.3. Computational complexity

The proposed method is significantly more computationally-
demanding than the standard methods; even more than several
of the alternative methods. However, the proposed method is not
the only computationally-demanding method. Several of the pro-
posed segmentation methods [49,50] are very demanding and also
some of the other proposed methods for characterization [24].
Furthermore, as dip characterization is typically done off-line, com-
putational complexity is not a serious concern.

5.4. Performance of a characterization method

Different characterization methods will give different results.
This does however not imply that one can decide which method is
better. There is often no such thing as a correct or incorrect charac-
terization. The work presented in Ref. [52] compares the ability of
different sets of single-event indices to predict behaviour of equip-
ment during a dip. Several sets do however have a similar ability.
Multi-stage dips where not treated in that paper.

Whether a characterization method is suitable or not also
depends on the application. To be part of a standard method, sim-
plicity and intuitive understanding of the results are important
properties. As part of a method for extracting information from
voltage dips, it is important that the resulting indices are closely
correlated with for example fault type and location of the fault.
However, with data sets like the ones used in this paper, such
information is not available and there is no underlying truth to
compare the characterization results with. A systematic compar-
ison of different characterization methods would require a very
large data set and a fundamental discussion on the applications of
the  characterization results.

6. Conclusions

This paper proposes a new approach to voltage dip characteri-
zation based on the space phasor model. The algorithm results in
‘single-segment characteristics’, as optimal values of the character-
istics for each event segment.

The  proposed method has been verified by applying it to several
different datasets including a number of synthetic dips, about 200
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real measured voltage dips, and some extreme cases where it is also
compared with two existing dip characterization algorithms. The
results show that the proposed algorithm is sufficiently robust in
dealing with heavy harmonic distortions and also with phase-angle
jumps or load effects. The proposed method is a suitable alternative
for voltage dip characterization for both single-stage and multi-
stage dips.
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[43] M.  Güder, N.K. Ç iç ekli, Ö. Salor, I. Ç adirci, Clustering of power quality event
data collected via monitoring systems installed on the electricity network,
Proc. ACM (2009) 124–130.

[44] Y. Turgay, M.  Ozdemir, Pattern recognition method for identifying smart grid
power quality disturbance, Proc. ICHQP (2016) 16–19.

[45] D.W. Hosmer, S. Lemeshow, Applied Logistic Regression, John Wiley & Sons,
New York, 2014.

[46] Z. Oubrahim, V. Choqueuse, Y. Amirat, M.  Benbouzid, Disturbances
classification based on a model order selection method for power quality
monitoring, IEEE Trans. Ind. Electron. (2017), http://dx.doi.org/10.1109/TIE.
2017.2711565, in print.

[47]  M.R. Alam, K.M. Muttaqi, A. Bouzerdoum, A new approach for classification
and characterization of voltage dips and swells using 3-D polarization ellipse
parameters, IEEE Trans. Power Deliv. 30 (June (3)) (2015) 1344–1353.

[48] IEEE 1159.2 Working Group, Test Waveforms. [Online]. Available: grouper.
ieee.org/groups/1159/2/testwave.html.

[49] J.C. Gomez, M.M. Morcos, C. Reineri, G. Campetelli, Induction motor behavior
under short interruptions and voltage sags, IEEE Power Eng. Rev. (February)
(2001) 11–15.

[50] A. Bagheri, M. Bollen, Additional information from voltage dips, Proc. ICHQP
(2016).

[51] E. Styvaktakis, M.H.J. Bollen, Signatures of voltage dips: transformer
saturation  and multi-stage dips, IEEE Trans. Power Deliv. 18 (January (1))
(2003) 265–270.

[52] Y. Wang, M.H.J. Bollen, A. Bagheri, X.-Y. Xiao, M.  Olofsson, A quantitative
comparison approach for different voltage dip characterization methods,
Electr. Power Syst. Res. 133 (April) (2016) 182–190.



Paper D 
 
 
 
 
 

The Use of the Space Phasor Model for Voltage Transient Analysis  
 

A.Bagheri, M.H.J Bollen 

in proc. Powertech, IEEE PES 2019. 





The Use of the Space Phasor Model for Voltage 
Transient Analysis 

Azam Bagheri 
Electric Power Engineering group 

Luleå University of Technology 
Skellefteå, Sweden 

azam.bagheri@ltu.se 
 

Math H.J. Bollen 
Electric Power Engineering group 

Luleå University of Technology 
Skellefteå, Sweden 
math.bollen@ltu.s 

 
 
 

Abstract—This paper proposes a space phasor model (SPM) of 
three-phase-to-neutral voltages as basis for voltage transient 
analytics. the Gaussian model based anomaly detection 
technique is developed to extract transient samples as 
anomalous samples. The proposed method introduces and 
calculates a set of ‘single-transient characteristics’ for voltage 
transient events.  
The number of transients measured in, either distribution or 
transmission level, have been applied to the proposed method. 
The simulation results have provided a support for 
effectiveness of the SPM for voltage transient analytics. 
 

Keywords-Space phasor model (SPM), Power Quality 

Voltage transient, Anomaly Detection. 

I.  INTRODUCTION 
Voltage quality disturbances (VQD) are deviations from 

the ideal voltage, for instance, supply voltage variations that, 
(e.g., due to large load changes at the costumer level); 
voltage dips that could be caused by short-circuits in the 
grid; or rapid voltage changes that could be caused by 
changes in production or consumption [1].  

The transient is any significant deviation from the ideal 
voltage that last for less than one cycle. However, there are 
other definitions for transient as well; e.g. the transition 
between two steady states, according to the definition in 
electrical circuit theory, may last for more than once cycle 
[].   

In terms of space phasor model (SPM), in three-phase 
system, the normal operation is represented by almost unit 
circle.  Any voltage deviation results in deviation from such 
unit circle. So far SPM has been proposed for voltage dip 
and voltage swell charactractrization and analysis [2]-[4]. 
This concept is the base for a new united approach to 
characterization of voltage-quality disturbances, both events 
and variations for three-phase systems including fast voltage 
transients.  Existing VQD benchmarks, almost use rms 
voltages for VQ evaluation. The main short comes of rms 
voltage are: loss of information regarding low pass filtering; 
there is no integration between three phases; complexity 
regarding detecting and extracting transient, limited 
information (i.e., in term of voltage dip only dip duration 
and magnitude). 

This paper uses space phasor model of three-phase-to-
neutral voltages for voltage transient analytics. The 
proposed method uses Gaussian model based anomaly 
detection technique to extract samples corresponding to 
transient event. Given corresponding samples then it 
introduces four new ‘single-transient characteristics’ STCs 
including: magnitude, duration, modulus rapid change 
(MRC) and the transient type.  

The proposed method has been applied to several 
measured voltage transient records. The simulation results 
support evidence for SPM effectiveness for voltage transient 
analytics.  

Section II of this paper present brief review on voltage 
transient events in term of definition, transient origin and 
also the general characteristics of the voltage transients. 
Section III illustrates the SPM application for voltage 
transient analytics. In this section, first of all, the SPM 
definition is provided then the Gaussian model based 
anomaly detection for extracting transient samples is 
explained. Further this section introduces some single-
transient characteristics for voltage transients. Section IV 
explains the applied methodology for detecting the transient 
type characteristic. The Section V illustrates the simulation 
results and finally the Section VI concludes this paper.   

II. VOLTAGE TRANSIENTS 
There are two main approaches to define voltage 

transient as follows [2]: 

1- A voltage transient is defined in the power-quality 
field as any large deviation from ideal voltage (in 
magnitude, waveform or frequency) for less than 
one or half cycle, regardless of the origin of such 
deviation. 

2- A voltage transient is defined in electrical circuit 
theory as the transition between two steady states,  
regardless of the duration of this transition.  

Similar to its definition, the voltage transient 
classification can also be done according to either 
underlying cause of transient or the appearance of the 
transient.  



The voltage transients, according to their appearance are 
categorized in IEC standards into oscillating transients and 
impulsive transient. 

According to their underlying cause, the voltage 
transients are categorized into three general categories: 
lightning transient, normal switching and abnormal 
switching transients [5]. 

Normal and abnormal switching transients are further 
subdivided, based on their origin, into the following 
subcategories [6]-[10]:  

a) Capacitor energizing/de-energizing;  
b) Inductor energizing/ de-energizing 
c) Cable Connection / disconnection 
d) Microgrid switching from/to islanding mode 
e) Equipment Switching 
 
characterization of transients (which is more or less the 

subject of your paper) and mention that there is no 
consensus on this and that there is nothing helpful in the 
standards at all. 

From three-phase electrical machine perspective, an 
adequate model for designing the control system must 
preferably represent all potential dynamic affects occurring 
in either steady state or transient operations. The model also 
should be valid for any arbitrary time variation of the 
voltage and current generated by supplier converter. It has 
been shown that the space phasor model (SPM) provides 
such characteristics where it is valid for any instantaneous 
variations of voltage and current so that it can adequately 
describes the performance of the machine in both steady-
state and transient operation [11].  

Similarly, in deal with three-phase voltages, the main 
advantage of the SPM is that it is time-domain 
transformation without any filtering operation thus, there is 
no information lost and any deviation in voltage waveforms 
immediately appears in SMP domain. Using modulus of the 
SPM as basis it is very easy to detect and extract transient 
samples as an anomalous sample using suitable anomaly 
detection algorithm. The previous works has been shown 
also the effectiveness of SPM for voltage dip analytics 
[12][13].  

The SPM is a time-domain model; there is no loss of 
information when going from time domain sinusoidal 
voltages to the SPM, with the exception of the zero-
sequence voltage. The SPM integrates all three phases 
sufficiently and characterizes three phases together. The 
SPM is also useful visualization tool, in complex plane, 
enables monitoring shallow voltage variations immediately. 
The only thing that’s lost is the zero-sequence component. 

The waveform, SPM and the modulus of the SPM, for a 
recorded voltage transient is shown in Fig. 1. 

 

Fig. 1. An example of voltage transient: waveform (top-left), , modulus 
of the SPM (bottom-left) and SPM (right). 

III. THE SPACE PHASOR MODEL FOR VOLTAGE 
TRANSIENTS 

A.  Space Phasor Model (SPM) 
The SPM of three phase voltages mathematically is 

given by (1). 

                         𝑉𝑠𝑝𝑚 =
2

3
(𝑉𝑎 + 𝑎𝑉𝑏 + 𝑎

2𝑉𝑏)                 (1) 

Where 𝑉𝑎 , 𝑉𝑏  and 𝑉𝑐  are time sequence phase-to-neutral 
voltages and 𝑎 is 𝑒𝑗

2𝜋

3 . 

The SPM of three phase nominal voltages, in complex 
plane, is a unit circle. Any deviation in voltage magnitude 
impacts the circle radius. The voltage harmonic distortion 
leads to either distorted ellipse or circle.  

The voltage transient, shorter than one cycle, are 
represented as several points oscillating around unit circle or 
located totally either inside or outside of unit circle. The 
earlier is correspondent to the oscillating transient and the 
latter are correspondent to so fast impulsive transients.  

B. Voltage Transient Detection 
The modulus of a SPM, as a function of time, is given by 

(2). 
          𝑀𝑠 = √𝑟𝑒𝑎𝑙(𝑉𝑠𝑝𝑚)

2 + 𝑖𝑚𝑎𝑔(𝑉𝑠𝑝𝑚)
2                (2) 

 
The modulus is almost 1 pu in normal operation. Once 

the modulus is dropped below or exceeds certain threshold 
values, then the transient detection is triggered. When the 
event lasts for more than one cycle, characterization 
methods for dips, swells and interruptions are more suitable. 
Those will not be further discussed in this paper.  

C. Voltage Transient Extraction  
A technique for extracting transient data is Gaussian-

based anomaly detection [14]. 
Given SPM of three-phase voltages of recorded data, 

partitioning the SPM into its real and imaginary parts, the 
matrix 𝑿 is obtained as follows: 

                           𝑿 = [𝒙𝑟 𝒙𝑖]𝑛×2                      (3) 
where 𝒙𝑟 and 𝒙𝑖 are 𝑛 × 1 column vectors correspondent 

to real and imaginary parts, respectively and n is the number 
of recorded samples.  

The assigned Gaussian distribution, for each dimension 
of data matrix, 𝑿, is : 

𝑝(𝒙(𝑗); 𝜇𝑗 , 𝛿𝑗
2) =

1

√2𝜋𝛿𝑗
2
𝑒
−
(𝒙(𝑗)−𝜇𝑗)

2

2𝛿𝑗
2

                  (4) 

where 𝜇𝑗 and 𝛿𝑗
2 are the mean and standard variance for 

𝑗-th dimension that are given by (5) and (6): 

                               𝜇𝑗 =
1

𝑛
∑ 𝒙𝑖

(𝑗)𝑛
𝑖=1                        (5) 

                   𝛿𝑗
2 =

1

𝑛
∑ (𝒙𝑖

(𝑗)
− 𝜇𝑗)

2
𝑛
𝑖=1                    (6) 

Given the estimated Gaussian distribution, for each test 
sample, 𝑥, its 𝑧-score is computed as follows: 



                                    𝑧(𝑗) =
|𝑥(𝑗)−𝜇𝑗|

𝛿𝑗
                                (7) 

A test instance is declared to be anomalous if: 

                  𝑧(𝑗) > 𝑛−1

√𝑛
√

𝑡𝛼 2,𝑛−1⁄
2

(𝑛−2)+𝑡𝛼 2,𝑛−1⁄
2                      (8) 

where 𝑡𝛼 2,𝑛−1⁄  is a threshold used to declare an 
anomalous sample which is obtained from t-distribution at a 
confidence level of 𝛼

2𝑛
 [14]. 

The SPM is a direct time-domain transformation of 
waveforms; an inverse transformation exists. This makes it 
possible to reproduce the waveform samples for example 
for frequency-domain processing.  

D. Voltage Transient Characterization 
According to the SPM-based approach, the transient 

characteristics, introduced in Section II, can be defined as 
follows: 

Magnitude: the maximum value of the modulus of 
SPM during transient, 𝑀𝑆𝑡.  

                          𝑀 = 𝑀𝑎𝑥(𝑀𝑆𝑡)                             (9) 

Duration: it is calculated by dividing the number of 
transient samples (𝑁𝑡 ) over the recording sampling 
frequency (𝑓𝑠). 

                                𝑑 = 𝑁𝑡/𝑓𝑠                                 (10) 

Further the SPM makes possible to calculate other type 
of characteristics such as follows: 

Modulus Rapid Change (MRC): the sharp changes in 
magnitude of the modulus .  

                       𝑀𝑅𝐶 = max(𝑀𝑆𝑡)−min (𝑀𝑆𝑡)

|(𝑡2−𝑡1)|
            (11) 

where 𝑀𝑆𝑡  is modulus of SPM; 𝑡2  and 𝑡1  are instants 
that the maximum and minimum values of modulus are 
derived and |. | is an absolute function.  

Type: there are three types of transient: a) transient in 
only one phase, 𝑇𝐼; b) Transient in two phasors, 𝑇𝐼𝐼; c) 
transient in all three phases 𝑇𝐼𝐼𝐼; 

The types 𝑇𝐼  and 𝑇𝐼𝐼  can be divided into three sub types 
as follow: 

 𝑇𝐼𝑎, 𝑇𝐼𝑏 , 𝑇𝐼𝑐: in which the subscribe ‘a’, ‘b’ or ‘c’ 
denotes the phasor evolving with significant 
transient. 

 𝑇𝐼𝐼𝑎, 𝑇𝐼𝐼𝑏 , 𝑇𝐼𝐼𝑐: in which the subscribe ‘a’, ‘b’ or ‘c’ 
denotes the phasor which evolves with small or no 
transient. 

 

IV. VOLTAGE TRANSIENT TYPE DETECTION 
Using the SPM expression in (1) the real and imaginary 

part of the SPM are obtained as follows: 
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a) ACD Classification for Voltage Dips 

To be able to classify transients in a three-phase system, 
the classification for voltage dips in such a system has been 
used as a base in [15]. Two unbalanced voltage dip 
types,  C and D , are introduced in [16]; The complex 
voltages corresponding to types Ca and Da are presented in 
(13) and (14), respectively [93]: 
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                 (13) 

Where E  is the pre-event voltage and the V  is 
“characteristic voltage”. 
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                (14) 

The expressions in (13) indicates the voltage drop in 
phasors ‘b’ and ‘c’ without voltage drop in phasor ‘a’ 
results in Ca dip type. Rotating equation set by ±120° two 
other dip types Cb and Cc are obtained, respectively [17].  

The expressions in (14) indicate the voltage drop in 
phasor ‘a’ without voltage drop in phasors ‘b’ and ‘c’ 
results in Da dip type. Similar to type C dip type, rotating 
equation set in (12) by ±120° two other dip types Db  and 
Dc are obtained respectively.  

Rewriting dip types Da  and Ca in term of changes in 
complex voltage, the dip type Ca in (13) is changed to (15). 
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Similarly, the dip type Da in (14) is changed to (16). 
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b) Classification of Transients 

As shown in (12) the real part of SPM gives voltage in 
phase ‘a’ and the opposite voltage of half of the amplitude, 
in phase ‘b’ and ‘c’. This shows that the variation is 
complex voltages during dip and it is corresponding to the 
equation in (1) which is correspond to the dip type Da.  

The imaginary part gives a voltage in phase b and the 
opposite voltage in phase c considering this as variations in 
complex phasors, this is corresponding to the equation in 
(15) and thus the dip type Ca.  

Rotating SPM by ±120°, the real part results in Db, Dc 
dip types, respectively. The imaginary parts are 
correspondent to the Cb and Cc dip types, respectively.  

Thereby six fundamental transient components are 
calculated as follows: 
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𝐷𝑎 = Re(𝑉𝑠𝑝𝑚)         

𝐷𝑏 = Re(𝛼 ∗ 𝑉𝑠𝑝𝑚)  

𝐷𝑐 = Re(𝛼
2 ∗ 𝑉𝑠𝑝𝑚)

𝐶𝑎 = Im(𝑉𝑠𝑝𝑚)         

 𝐶𝑏 = Im(𝛼 ∗ 𝑉𝑠𝑝𝑚)    

𝐶𝑐 = Im(𝛼
2 ∗ 𝑉𝑠𝑝𝑚)

                         (17) 

where 𝛼2 ∗ 𝑉𝑠𝑝𝑚is SPM in (1). The expressions in (17) 
show the relations between transients and the SPM 
components. For instance, for a transient of Type 𝑇𝐼𝑎 the Da 
component has the largest magnitude, conversely during a 
transient of type 𝑇𝐼𝐼𝑎 the Ca component is almost zero.  

V. SIMULATION AND RESULTS 
This section uses several measured voltage transients to 

illustrate the proposed SPM-Based approach for detecting, 
extracting and characterizing voltage transients.  

A. Example 1: (capacitor energizing transient) 

The first example is an oscillating transient due to 
capacitor energizing in phase ‘b’. The transient data is 
recorded in the same level and the corresponding waveform, 
SPM and the SPM modulus are shown in Fig. 2.  

The extracted transient samples are shown in red on 
SPM subplot and highlighted points on waveform subplot. 

The numerical result of transient characteristics is shown 
in first row of Table I. The corresponding magnitude 
characteristic is 1.42 pu and the duration is 0.3 cycle. As 
shown in Fig. 3 the 𝐶𝑐  component is almost zero thus the 
transient type is calculated as 𝑇𝐼𝐼𝑐. The MRC characteristic 
is also about 85.4%/s. 

B. Example 2: (capacitor energizing transient) 

The second example is an impulsive capacitor energizing 
transient that is recorded in the same level. The 
corresponding waveform, SPM and the modulus of SPM are 
shown in Fig. 3. The extracted transient samples are shown 
in red on SPM subplot and highlighted points on waveform 
subplot. As shown in figure, the more impacted phasor is 
phase ‘a’.  

The numerical results for transient characterization are 
shown in second row of Table I. the magnitude 
characteristic is 1.24 pu and the transient last for about 
0.13 cycle.  

As shown in Fig. 5 the transient component 𝐷𝑏  has 
largest magnitude thereby the transient Type 𝑇𝐼𝑏 is decated. 
All three phases are evolved with transient and thus the 
transient is Type 𝑇𝐼𝐼𝐼 . The MRC characteristic is about 
392.6%/s. 

C. Example 3: (complex voltage transient) 

A one complex oscillatory voltage transient is shown in 
Fig. 6. The corresponding waveform, SPM and modulus of 
the SPM are shown in Fig. 6. The transient is measured in 
132 kV network. The switching is taken place in phase ‘b’ 
first and followed by phase ‘a’. The numerical results for 
transient characteristics are shown in last row of Table I. 
The magnitude and the duration characteristics are 1.16 pu 
and 0.88 cycle, respectively.  

As shown in Fig. 7, all transient components have large 
magnitudes, thereby the resulted transient type is 𝑇𝐼𝐼𝐼 . 
Further considering the transient components 𝐷𝑎  and 𝐶𝑏 
they include two different oscillation which shows the 
consecutive switching in phase ‘b’ and phase ‘a’. The 
corresponding MRC characteristic is calculated as 5.93%.  

 
Fig. 2.  Example1: the waveform (top left), SPM (right) and the 

modulus of the SPM (bottom left) of oscillating transient due to capacitor 
energizing. The exact extracted transient samples are shown in red in SPM 
plot and the extracted corresponding original data are shown by highlighted 
points on waveforms. 

 
Fig. 3.  Example2: 6 fundamental transients. 

Fig. 4.  Example2: the waveform (top left), SPM (right) and the modulus of 
the SPM (bottom left) of oscillating transient due to capacitor energizing. 
The exact extracted transient samples are shown in red in SPM plot and the 
extracted corresponding original data are shown by highlighted points on 
waveforms. 

 

 
Fig. 5.  Example2: 6 fundamental transients. 
 

 



Fig. 6.  Example 3: the waveform (top left), SPM (right) and the 
modulus of the SPM (bottom left) of complex transient in voltage. The 
exact extracted transient samples are shown in red in SPM plot and the 
extracted corresponding original data are shown by highlighted points on 
waveforms. 

 

 
Fig. 7.  Example2: 6 fundamental transients. 
 

Table I 
The Numerical Results of Characterization of Transient Examples 
 Mag. (pu) D (cycle) MRC (%) Type 
Example 1 1.42 0.3 85.40 𝑇𝐼𝐼𝑐 
Example 2 1.24 0.124 392.6 𝑇𝐼𝑏 
Example 3 1.16 0.88 5.93 𝑇𝐼𝐼𝐼 

VI. CONCLUSIONS 
This paper presents a space phasor model (SPM)-based 

method for voltage transient analytics in three-phase 
systems. The SPM is a direct time-domain transform of 
three-phase-to-neutral voltages without filtering operation 
and thus any information lost. This characteristic is suitable 
for detecting and extracting voltage transient samples.  

The proposed method uses Gaussian model based 
anomaly detection technique to extract the transient samples 
as anomalous samples. A set of new single-transient 
characteristics (STCs) has been introduced and provided 
using SPM domain data. 

The proposed method has been verified using several 
measured voltage transient events. The simulations results 
show the effectiveness of SPM for voltage transient 
analytics. 
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Abstract-- This paper proposes a novel method for voltage dip 

classification using deep convolutional neural networks. The main 
contributions of this paper include: (a) to propose a new effective 
deep convolutional neural network architecture for automatically 
learning voltage dip features, rather than extracting hand-crafted 
features; (b) to employ the deep learning in an effective two-
dimensional transform domain, under space-phasor model (SPM), 
for efficient learning of dip features; (c) to characterize voltage 
dips by two-dimensional SPM-based deep learning, which leads to 
voltage dip features independent of the duration and sampling 
frequency of dip recordings; (d) to develop robust automatically-
extracted features that are insensitive to training and test datasets 
measured from different countries/regions.  

Experiments were conducted on datasets containing about 6000 
measured voltage dips spread over seven classes measured from 
several different countries. Results have shown good performance 
of the proposed method: average classification rate is about 97% 
and false alarm rate is about 0.50%. The test results from the 
proposed method are compared with the results from two existing 
dip classification methods. The proposed method is shown to out-
perform these existing methods.  
 

Index Terms-- Power quality, Voltage dip, Machine learning, 
Deep learning, Convolutional Neural Network. 

I.  INTRODUCTION 
OLTAGE dips are among the most disruptive power 
quality events. They regularly cause equipment mal-

operation and stoppage of production processes resulting in 
large economic costs [1]-[3]. Over recent decades, a significant 
amount of research has been done on voltage dips [4], including 
propagation of dips, stochastic prediction methods, dip 
characterization, and mitigation methods. Several methods 
have also been proposed for voltage dip classification. The 
methods mainly aim at: quantifying the voltage dip impact on 
equipment (end-user equipment, but also interface to renewable 
energy) and getting information on the origin of the voltage dip 
(e.g. type of electrical fault). Voltage-dip classification is an 
important challenge in extracting useful information from 
voltage dips [5]-[8].  
An overview of earlier work on dip classification is presented 
in Section II.A. Earlier work on the use of machine learning for 
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classification of power-quality disturbances [9]-[12] has been 
based on hand-crafted features. Good performance was 
obtained, but relatively small amount of data. A classifier 
trained on a small dataset often shows significant performance 
degradation when applied to a large dataset. This could be 
caused by incomplete description of data using hand-crafted 
features, or not covering sufficient data statistics from the small 
dataset. Further, human-expert knowledge as well as suitable 
mathematical tools such as Fourier transforms [9], wavelet 
transforms [10] or Fuzzy systems [11][12] are required to 
efficiently extract such features.  

Recent work on machine learning, resulting in the new 
paradigm “deep learning”, allows for a completely new 
approach to handle large amounts of data [13]. Convolutional 
neural networks (CNNs) are one type of deep learning methods 
developed specifically to learn the hierarchical representation 
of input data, as well as to predict the class label of the data. In 
a CNN, the input data is first transformed through a series of 
chained convolutional filters with nonlinear activation 
functions which is equivalent to applying a series of chained 
multichannel nonlinear filters. By stacking multiple 
convolution layers with nonlinear activation functions in 
between, it allows the network to learn sophisticated features of 
the data. The network is then followed by a series of fully 
connected (FC) layers with nonlinear activation functions in 
between. This results in an output vector of class probabilities 
after the softmax activation function in the last FC layer. The 
series of chained convolutional filter is used for automatically 
learning the sophisticated features (in contrast to using hand-
crafted features selected by human experts (e.g., rectangular 
shape, number of segments in a disturbance recording). The 
series of FC layers is used as a classifier, and can be replaced 
by conventional classifiers such as support vector machines 
(SVMs) or AdaBoost (Adaptive boosting). Both parts of the 
network are usually trained together for obtaining the best 
network architecture, filter coefficients/weights by adjusting 
the number of layers, the number of filters and their size and 
hyper-parameters, such that satisfactory end-to-end 
performance is obtained under a selected objective criterion or 
loss function. For a detailed description of the essential steps 
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involved in a CNN (e.g., convolutional filters, nonlinear 
activation function, maximum pooling), readers are referred to 
the excellent set of lecture notes on deep learning and CNNs in 
[14]. 

Deep learning enables a machine to learn features by 
automatically extracting them from the data. In many fields, 
machine classification performance using features from deep 
learning has exceeded human performance [13].  

Despite a large amount of publications on power quality 
disturbance classification, only a small number of works have 
been published on deep-learning methods to the application of 
power systems: [15]-[20], where only [15] and [17] concern 
classification of power-quality disturbances. None of the 
publications takes up voltage-dip classification.  

This paper proposes a novel classification method based on 
deep learning using convolutional neural network (CNN) to 
automatically extract features and classify voltage dips.  

The main contributions of the paper are: (i) developing a 
specific structure of CNN and extracting robust voltage dip 
features automatically; (ii) using a 2D representation of space 
phasor model (SPM) to be independent on duration and 
sampling frequency of the dip recording; (iii) showing that 
CNNs are a suitable tool for classifying voltage dips as part of 
large datasets. 

The proposed method was applied to three measured dip 
datasets, including 5982 dips. The experimental results show 
robust classification performance in terms of average 
classification rate (96.78%) and false alarm rate (0.47%).  

In the remainder of this paper, Section II reviews related 
works on voltage dip classification and presents relevant 
background theory. Section III details the proposed method: the 
2D representation of SPM; the proposed 2D-CNN and dip 
classification. The experimental results and a discussion about 
obtained results are presented in Section IV. Section V 
concludes this paper. 

II.  BACKGROUND  

A.  Voltage Dip Classification 
The research on voltage dip characterization and 

classification was started in the 1980s [21] and the early 90s 
[3][22]. The first voltage dip classification for use in three-
phase systems, the so-called ABC classification, was proposed 
in [23]. That classification is based on a number of synthetic 
dips that fall into four types: A, B, C and D. Type A covers 
balanced dips, the three remaining types cover voltage dips due 
to single-phase or phase-to-phase faults [23][24]. 

This classification is a systematization of the knowledge 
about dip propagation through different types of three-phase 
transformers, presented in [3]. Considering two-phase-to-
ground faults, the ABC classification is extended to seven 
different classes, Class A through Class G in [25]. Dips due to 
motor starting and transformer energizing are included in the 
classification by [26]. A further extension has been proposed in 
[27], including two types of voltage swells, referred to as 
Class H and Class I. 

Methods for automatic classification of recorded voltage 
dips were first introduced in [28]: the complex positive and 

negative-sequence voltages were used for determining the dip 
type: a distinction was originally made between six types of 
“three-phase unbalanced voltage dip” and one type of “balanced 
voltage dip” as follows:  

 Types 𝐶𝑎, 𝐶𝑏, 𝐶𝑐: known as the C Type family. These three 
types include unbalanced voltage dips with significant drop 
in two of the three voltages and a lower or no drop in the third 
one. The subscript of 𝐶 indicates the phase with small or no 
voltage drop. 
 Types 𝐷𝑎, 𝐷𝑏 , 𝐷𝑐: known as the D Type family. These 
three types include unbalanced dips with a large drop in one 
voltage and a lower or no drop for the two other voltages. The 
subscript of 𝐷 indicates the phase with a large voltage drop.  
 Type 𝐴: This type consists of balanced voltage dips.  

There exist many variant methods, for classification of 
measured voltage dips; we use this 7-type ACD classification. 

The expert system in [26] aims at voltage dip classification 
according to underlying cause of voltage dips. Reference [29] 
uses a support vector machine (SVM) method for voltage dip 
classification. The work in [30] used wavelet transform to 
classify power quality events. Although these methods have 
obtained good performance they require the setting of several 
threshold levels [26], human expert knowledge [29] or 
extracting the fundamental frequency component [30].   

A CIGRE working group proposed a voltage dip 
classification based on the number of dropped phase-to-neutral 
voltages [31]. Its main recommendation was that one should use 
the notation I-II-III (instead of D-C-A, respectively), to avoid 
confusion.  

The method proposed in [32] distinguishes between 
balanced dips and two types of unbalanced dips, roughly 
corresponding to the C and D Type families in the 7-type ACD 
classification. However, only rms voltages are used, so that 
information about individual phasors is lost. The methods 
proposed in [27], [33]-[35] use ellipse parameters for voltage 
dip classification. The ellipse is corresponding to either space 
phasor model or the polarization ellipse, in both cases 
calculated from the three phase-to-neutral voltages. The 
methods proposed in [27] and [33] are mainly developed based 
on synthetic dips; the method proposed in [33] needs to extract 
the fundamental frequency component and requires setting of 
several thresholds. 

B.  Space Phasor Model (SPM) 
The space phasor model (SPM) of three phase-to-neutral 

voltages, 𝑉𝑎(𝑡), 𝑉𝑏(𝑡), 𝑉𝑐(𝑡), is given by (1), [27][34].  

𝑠𝑡  =  
2

3
[𝑉𝑎(𝑡) + 𝛼𝑉𝑏(𝑡) + 𝛼

2𝑉𝑐(𝑡)],   𝑡 = 1,⋯ , 𝑛 (1) 

where 𝛼 = 𝑒𝑗2𝜋 3⁄  and 𝑠𝑡 has a complex value.  
In the ideal case of sinusoidal balanced voltages, the SPM in 

the complex plane is in the form of a circle centred around the 
origin. Voltage unbalance, including unbalanced voltage dips, 
results in an ellipse. Voltage distortion results in a “distorted 
ellipse”.  

An ellipse in the complex plane is defined by just three real 
parameters: semi-minor axis, semi-major axis and the rotating 
angle of the ellipse. These three parameters are highly 
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correlated with some voltage dip characteristics [34][36]. 
Among these, the rotating angle of the ellipse distinguishes 
between different types of voltage dips in the 7-type ACD 
classification [34][36], see Section III-C.  

Fig. 1 shows the waveform of a typical dip in time domain 
and the corresponding SPM in the complex plane.  
 

 
Fig. 1.  Waveform (left) and SPM (right) of one typical voltage dip. 

C.  Deep convolutional neural networks (CNNs) 
The architecture of convolutional neural networks typically 

consists of several layers, including convolutional layers with 
ReLU (Rectified Linear Unit) as the activation function, 
pooling layers, and finally the fully connected (FC) layers with 
softmax as the activation function. A convolutional layer with 
ReLU is often followed by a pooling layer (e.g., maxpool) to 
obtain nonlinear down-sampling. This process (i.e., a 
convolutional layer with a ReLU and a pooling layer) is usually 
repeated several times to obtain deep network architecture [14]-
[37]. For example, for two-dimensional (2D) input signals, a set 
of 2D spatial filters (sized 𝑘 by 𝑘) is applied. This is similar to 
the idea of applying a set of 2D FIR filters. However, these filter 
kernels are obtained through deep learning. The outputs from 
the filters are corresponding to the features of the signal in the 
corresponding layer. The ReLU is a nonlinear function 𝑓(𝑥) =
𝑚𝑎𝑥(0, 𝑥), which is operated element-wise by simply replacing 
all negative feature values with zero. Using ReLU is found to 
have greatly accelerated the convergence of the stochastic 
gradient descent [37]. Max-pooling layer is often adopted in 
order to introduce the nonlinearity as well as feature down-
sampling. For example, a maxpool on a 2 by 2 matrix of features 
results in one feature value, which is the maximum among these 
four feature values. The output from each convolutional and 
pooling layer represents features of the input data in that 
corresponding scale level.  

The fully connected (FC) layers are used for forming the 
classifier, whose input is the feature map from the last 
convolutional layer and whose output is the class label. The 
term “fully connected” implies that every neuron in the 
previous layer is connected to every neuron in the next layer 
[37], similar to that in classical artificial neural networks. The 
last FC layer is usually followed by a softmax function (or, 
normalized exponential function). It is a generalization of the 
logistic function. The output of softmax is associated with the 
probability distribution over 𝐿 classes of different possible 
outcomes from the classifier. This part (FC layers with 
activation functions) can be in principle replaced by other 
conventional classifiers (e.g., SVMs [38][39], AdaBoost 
[40][41]). The typical architecture of CNNs is shown in Fig. 2. 

III.  PROPOSED METHOD 
In this section, we describe the proposed scheme for 

automatic feature extraction and classification of voltage dips. 
The main motivation of this work is to exploit deep learning for 
automatic extraction of dip features instead of using 
conventional methods that extract hand-crafted features using 
‘human experts’ knowledge. It has been shown before that SPM 
domain dip classification is more robust than directly using the 
waveform or RMS voltage versus time [27][33]-[35]. We 
therefore propose to employ deep learning in the SPM domain. 
The proposed method consists of the following steps: (i) 
Transform three-phase voltages into SPM domain; (ii) Employ 
2D CNN (two Dimensional Convolutional Neural Network) for 
automatic feature extraction for different dip classes using 
supervised training; (iii) Use FC (Full Connected) layers in the 
CNN as the classifier where the training and classification 
processes are performed. It is worth mentioning that the 
classifier (with the FC layers) can be replaced by other types of 
classifiers, e.g. SVM [38][39], AdaBoost [40][41], and many 
others. Fig. 3 shows the block diagram of the proposed scheme.  
In the following subsections, the proposed scheme will be 
described in details. 

A.  SPM Transform of Three-phase Voltage Sequences 
This subsection describes the approach of forming a 2D 

representation in the SPM domain from a three-phase voltages. 
We use SPM in (1) with a per-unit system. It is worth 
mentioning that SPM in (1) consists of real and imaginary parts 
with the dynamic range of [-1.1, 1.1] pu (Taking 10% margin 
for harmonic distortion and voltage magnitude variations). For 
mathematical convenience, the SPM time series in (1) is written 
in the vector form, 

                                         𝒔𝑡 = [𝑠1, 𝑠2…𝑠𝑛]𝑇                           (2) 

A new matrix 𝑺 is defined by splitting  𝒔𝑡 into its real and 
imaginary parts: 

                          𝑺 = [𝒔𝑡,𝑅   𝒔𝑡,𝐼 ]𝑛×2                          (3) 

where 𝒔𝑡,𝑅 = [𝑠1,𝑅 𝑠2,𝑅⋯𝑠𝑛,𝑅]
𝑇
∈ [−1.1, 1.1], and  𝒔𝑡,𝐼 =

[𝑠1,𝐼 𝑠2,𝐼  ⋯ 𝑠𝑛,𝐼]
𝑇
 ∈ [−1.1, 1.1]. We then quantize the dynamic 

range  [-1.1, 1.1] of S into 22 equal length segments, where the 
data sequence in the matrix 𝑺  is described by a new matrix 𝑴 
(size 22×22), using the following relation:  

          𝑴(𝑘1, 𝑘2) = ∑ ∑ √(𝑠𝑖,𝑅)
2
+ (𝑠𝑖,𝐼)

2
 (𝑘1,𝑘2)  

𝑛
𝑖=1            (4) 

where 𝑘1 and 𝑘2 are determined by: 
 
(𝑘1, 𝑘2) =

       

{
 
 

 
 
(⌈10(1.1 − 𝑠𝑖,𝐼)⌉, ⌈10(1.1 − |𝑠𝑖,𝑅|)⌉)  𝑖𝑓 𝑠𝑖,𝑅 < 0  &  𝑠𝑖,𝐼 > 0 

(⌈10(1.1 − 𝑠𝑖,𝐼)⌉, ⌈10|𝑠𝑖,𝑅|⌉)                 𝑖𝑓 𝑠𝑖,𝑅 > 0  & 𝑠𝑖,𝐼 > 0

(⌈10|𝑠𝑖,𝐼|⌉ + 11, ⌈10(1.1 − |𝑠𝑖,𝑅|)⌉)         𝑖𝑓  𝑠𝑖,𝑅 < 0  &  𝑠𝑖,𝐼 < 0

  (⌈10|𝑠𝑖,𝐼|⌉ + 11, ⌈10𝑠𝑖,𝑅⌉ + 11)                 𝑖𝑓 𝑠𝑖,𝑅 > 0  &  𝑠𝑖,𝐼 < 0

  (5) 

 
where ⌈⋅⌉ is the ceiling function,  and |⋅| is the absolute value. 

In such a way, all input voltage waveform sequences are 
converted into a 2D representation of SPM by 𝑴 matrices with 
22×22 components, which are used for the inputs of 2D CNN 
for automatic feature extraction in SPM domain and 
subsequently for dip classification. 
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A typical 2D representation of the SPM, as matrix 𝑴, is 
shown in Fig. 4. 
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Fig. 2.  Typical architecture of a Convolutional Neural Networks [42]. 
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Fig. 3.  Block diagram of the proposed scheme (𝑺 is a 22 by 22 matrix). 

B.  2D-CNN for Automatic Feature Extraction in SPM 
Domain and for Dip Classification.   

In this subsection, we describe the proposed 2D-CNN 
architecture for automatic feature extraction and dip 
classification. Since the input data in the SPM domain is two 
dimensional without temporal information, we select 2D-CNN 
as the deep learning method. Numerous empirical tests have 
been performed to find out the most appropriate CNN 
architecture associated with the best end-to-end performance 
for the dip feature learning and dip classification task. This is 
usually done by end-to-end training and performance 
optimization which minimizes some loss function, e.g., the 
categorical cross-entropy error (see (7)). Currently, there is no 
general rule or theoretical guide to deep learning methods on 
how to reach the best architectures and their associated hyper-
parameters. This is instead usually done through extensive 
empirical tests with some test strategies chosen by individual 
researchers. For example, empirical tests could be first 
conducted on the number of layers by observing the 
performance of training, and by observing the overfitting from 
the performance difference between the training and validation 
processes. More detailed tuning could then be conducted by 
changing the number of filters, the size of filter kernels, and 
other hyper-parameters. This selection process can be repeated 
until good performance is obtained. We have adopted the above 
strategy in our experiments to seek an appropriate CNN 
architecture suited with the associated hyper-parameters for the 
SPM domain. 

The proposed CNN architecture consists of four 
convolutional layers (Conv1-Conv4) and three fully connected 
layers (FC1-FC3). The convolutional layers are designed for 
automatic extracting dip features, while the fully connected 
layers serve as a classifier. Table I shows the detailed 
architecture of the proposed 2D-CNN architecture. As can be 
seen in Table I, the first convolutional layer Conv1 contains 16 
filter bands, each being a 5 × 5 spatial domain filter that 
performs, 𝑥1 = 𝑓1(𝑠 ∗ 𝑤 + 𝑏), the spatial convolution 

followed by ReLU nonlinear activation function 𝑓(𝑥) =
𝑚𝑎𝑥(𝑥, 0). In the second and fourth convolutional layers, a 2 ×
2 maximum pooling is applied, with its output as the largest 
value from the 2 × 2 area. The outputs from the four 
convolution layers (after ReLU and maxpool) contain the multi-
resolution features of the input voltage dip. After four 
convolutional layers, three FC layers are employed as the 
classifier. We used FC layers for simplicity in fulfilling the 
classification task. Each FC layer consists of several cells 
(neurons), and the last FC layer consists of seven cells equal to 
the number of dip classes in our designed scheme. Table I 
shows the complete architecture of the convolutional network 
used for the feature extraction (rows 2-5) and for the 
classification (rows 6-8). Using the parameters given in Table 
I, one can build up the complete convolutional network using 
the TensorFlow library. 

 

 
 

Fig. 4.  A typical example of 2D representation of SPM; left: SPM in 
complex plane, right: corresponding matrix 𝑴. 

C.  Voltage Dip Classes and Labelling 
In our scheme, we follow the 7-type ACD classification [28]: 

𝐶𝑎, 𝐶𝑏, 𝐶𝑐, 𝐷𝑎, 𝐷𝑏 , 𝐷𝑐  and 𝐴, as explained in Section II.A. The 
before-mentioned strong correlation between the rotating angle 
of the ellipse and the dip class is shown in Table II [34]. The 
parameter T, is obtained by dividing the rotating angle by 30°, 
is directly related to the dip class. The voltage dip classes, 
determined from this approach, are used as labels for supervised 
learning process of 2D-CNN. Class 𝐴 is determined once the 
difference between semi-minor and semi-major axes is less than 
a threshold (0.05 pu).  

TABLE I 
Proposed Deep Learning Method: 2D CNN Architecture for 

Automatic Feature Extraction and Classification of 7 Class Dips 

Layers Filter Size / 
# cells Input size Output Size 

2D Conv1+ReLU (5,5) × 16 22×22 22×22×16 
2D Conv2+ReLU+Maxpool (3,3) × 32 22×22×16 11×11×32 

2D Conv3+ReLU (3,3) × 64 11×11×32 11×11×64 
2D Conv4+ReLU+Maxpool (3,3) × 128 11×11×64 6×6×128 

FC1+ReLU 1024 4608× 1 1024 × 1 
FC2+ReLU 128 1024 × 1 128 × 1 

FC3+Softmax 1x7 128×1 7×1 
 

 
TABLE II 

Relation Between Angle 𝜑 , Parameter 𝑇, and Dip Class  
Ranges of angles (𝝋) Parameter T Dip Class 

(0°,    30°] 1 𝐷𝑏 
(30°,  60°] 2 𝐶𝑐 
(60°,   90°] 3 𝐷𝑎 
(90°, 120°] 4 𝐶𝑏 
(120°, 150°] 5 𝐷𝑐 
(150°, 180°] 6 𝐶𝑎 
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IV.  EXPERIMENTAL RESULTS 
The proposed deep learning-based scheme has been applied 

to three measurement datasets under a number of experiments. 
In the following, we describe the criteria for evaluation, 
experimental setup, test results and performance evaluation. 

A.  Criteria for Evaluating the Performance 
To verify the performance of the proposed method, we used 

two sets of criteria: performance of deep learning in CNN; 
performance of classifier on each individual class. 

For deep learning in CNN, we adopt the conventional used 
definitions of accuracy and loss by the categorical cross-
entropy, as follows [43]: 

       𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  # 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑑𝑖𝑝𝑠 𝑖𝑛 𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑒𝑠
𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑖𝑝𝑠

    (6) 
 

       𝐿𝑜𝑠𝑠 = −∑ 𝑝(𝑥) ln 𝑞(𝑥)𝑥            (7) 
where p(x) is the correct label for the input x, and q(x) is the 
predicted label. It is worth noting that accuracy and loss are the 
average values over all classes. 

For assessing the performance of individual dip classes, we 
use a commonly adopted way in the machine learning area: the 
“confusion matrix”. In this paper, the confusion matrices are 
shown only for the test datasets. Each row of the confusion 
matrix represents the instances in an actual class while each 
column represents the instances in a predicted class. The 
diagonal entries show the number of correctly predicted classes 
where the non-diagonal entries show the incorrect 
classifications.  

We use the classification rate (CR) and false alarm rate 
(FAR) for each class as a measure of the performance. For class 
i, the CR and FAR are defined as follows [40]: 

                                  𝐶𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖
                                (8) 

                                      𝐹𝐴𝑅𝑖 =
𝐹𝑃𝑖

𝐹𝑃𝑖+𝑇𝑁𝑖
                                (9) 

where 𝑖 = 1,2, … ,7 indicates the class number, 𝑇𝑃𝑖  and 𝑇𝑁𝑖  are 
the true positive and true negative values for 𝑖𝑡ℎ class, 𝐹𝑃𝑖  and 
𝐹𝑁𝑖 are the false positive and false negative values for 𝑖𝑡ℎ class, 
respectively.  

B.  Setup 

1) Datasets  
Three voltage dip datasets are used in this study, details are 

given in Tables III and IV. The Sweden dataset is measured in 
one location in a low voltage network. The global dataset 
includes voltage dips measured in different locations and 
voltage levels around the world by PQube power quality 
monitors [44]. The UK dataset consists of voltage dips obtained 
at many medium voltage locations during approximately one 
month of recording. The dips are roughly uniformly distributed 
over the different classes in UK and Sweden datasets. In global 
dataset the number of balanced voltage dips dominates, but the 
unbalanced dips are again roughly uniformly distributed over 
the different classes.  

2)  CNN hyper-parameters  
The hyper-parameters of CNN, learning rate (𝑙𝑟) and 

dropout (𝑑𝑟), were selected optimally in the learning process 
through 2D grid search. The number of epochs and batch size 
were set as 250. The optimizer ‘adam’ was used, also ‘softmax’ 
activation was used in the FC3 layer, while in all other layers 
‘ReLU’ was used. 

In all three case studies, we partitioned the dataset(s) into 
training/validation/test subsets. The data in the training and 
validation sets was split into 5 parts, 4/5 was used for training, 
and the remaining 1/5 for validation. For computing the 
validation error, we used 5-fold cross-validation: the data were 
partitioned into 5 folds, where 1 fold was used as the validation 
set, and the remaining 4 folds were used as the training set. This 
process was repeated five times such that each fold was used 
once for validation. The validation error was then obtained as 
the average error over the five different validation sets. The 
testing process was conducted solely on the test dataset where 
the data were kept separated from the training and validation 
data. 

TABLE III 
Detailed Information of the Three Voltage Dip Datasets 

Name # Dips Location of 
measurements 

D1 705 Sweden 
D2 4361 Global 
D3 916 UK 

 

 
TABLE IV 

The Number of Dips for Every Class of Each Dataset  
Dataset A 𝑪𝒂 𝑪𝒃 𝑪𝒄 𝑫𝒂 𝑫𝒃 𝑫𝒄 Total 

D1 166 110 100 74 83 77 95 705 
D2 1946 448 500 429 265 412 361 4361 
D3 120 135 142 128 116 129 146 916 

Total 2232 693 742 631 464 618 602 5982 
 

3) Case studies 
To test the proposed scheme and its robustness, we have 

designed three case studies. In the first case study, we mixed all 
three datasets (with a total of 5982 dip measurements), and then 
split the whole data into 75% for training and 25% for testing.  
In the next two case studies, we used training data and testing 
data from different datasets (from different locations) in order 
to further study the robustness of the proposed scheme. Table V 
summarizes the three case studies. 

 
TABLE V 

Three Case Studies and the Corresponding Training/Test Datasets. 
Case Study Training set Test set 
C1 0.75 (D1+D2+D3) 0.25 (D1+D2+D3) 
C2 D2+D3 D1 
C3 D1+D2 D3 

 

C.  Results and Performance Evaluation 
In this section, we will describe the results of each case study 

in detail.  

1) Case study 1 
This case study was applied to the summed datasets 

D1+D2+D3, with a 75% and 25% partition into training and test 
sets. Fig. 5 shows the performance of the proposed scheme 
where the accuracy and loss are shown as a function of the 
number of epochs. Further, Table VI shows the resulting 
confusion matrix on the test set, and Table VII shows the 
performance (classification rate and false alarm rate, as in (8) 
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and (9)) on the test set for each individual class.  
The table shows 4 misclassifications between 𝐷𝑎 and 𝐶𝑏, 9 

between 𝐷𝑐  and 𝐶𝑎 and 7 between 𝐷𝑐  and 𝐶𝑏.  
The other misclassifications are between unbalanced dip 

classes and balanced dip Class A, for instance, 2 between Class 
𝐷𝑐  and Class A.  

To find the optimal learning rate and dropout, a 2D grid 
search was performed. Table VIII shows the results of the grid 
search, where the table contains the training accuracy values. 

 

 
Fig. 5.  Case study 1: performance on training and validation, using 5-fold 
cross-validation. Left:  accuracy vs. epochs, Right: loss vs. epochs. 

 
TABLE VI 

Case Study 1: Resulting Confusion Matrix on the Test Set. 
 �̃� �̃�𝒂 �̃�𝒃 �̃�𝒄 �̃�𝒂 �̃�𝒃 �̃�𝒄 

A 556 0 1 0 0 0 0 
𝑪𝒂 0 170 0 0 0 0 2 
𝑪𝒃 1 0 184 0 0 0 0 
𝑪𝒄 0 0 0 154 1 0 0 
𝑫𝒂 0 0 4 0 112 0 0 
𝑫𝒃 1 3 0 0 0 151 0 
𝑫𝒄 2 9 7 0 0 3 129 

 

 
TABLE VII 

Case Study 1: Performance on Each Class: CR and FAR. 
Class A 𝑪𝒂 𝑪𝒃 𝑪𝒄 𝑫𝒂 𝑫𝒃 𝑫𝒄 Ave. 

CR(%) 99.8 98.9 99.5 99.4 96.6 97.4 86.0 96.78 

FAR(%) 0.8 0.9 0.9 0.0 0.2 0.4 0.1 0.47 
 

 
TABLE VIII 

Grid Search for Optimal Hyper-Parameter Selection; Case Study 1 
               𝒅𝒓 
        𝒍𝒓 0.30 0.40 0.50 0.60 0.70 

0.0003 95.37 96.04 96.89 96.57 96.79 
0.0004 96.38 95.50 96.84 96.51 97.04 
0.0005 96.79 95.77 97.72 97.05 96.91 
0.0006 97.24 96.91 97.58 97.44 97.45 
0.0007 97.25 95.58 96.27 96.98 96.85 

 

2) Case Study 2 
This case study was designed for testing the robustness of 

the proposed method using several countries’ data (D2+D3: 
global+ UK) for training, and then applying the trained system 
for classification of dips obtained from only one country 
(D1: Sweden). Fig. 6 shows the training and validation 
performance as a function of number of epochs.  

The resulting confusion matrix on the test set is shown in 
Table IX, and the performance (classification rate and false 
alarm rate) on the test set for each individual class in Table X.  

The table shows that misclassifications occur between 
consecutive classes in Table II and between unbalanced voltage 
dip classes (D and C) and balanced dip class (A).   

The results in Tables IX, X and Fig. 6, show a small drop in 
performance (1.71% decrease of average classification rate, and 
0.38% increase of false alarm rate, compared to results from 
Case study 1). This small drop of performance is anticipated as 
the training data is from different counties whereas the test data 
is from one country and in this case actually from one location. 
From the results, it shows that our proposed scheme is very 
robust, achieving reasonably good test results (95.1% 
classification rate, 0.85% false alarm rate).  

 

 
Fig. 6.  Case Study 2: performance on training and validation, using 5-
fold cross-validation. Left: accuracy vs. epochs, Right: loss vs. epochs. 

 

 
TABLE IX 

Case Study 2: Resulting Confusion Matrix on the Test Set. 
 �̃� �̃�𝒂 �̃�𝒃 �̃�𝒄 �̃�𝒂 �̃�𝒃 �̃�𝒄 

A 161 0 1 1 1 1 1 
𝑪𝒂 2 107 0 0 0 1 0 
𝑪𝒃 1 0 97 0 1 0 1 
𝑪𝒄 1 0 0 72 1 0 0 
𝑫𝒂 0 0 1 2 80 0 0 
𝑫𝒃 1 0 0 1 0 75 0 
𝑫𝒄 1 9 4 1 0 1 79 

 

 
TABLE X 

Case Study 2: Performance on Each Class: CR and FAR. 
Class A 𝑪𝒂 𝑪𝒃 𝑪𝒄 𝑫𝒂 𝑫𝒃 𝑫𝒄 Ave. 

CR (%) 97.0 97.3 97.0 97.3 96.4 97.4 83.2 95.07 

FAR(%) 1.2 1.6 1.1 0.8 0.5 0.5 0.4 0.85 
 

3) Case Study 3 
In this case study the proposed deep network was trained and 

validated on datasets D1+D2 (Sweden + global) and was tested 
on the third dataset (D3: UK).  

The performance for CNN training and validation is shown 
in Fig. 7, the confusion matrix is shown in Table XI, and the 
performance for individual classes is shown in Table XII.  

From observing the results in the confusion matrix, the 
number of misclassifications between unbalanced and balanced 
voltage dip classes and between consecutive classes (as in 
Table II) have increased.  

In this case study, the accuracy is more impacted when one 
compares the results with those in Case Study 2. No obvious 
reason for this is found. 

Observing the results in Tables XI, XII and Fig. 7, one can 
see that there is again a small drop in performance: 3.12% 
decrease in average classification rate and 0.67% increase in 
false alarm rate. These results also support the notion that our 
proposed scheme is robust, achieving 93.66% classification 
rate, and 1.14% false alarm rate. Table XIII summarizes the 
performance for the three case studies.  
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Fig. 7.  Case Study 3: performance on training and validation, using 5-
fold cross-validation. Left: accuracy vs. epochs, Right: loss vs. epochs. 

 

 
TABLE XI 

Case Study 3: Resulting Confusion Matrix on the Test Set 
 �̃� �̃�𝒂 �̃�𝒃 �̃�𝒄 �̃�𝒂 �̃�𝒃 �̃�𝒄 

A 120 0 0 0 0 0 0 
𝑪𝒂 2 125 0 0 0 7 1 
𝑪𝒃 0 0 137 0 2 0 3 
𝑪𝒄 2 0 0 118 5 3 0 
𝑫𝒂 4 0 8 4 100 0 0 
𝑫𝒃 1 0 0 1 0 127 0 
𝑫𝒄 2 9 7 0 0 4 124 

 

 
TABLE XII 

Case Study 3: Performance on Each Class: CR and FAR. 
Class A 𝑪𝒂 𝑪𝒃 𝑪𝒄 𝑫𝒂 𝑫𝒃 𝑫𝒄 Ave. 

CR (%) 100 94.1 98.6 94.6 88.8 95.4 84.3 93.66 

FAR(%) 1.7 1.6 1.5 1.4 0.7 0.7 0.4 1.14 
 

   
TABLE XIII 

Summary of Performance on the Test Set for all Cases Studies  
Case Study Loss ACC (%) ACR (%) FAR (%) 

C1 0.0057 97.72 96.78 0.47 
C2 0.0104 95.18 95.07 0.85 
C3 0.0152 93.59 93.66 1.14 

 

D.  Comparison with Other Methods 
Ideally, comparisons should be made for systems that are 

designed for classifying the same types and number of classes, 
using the same datasets. However, such comparisons are very 
difficult as early work on voltage dip classification rarely uses 
large datasets. It is also difficult to find systems with the same 
type and number of classes as the proposed system. Hence, 
comparisons selected in this part may only be served as a 
relative performance indication, rather than absolute 
comparison. In the following, the proposed method is compared 
with the voltage dip classification methods proposed in [26] and 
[29]. Two different approaches were conducted in those studies: 
(a) Mixing all data from different countries and with a 75% and 
25% partition on the training and test sets (such as 
Case Study 1); (b) Training on data from different countries but 
test on data from only one country (such as Case studies 2 and 
3). The results for the first approach are shown in upper-side, 
and for second approach in lower-side of Table XIV. The table 
shows that the proposed method achieves the highest 
classification accuracy, which is further evidence for its 
effectiveness. 

It should be noted that the accuracy and false alarm rate of 
the proposed method, for the second approach, are average of 
obtained results on Case studies 2 and 3. The same method was 
used for SVM method. 

E.  Discussion  

1) Comparison Between Different Case Studies 
As shown in Table XIII, the best performance was obtained 

for Case study 1. Mixing all datasets, in both training and 
testing processes, increases the uniformity of the data and 
decreases its diversity and thus results in a better performance.  

The results from Case studies 2 and 3 show that the proposed 
method is sufficiently robust: training deep network on voltage 
dips from different countries and then testing it on dips from 
only one country does not significantly deteriorate the total 
performance. It means no new training is needed for new 
locations.  

2) Misclassification 
There are two types of misclassification: the first type of 

misclassification is “between different unbalanced classes”; the 
second type of misclassification is “between balanced and 
unbalanced classes”. 

The first type of misclassification are the ones with a 
significant characteristic phase-angle jump, that are close to the 
border between two classes when considering the rotational 
angle of the ellipse (Table II). These can easily be misclassified 
as was shown in [45] but for a completely different 
classification algorithm. 

The second type of misclassification contains two sub-types: 
(i) unbalanced dips are classified as balanced dip (Class A); 
shallow unbalanced dips result in an ellipse in which the 
difference between semi-minor and semi-major axes is very 
small, therefore the 2D representation of the SPM is similar to 
a circle; (ii) balanced voltage dip is classified as one of the 
unbalanced voltage dip classes; heavy harmonic distortion in 
balanced voltage dips results in the polygon instead of circle 
shape of SPM, that leads to misclassification. 

In overall, observing the results in Table XIII, the proposed 
scheme is shown to be effective for dip classification. 

3) Voltage Dip Representation 
The 2D representation of voltage dips allows us to cope with 

challenges as: duration of voltage dip recording, sampling 
frequency, and the variety among a large amount of dips, since 
all different voltage dips are represented by the same 22 × 22 
matrix. The results from case studies 2 and 3 show that the 2D 
representation of SPM provides robust features for voltage dip 
classification.  

TABLE XIV 
Performance of Different Methods for Voltage Dip Classification; 

Accuracy and False Alarm Rate on Test Set 
Train and Test on All Countries 

Method # of dips 
in dataset 

# of 
class ACC (%) FAR(%) 

Proposed method 5973 7 97.72 0.47 
Expert system [26] 916 7 97.00 0.30 
SVM method[29] 1720 5 92.80 0.98 

Train on Several Countries, and Test on Different Countries 
Proposed method 5973 7 96.37 0.995 
SVM method[29] 1720 5 94.05 1.41 

 

V.  CONCLUSION 
This paper proposes deep convolutional neural networks 

(CNNs) for automatic feature extraction and voltage dip 
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classification. A robust transform-domain method consisting of 
a space phasor model (SPM) of three-phase voltage dips has 
been used. The resulting 2D representation of the SPM presents 
any voltage dip recording independent of its duration or 
sampling frequency, by the same matrix. The fully-
automatically extracted features, by the CNN, are fed to the 
fully connected neural layers, to classify voltage dips into seven 
different classes based on the 7-type ACD classification. The 
proposed method was applied to three-phase voltage dip 
datasets (about 6000 dips measured in different countries and at 
different voltage levels) distributed over seven classes.  

The proposed method achieved high classification accuracy 
and small false alarms overall, as well as for each individual 
class. Comparison with two existing methods provided further 
evidence for the effectiveness of the proposed method. 
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Three-Phase Systems
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Abstract—This paper compares different methods for voltage-
dip characterization. Those methods are based on earlier proposed
algorithms for extracting three-phase characteristics (dip type,
characteristic voltage, and so-called “PN factor”). The difference
between the 12 methods being studied in this paper is in the way in
which the time variation of those characteristics is treated to result
in single-event characteristics. The methods are applied to 259 mea-
sured voltage dips, and the performance of the different methods is
compared. It is found that small differences in the method can result
in big differences in results. From the comparison, two methods are
selected and recommended for inclusion in international standards.

Index Terms—Power distribution, power quality, power trans-
mission, voltage dips.

NOMENCLATURE

DT Dip Type as single-event characteristic.
PNF PN Factor as single-event characteristic.
CV Characteristic voltage as single-event characteristic.
PAJ Phase-angle jump as single-event characteristic.
DTt Dip type versus time.
PNFt PN Factor versus time.
CVt Characteristic voltage versus time.
SCA Symmetrical components algorithm.
SPA Six phase algorithm.

I. INTRODUCTION

VOLTAGE dips form an important power-quality issue in
electric power systems. It is an issue that attracts attention

from utilities and their customers [1]–[5]. Characterization of
voltage dips is an essential part of voltage dip studies. There are
two intrinsically-different aims for characterization of voltage
dips: quantifying the performance of the power system; obtain-
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ing information about the underlying cause of the voltage dip
and the status of the power system at the time of the dip [4]–[7].
In both cases, the three-phase character of the dip should be
considered.

The characterization of voltage dips in a three-phase system
has developed from the study of changes in voltage dips when
they propagate through three-phase transformers. Early work
on this propagation [3], [6], [8] resulted in a classification of
dips in four types: A, B, C and D [9] related to different types
of faults. This classification was later extended with three more
types, E, F and G [10] by including two-phase-to-ground faults
and has been the basis of a detailed study of voltage dips due to
non-symmetrical faults in [5]. This classification has also been
the basis for many attempts to extract dip characteristics from
measured voltage dips. These methods result in characteristics
versus time, not in single-event characteristics. An overview of
such methods is given in Section III.

The three-phase character of the voltage dip is not part of
the characterization prescribed in IEC 61000-4-30 [11], instead
only one residual voltage and one duration are defined. More re-
cently, IEEE 1564 [12] included the “characteristic voltage” as a
single-event characteristic. The characteristic voltage was one of
the outcomes of the work on voltage-dip characterization sum-
marized in Section III. IEEE Std. 1564 does however not give
any guidance on how to include unbalanced voltage dips in the
characterization. A method for classifying dips into three types,
I, II and III, has been proposed by CIGRE/CIRED/UIE Work-
ing Group C4.110 [13], but without a clear proposal on how to
determine the dip type from measured voltage dips. A standard
definition of phase angle jump as a single-event characteristic is
proposed in [14]. That proposal also extends the characteristic
voltage from IEEE Std. 1564 to include the phase-angle jump.
Similar definitions for dip type and other three-phase character-
istics as single-event characteristics remain lacking.

The aim of this paper is to propose a method to define
dip type (DT), PN Factor (PNF) and characteristic voltage
(CV) as single-event characteristic for inclusion in standards
like IEEE 1564 and IEC 61000-4-30. Residual voltage, du-
ration and phase-angle jump are three important single-event
characteristics that are not discussed in this paper. Calcula-
tion methods for residual voltage and duration are defined in
standards [11], [12], and a calculation method for phase-angle
jump is proposed in [14].

Section III gives and overview of methods proposed in
the literature for extracting dip characteristics from measured

0885-8977 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.
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voltages. In Section IV, 12 different methods are proposed to
obtain single-event characteristics. The differences between the
methods are illustrated by means of measurement examples.
These 12 methods are next applied to 259 recorded voltage
dips. The results of this and a comparison of the results are pre-
sented in Section V. In Section VI the results are discussed and
recommendations are given to standardization bodies. Section
VII concludes the paper.

II. EXTRACTING DIP CHARACTERISTICS

To collect statistics on voltage dips it is necessary to describe
those dips through a small number of so called single-event
characteristics. The extraction of single-event characteristics for
voltage dips was the purpose of IEEE project group P1159.2
[15], [16], but this group did not result in a standard document.

A. Overview of Proposed Methods

A number of methods have been proposed for obtaining
characteristics for three-phase dips. These methods can be
categorized into three groups, based on the input data used by
the method.

1. Complex voltages. Methods in this group use the three
complex voltages as input. The Symmetrical Components al-
gorithm (SCA) [17], [18] was the first method in this group. It
uses the angle between positive and negative-sequence voltages
to obtain dip type. The dip types were somewhat different as
the ones in [9], but there was an easy relation. Next to dip type,
complex sum and difference of positive and negative-sequence
voltage are used to calculate “characteristic voltage” and a new
characteristic called “PN factor”.

The “Three-phase Voltages Three-phase Angles” method is
proposed in [19] by Madrigal and the “Three-Phase Angle
(TPA)” method in [20] by Thakur.

Algorithms in this group are seen to give a result closest to the
dip type in relation to the fault type. There are however practical
problems related to obtaining the complex voltages [18].

2. RMS voltage. The algorithms in this group use rms voltages
as input. In [16] the unbalance ratio is defined from the rms
voltages; its highest value is used as single-event characteristic.

The “Six-phase algorithm” (SPA) [18] calculates the six rms
voltages of the phase-to-phase and phase-to-neutral voltages
after subtracting the zero-sequence voltage. Dip type, charac-
teristic voltage and PN factor are obtained from these six rms
voltages.

Djokic [2] presents an “intuitive classification” of voltage
dips based on the number of phase-to-neutral rms voltages that
drop below the dip threshold. This is further developed in [21]
resulting into three types of dips, where the average of the two
nearest rms voltages is used as well as the rms value of the third
one. This is in turn used for a proposed classification into Type
I, II and III by an international working group [13].

Obtaining valuable information from existing monitors and
databases that only contain information about rms voltages, is
one of the reasons behind a method that is able to estimate dip
type and characteristics from the phase-to-neutral rms voltages
only [22], [23]. The proposed method was extended by Molnar-
Matei [24] and Thakur [25].

Fig. 1. Example of characterization for a measured voltage dip based on
SCA. (a) RMS voltage versus time (The three colors refer to the three phases.).
(b) PNFt (blue) and CVt (red). (c) Dip type versus time.

3. Advanced features. These features are obtained by us-
ing advanced signal processing methods and they are typically
used for analyzing large amounts of stored monitoring data and
ultimately automatic classifiers of voltage dips or other power-
quality disturbances. There is a vast volume of work on this,
started by [26], [27] and overviewed by [28], but only a small
number of those publications consider the three-phase character
of voltage dips. Examples are the expert system proposed by
Styvaktakis [29], the support vector machine (SVM) classifier
by Axelberg [30], the space vector method by Ignatova [31],
the voltage sag detection and analysis method based on Kalman
filter by Barros [32]; the voltage dip detection method based on
discrete wavelet transform (DWT) by Gencer in [33] and another
DWT based method for voltage dip characterization by Fabio
[34]. Methods in this group are mainly intended for the second
characterization aim mentioned in the introduction (“obtaining
information”).

B. Transition Segments

A voltage dip event due to a fault can be divided into at
least five segments: pre-event segment, transition segment (at
start of fault), during-event segment, transition segment (at fault
clearing) and post-event segment [13], [29]. The two transition
segments are colored gray in Figs. 1 and 2

The values of rms voltage, phase angle, etc. during the tran-
sition segment are typically not realistic but merely artifacts of
the method used to calculate them being applied to a step-wise
change in value. Several methods for automatically detecting
transition segments have been proposed (see [13] and [28]), but
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Fig. 2. Example of the calculation of PNF and CV versus time for a measured
voltage dip based on SPA. (a) three rms voltages versus time (The three colors
refer to the three phases). (b) six rms voltages versus time for showing CV.
(c) six rms voltage versus time for showing PNF.

no straightforward automatic method has as yet been developed.
In this paper we use a visual method as in [14].

III. THE ALGORITHMS UNDER STUDY

To develop a standard method for obtaining single-event
chcracteristics, we start from the two methods discussed in
[18] for calculating characteristics versus time: the symmet-
rical component algorithm (Section IV.A) and the six-phase
algorithm (Section IV.B). These methods represent the first two
groups in Section III. Methods in the third group are considered
too complicated for inclusion in a standard. Each of the two
methods considered here will result in three characteristics as a
function of time when applied to a voltage-dip recording:

1) The dip type versus time, DTt, where the values 0 through
5 refer to Ca, Dc, Cb, Da, Cc and Db, respectively.

2) Characteristic voltage versus time, CVt
3) PN Factor versus time, PNFt
These are next used to calculate the three single-event indices:

dip type (DT); characteristic voltage (CV); and PN factor (PNF).
The difference between the algorithms is in the way in which the
single-event characteristics are obtained from the characteristics
versus time.

A. Symmetrical Component Algorithm (SCA)

The six methods based on the symmetrical component algo-
rithm are illustrated here using the measured waveform shown

in Fig. 1. This is not a typical waveform. Instead the waveform
is chosen so as to illustrate the difference between the different
methods.

1) Method A1: In Method A1, the single-event characteris-
tics are DTt and PNFt at the instant of lowest CVt during the
entire recording, including the transition segments. Fig. 1(a)
shows the rms voltage of three phases versus time for a mea-
sured voltage dip, the gray bands indicate transition segments.
(b) is CVt (red curve) and PNFt (blue curve) versus time, (c)
is DTt, all calculated using SCA. In Fig. 1(b), the lowest CVt
is 216 V at 5.7 cycles, in the first transition segment. PNFt is
443 V at this instant. The resulting dip type is Cb as shown in
Fig. 1(c).

2) Method A2: In Method A2, the single-event characteris-
tics are the DTt and PNFt at instant of lowest CVt during the
event, excluding the transition segments.

In Fig. 1(b), the lowest CVt, excluding the transition seg-
ments, is 217 V at 5.95 cycles, PNFt is 443 V at this instant. In
Fig. 1(c), DT at this instant is Cb.

3) Method A3: In Method A3, the single-event characteris-
tics are DTt, PNFt and CVt when the rms voltage is the lowest
in any of the three phase-to-neutral voltages. The timing of
Method A3 is identical to the timing of “residual voltage” of
voltage dip, according to the definition of “residual voltage” in
IEC 61000-4-30 and IEEE Std. 1564.

The lowest rms voltage in Fig. 1(a) is 238.8 V at 5.58 cycles. It
should be noted that the example of illustration is a special case
where the lowest rms voltage is in the first transition segment.
The lowest rms voltage is usually in the event segment between
the transition segments. CV is 218 V, and PNF is 443 V at 5.58
cycles in Fig. 1(b). DT at that instant is Cb in Fig. 1(c).

4) Method A4: In Method A4, the single-event character-
istics are the lowest PNFt and lowest CVt during the entire
recording including transient segments. DT is determined by
CV and PNF.

In Fig. 1(b), the lowest CVt is 216 V at 5.7 cycles the same
as by Method A1. The lowest PNFt is 402 V at 15.6 cycles; it
occurs in the second transition segment. From CVt and PNFt,
calculated DT is Cc.

5) Method A5: In Method A5, the single-event characteris-
tics are the lowest PNFt and lowest CVt during the recording,
but excluding the transition segments. DT is determined by CV
and PNF.

In Fig. 1(b), the lowest CVt is 217 V at 5.95 cycles, the same
as by Method A1. The lowest PNFt is 438 V at 7.65 cycles,
excluding the transition segment. DT is Da from calculated CVt
and PNFt.

6) Method A6: From the recording data, magnitude and PAJ
in each of the three phase-to-neutral voltages are calculated as in
[14]. The three characteristics are obtained from these complex
voltages by SCA. CV is 237 V and PNF is 451 V.

B. Six-Phase Algorithm (SPA)

Using the six-phase algorithm [18], characteristic voltage
(CVt) and PN factor (PNFt) are calculated as a function of
time. CVt is the lowest of the six rms voltages (three phase-
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to-phase voltages and three phase-to-neutral voltages minus the
zero-sequence voltage), PNFt is the highest of the six rms volt-
ages at each moment. The dip type (DTt) is determined at each
instant from the six rms voltages.

VA lowest → Da

VB lowest → Db

VC lowest → Dc

VAB lowest → Cc

VBC lowest → Ca

VC A lowest → Cb (1)

Six methods to calculate the value of the single-event indices
CV, PNF and DT, based on SPA, are compared in this paper.

The six methods below (B1 through B6) are similar to the six
methods (A1 through A6) discussed in the previous sub-section,
with the only difference that the six-phase algorithm is used
instead of the symmetrical-component algorithm to calculate
the characteristics versus time.

The example in Fig. 2(a) shows the three rms voltages ver-
sus time for a measured voltage dip; the three colors refer to
the three phases; the gray bands indicate transition segments.
Figs. 2(b) and (c) show the six rms voltages versus time.

1) Method B1: In Method B1, CV is the lowest of the six rms
voltages during the entire recording. DT and PNF are determined
from the six rms voltages at the instant that this lowest value
occurs.

In Fig. 2(b), the lowest CVt is 701 V at 5.01 cycles, in the first
transition segment. The green line in Fig. 2(b) is VB , it means
DT is Db . PNF, the highest rms voltage at the instant of lowest
CVt, is 765 V, shown in Fig. 2(c). The PNF is the value of VC A

(black line) at this instant.
2) Method B2: In Method B2, the CV is the lowest CVt

during the event excluding the transition segments. DT and
PNF are determined using the six rms voltages at that instant,
i.e., when CVt is lowest. The lowest CVt is 703 V at 7.5 cycles
in Fig. 2(b), the pink line in Fig. 2(b) is VBC , it means DT is
Ca . PNF is 767 V in Fig. 2(b) at instant of the lowest CVt from
Method B2, the red line (VA ) is PN factor versus time.

3) Method B3: In Method B3, CV is the lowest of the six
rms voltages, PNF is the highest of the six and DT is determined
by CVt when the rms voltage is the lowest in any of the three
phase-to-neutral voltages.

The lowest rms voltage is 702 V at 5.0 cycles in Fig. 2(a),
the instant is marked by the red vertical dashed line in Fig. 2(c).
From Method B3, CV is 701.8 V in Fig. 2(b), which is on VB

marked as green line, and dip type is Db . PNF is 765 V in
Fig. 2(c).

4) Method B4: In Method B4, CV and PNF are the lowest
and the highest voltage, respectively among the six rms voltages
during the entire recording including the transient segments.

The example shows CV is 701 V in Fig. 2(b) and PNF is 749
V in Fig. 2(b), during the first transition segment.

TABLE I
CHARACTERISTICS COMPARISON OF THE TWO EXAMPLES IN FIGS. 1 AND 2

Example in Fig. 1 Example in Fig. 2

Method CV PNF DT CV PNF DT

A1 216 443 Cb 701 764 Db

A2 217 443 Cb 704 764 Db

A3 218 443 Cb 701 764 Db

A4 216 402 Cc 701 753 Cc

A5 217 438 Da 704 764 Db

A6 237 451 Db 744 679 Da

B1 230 443 Cb 701 765 Db

B2 230 443 Cb 703 767 Ca

B3 223 443 Cb 702 765 Db

B4 230 438 Cb 701 749 Db

B5 230 442 Cb 703 765 Ca

B6 237 451 Cb 679 744 Ca

5) Method B5: In Method B5, CV and PNF are the lowest
and the highest voltage among the six rms voltages during the
event, excluding transition segments.

The example shows CV is 703 V and PNF is 765 V in
Fig. 2(b) and (c), respectively.

6) Method B6: In Method B6, magnitude and PAJ in each
of the three phase-to-neutral voltages are calculated using the
method proposed in [14]. The six rms voltages are calculated
from these three complex voltages and the six-phase algorithm
is applied to these. CV, PNF and DT are calculated from the
three complex voltages by SPA. CV is 679 V and PNF is 744 V,
DT is Ca as shown in Fig. 2.

It should be noted that Figs. 1 and 2 show two different
voltage dips. The example in Fig. 1 can show the difference A1
to A6 clearly, however, the example cannot show the difference
between B1 to B6 clearly. Therefore two different examples
were used. Table I summarizes and compares the single-event
characteristics as obtained by the 12 methods for the dips shown
in Figs. 1 and 2.

IV. COMPARISON

A. Data Set Used

The 12 characterization methods described in Section IV have
been applied to 259 measured voltage dips. For each dip and
each method, dip type (DT), characteristic voltage (CV) and
PN factor (PNF) have been calculated as a single-event charac-
teristic. Most of the 259 measured voltage dips were obtained
from sites in a resistive or inductive-resistive grounded medium-
voltage network in Sweden or in the UK. Each event recording
contains three phase-to-neutral voltages with 96 or 128 samples
per cycle (SPC); measurement windows are between 8 and 60
cycles. All dips selected for this paper were due to earth faults or
short-circuits in the medium-voltage level or at a higher voltage
level.

A large part of the data set was obtained during a one-month
recording at several tens of sites. Another part was obtained
during a two-year period at a handful of locations. In both cases
the medium-voltage network consisted of a mixture of cables
and overhead lines, whereas the higher voltage levels mainly
consisted of overhead lines.
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TABLE II
PNF COMPARISON FOR SCA-BASED METHODS (IN %)

PNF comparison A2 A3 A4 A5 A6

> 2% A1 7.72 6.18 50.58 20.85 33.98
> 5% 2.32 2.70 22.39 5.79 21.62
> 10% 1.16 1.16 4.25 1.93 17.37
> 20% 0.00 0.39 1.16 0.39 15.44
> 2% A2 5.41 45.17 13.51 32.82
> 5% 1.54 19.69 4.63 21.62
> 10% 1.16 3.86 1.54 18.15
> 20% 0.00 0.77 0.00 15.06
> 2% A3 45.17 14.29 34.75
> 5% 19.69 3.47 22.01
> 10% 2.70 0.77 17.76
> 20% 0.77 0.00 15.06
> 2% A4 33.98 51.35
> 5% 13.90 33.98
> 10% 1.93 20.46
> 20% 0.77 14.67
> 2% A5 33.59
> 5% 23.94
> 10% 18.53
> 20% 14.29

B. Comparison Method

To compare the performance of two methods, a percent-
age difference is calculated for each dip, for example for
the PNF difference between Method Ai and Method Aj

(i, j = 1, . . . . . . , 6):

ρi j =
|PNFi − PNFj |

PNFnor
× 100% (2)

Where, PNFi and PNFj are calculated by Method Ai and
Aj , PNFnor is PNF of the recording before the start of the
voltage dip. Similar expressions hold for CV and for the B
methods.

The fraction of dips is calculated for which this difference
is more than a given percentage; 2%, 5%, 10% and 20% have
been used as percentages in the comparison. To compare the
performance for DT, the percentage of dips with different DT is
calculated.

The comparison is made for the methods A1 through A6 in
Section V.B; for the methods B1 through B6 in Section V.C.
Section V.D compares method A1 with B1, method A2 with
B2, etc.

C. Symmetrical Component Algorithm

Tables II, III and IV compare the six methods based on the
symmetrical component algorithm (SC). CV, PNF and DT are
calculated for all 259 measured voltage dips, using the six meth-
ods (A1 through A6).

1) PN-Factor: The comparison of the resulting PNF values
by method A1 to A6 is shown in Table II.

In Table II, the highlighted cells compare method A2 and A3.
For 5.41% (14 cases) the difference is more than 2%. Similar,
the difference is more than 10% in 3 cases out of 259 (1.16%).
These low values indicate that methods A2 and A3 give similar
results.

TABLE III
CV COMPARISON FOR SCA-BASED METHODS (IN %)

CV comparison A2 A3 A4 A5 A6

> 2% A1 10.04 7.72 0.00 10.04 33.98
> 5% 3.86 4.25 0.00 3.86 28.19
> 10% 2.32 2.32 0.00 2.32 22.01
> 20% 1.16 1.93 0.00 1.16 17.37
> 2% A2 8.11 10.04 0.00 31.66
> 5% 3.47 3.86 0.00 25.87
> 10% 1.16 2.32 0.00 20.85
> 20% 0.77 1.16 0.00 16.99
> 2% A3 7.72 8.11 32.82
> 5% 4.25 3.47 28.19
> 10% 2.32 1.16 21.24
> 20% 1.93 0.77 17.37
> 2% A4 10.04 33.98
> 5% 3.86 28.19
> 10% 2.32 22.01
> 20% 1.16 17.37
> 2% A5 31.66
> 5% 25.87
> 10% 20.85
> 20% 16.99

TABLE IV
DT COMPARISON FOR SCA-BASED METHODS (IN %)

Different DT A2 A3 A4 A5 A6

A1 7.72 11.20 21.24 20.85 37.84
A2 9.27 23.17 22.39 35.52
A3 27.41 16.99 34.75
A4 28.96 40.54
A5 36.68

The difference between A1 and A2 is due to the instant of the
lowest CVt with or without consideration of transition segments.
The results from A1 and A2 are close: rarely more than 5% and
never more than 20%. As A1 is easier to implement (it does
not require detection of the transition segment), this is a more
suitable method.

A4 and A5 are also similar; just like for A1 and A2 the
difference is in the transition segment not being considered in
A5. The differences between A4 and A5 exceed 2% and 5%
more often. Differences exceeding more than 10% are rare.

The biggest differences in PNF are between A6 and the other
methods. The PNF of A6 is calculated from the three com-
plex voltages, not directly from the measured voltage dip. This
method is seen by the authors as not suitable to calculate PNF.

2) Characteristic Voltage: The comparison of the resulting
CV values obtained by methods A1 to A6 is shown in Table III.

In Table III the highlighted cells are the comparison between
method A2 and A3. The differences remain low (2% or less in
92% of cases) but are somewhat bigger for CV than for PNF
(Table II).

The difference between A1 and A2 is that the transition seg-
ment is not considered in A2. The differences between the
methods are small, but again somewhat bigger than for PNF.
The difference between A4 and A5 are however much smaller
for CV than for PNF.
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TABLE V
PNF COMPARISON FOR SPA-BASED METHODS (%)

PNF comparison B2 B3 B4 B5 B6

> 2% B1 3.47 4.25 10.42 6.95 33.20
> 5% 1.16 1.16 1.54 1.54 14.67
> 10% 0.77 0.77 0.77 1.16 8.49
> 20% 0.39 0.39 0.39 0.39 6.18
> 2% B2 5.02 11.20 3.86 33.98
> 5% 0.77 1.54 0.77 14.29
> 10% 0.00 0.77 0.00 8.49
> 20% 0.00 0.00 0.00 5.79
> 2% B3 13.90 3.86 34.75
> 5% 1.54 0.77 14.67
> 10% 0.39 0.39 8.88
> 20% 0.00 0.00 5.41
> 2% B4 12.36 30.50
> 5% 1.16 12.36
> 10% 0.77 6.56
> 20% 0.00 3.86
> 2% B5 33.59
> 5% 13.90
> 10% 9.27
> 20% 5.79

The table also shows that methods A1 and A4 give the same
results for CV; the same holds for A2 and A5. This follows from
the description of the algorithms in Section IV. The methods do
however not give the same results for PNF (Table II) and DT
(Table IV).

Like for PNF, the biggest differences occur between Method
A6 and the other five methods.

3) Dip Type: The comparison of the resulting DT values
obtained by methods A1 to A6 is shown in Table IV.

In Table IV, highlighted cells are the comparison between
method A2 and A3. In 9.27% (24 cases) DT obtained from A2
is different from the one obtained by A3.

The difference is smallest between A1 and A2, only 7.7%
(20 out of 259 cases). The difference between A4 and A5 is
28.96%. Also the differences between A4, A5 and A6 with
other methods are very big: between 1/3 and 1/5 of the dips are
classified differently between the methods.

D. Six-Phase Algorithm (SPA)

A comparison of the six methods based on SPA (B1 through
B6) is shown in Tables V, VI and VII. CV, PNF and DT are
calculated for all 259 measured voltage dips to compare the
different methods.

1) PNF: The comparison of the resulting PNF values ob-
tained by methods B1 to B6 is shown in Table V.

In Table V, highlighted cells are the comparison between
Method B2 and B3. The differences are more than 2% in 13
cases out of 259 (5.02%). There is no case with difference more
than 10%.

The results of methods B1 and B2 are also close. There are
only 3.47% (9 cases) with difference more than 2%, 0.77% (2
cases) with difference more than 10%, and only 0.39% (1 case)
with difference more than 20%. The differences are mainly due
to the lowest value occurring during a transition segment.

TABLE VI
CV COMPARISON FOR SPA-BASED ALGORITHMS (%)

CV comparison B2 B3 B4 B5 B6

> 2% B1 3.86 14.67 0.00 3.86 32.43
> 5% 1.16 7.72 0.00 1.16 20.08
> 10% 0.77 4.25 0.00 0.77 13.51
> 20% 0.39 1.54 0.00 0.39 8.88
> 2% B2 14.29 3.86 0.00 35.14
> 5% 8.49 1.16 0.00 20.85
> 10% 4.63 0.77 0.00 14.29
> 20% 1.54 0.39 0.00 9.65
> 2% B3 14.67 14.29 35.14
> 5% 7.72 8.49 16.99
> 10% 4.25 4.63 10.04
> 20% 1.54 1.54 7.72
> 2% B4 3.86 32.43
> 5% 1.16 20.08
> 10% 0.77 13.51
> 20% 0.39 8.88
> 2% B5 35.14
> 5% 20.85
> 10% 14.29
> 20% 9.65

TABLE VII
DT COMPARISON FOR SPA BASED METHODS (%)

Different DT B2 B3 B4 B5 B6

B1 1.54 10.04 0.00 1.54 21.24
B2 8.88 1.54 0.00 20.08
B3 10.04 8.88 23.55
B4 1.54 21.24
B5 20.08

The difference between B4 and B5 is also due to the lowest
value occurring during a transition segment. The differences are
more than 2%, 5% and 10% in 32, 3 and 2 cases out of 259
(12.36%, 1.16% and 0.77%). PNF results between B4 and B5
are close.

The biggest PNF differences are between method B6 and the
other five methods, shown in the last column Table V. PNF of
Method B6 is calculated by the three complex voltages, not the
measured voltage dip. The differences are more than 2%, and
10% in about 30% and 12% of cases. The differences obtained
by SPA are smaller than for SC algorithm.

2) CV: The comparison of the resulting CV values by
method B1 to B6 is shown in Table VI.

In Table VI, highlighted cells are the comparison between
Method B2 and B3. The percentage is 14.29% (37 cases) that
the difference is more than 2%. Similarly, the differences are
more than 5%, 10% and 20% in 22, 12 and 4 cases out of 259
(the percentages are 8.49%, 4.63% and 1.54%). The difference
between B2 and B3 is small.

The results of methods B1 and B2 are also close. There are
only 3.86%, 1.16%, 0.77% and 0.39% (10, 3, 2 and 1 cases)
cases with difference more than 2%, 5%, 10% and 20%.

The results of methods B4 and B5 are close. There are 3.86%
and 1.16% (10 and 3 cases) cases out of 259 with difference more
than 2%, 5%. There is no case with the difference between B4
and B5 more than 20%.
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TABLE VIII
COMPARISON BETWEEN SCA AND SPA-BASED METHODS (%)

Difference PNF CV DT

A1 and B1 > 2% 16.99 18.15 20.46
> 5% 3.47 10.81
> 10% 1.54 6.18
> 20% 0.39 3.09

A2 and B2 > 2% 20.08 25.10 20.08
> 5% 2.70 10.81
> 10% 1.54 6.18
> 20% 0.39 2.70

A3 and B3 > 2% 11.58 15.06 16.99
> 5% 2.70 7.34
> 10% 1.54 2.70
> 20% 0.39 1.54

A4 and B4 > 2% 37.84 18.15 29.34
> 5% 14.29 10.81
> 10% 3.86 6.18
> 20% 1.16 3.09

A5 and B5 > 2% 29.34 25.10 27.03
> 5% 6.18 10.81
> 10% 2.70 6.18
> 20% 0.39 2.70

A6 and B6 > 2% 35.91 35.14 12.74
> 5% 22.78 23.55
> 10% 15.83 16.60
> 20% 8.88 9.27

A3 and B1 > 2% 12.36 18.15 21.24
> 5% 3.09 10.81
> 10% 2.32 6.56
> 20% 0.39 3.47

The bigger CV differences are between the Method B6 and Bi

(i = 1, . . . , 5), shown in Table V. CV of Method B6 is calculated
by the three complex voltages, not the measured voltage dip.
The smallest differences between B6 and Bi (i = 1, . . . , 5) is
between B6 and B4. The difference between B6 and B3 is more
than 5% in 44 cases out of 259 (16.99%).

3) Dip Type: Based on SP algorithm, six dip types can be
determined by method B1 to B6: type Ca, Cb, Cc, Da, Db and
Dc. Table VII compares the differences of dip types in 259
recorded dips by the six methods.

In Table VII, the highlighted cell is the comparison between
Method B2 and B3. For 8.88% (23 cases) DT is different by B2
and B3.

Similarly, the difference is small between B1 and B2, only
1.54% (4 cases out of 259).

DT difference between B4 and B5 is 1.54% (4 cases).
The biggest DT differences are between Method B6 and the

other five methods, shown in Table VII. The differences are
about 20%.

E. SCA and SPA Comparison

A comparison between similar SCA and SPA-based methods
is shown in Table VIII.

In Table VIII, highlighted cells are the comparison between
method A3 and B3. The differences for PNF and CV are smallest
between A3 and B3; for DT between A6 and B6. For the latter
pair, the difference is much bigger for PNF and CV however.
For all the methods, especially the difference in DT is big.

V. DISCUSSION

A. A6 and B6

Algorithms A6 and B6 are the easiest ones to implement in
combination with residual voltage and phase-angle jump (PAJ)
as in [14]. Both the PAJ and the residual voltage could be im-
pacted by values reached during the transition segment. The
impact of the error on the statistics on PAJ was shown to be
acceptable in [14]. However, the errors occurring in all three
voltages result in a large impact on the three-phase characteris-
tics. The results from algorithms A6 and B6 deviate a lot from
the other five algorithms. Therefore these two algorithms are
considered as not appropriate.

B. Transition Segments

There are four pairs of methods (A1/A2; A4/A5; B1/B2;
B4/B5) that differ only in the way in which the transition
segment is considered. For methods A1, A4, B1 and B4 the
whole recording is considered. For methods A2, A5, B2 and B5
the instant at which the single-event characteristics are deter-
mined cannot fall in a transition segment.

Methods A2, A5, B2 and B5 would be “closer to reality” as
they do not consider the transition segments. But implementing
them would be very difficult as it would require a segmentation
method and there is as yet no single acceptable method for
automatically detecting the transition segment. The duration of
the transition segment is different for different measured dips
and depends on the way in which it is calculated. For this study
we used visual inspection to detect the transition segments. The
difference is shown to be relatively small between A1 and A2,
between B1 and B2, and between B4 and B5. Because of this,
A1, B1 and B4 are suitable methods.

The difference between A4 and A5 is considered as too big
however; A5 would be an appropriate method but is for the time
being too difficult to implement.

C. Existing Standard Methods

Both IEC 6100-4-30 and IEEE Std 1564 use the lowest of the
three rms voltages as a single-event index (“residual voltage” in
IEC; “retained voltage” or “magnitude” in IEEE). Defining DT,
CV and PNF for the same instant (as in Method A3 and B3) will
make the proposed indices more in line with the ones defined
by the existing standards.

The comparison shows that the difference between A3 and
A2 is smaller than between A1 and A2 for PNF and CV, but not
for DT. Note that the results of A2 are “closer to reality” than
the ones of A1 as values during the transition segment are not
considered with A2. As A3 is similarly close to A2 than A1, but
more in line with existing standard methods, A3 is seen as the
most appropriate of the methods based on SCA.

It is also shown that B1 is a lot closer to B2 than B3 for CV
and DT, whereas they both are about equally close for PNF.
Therefore it is considered than B1 is a more appropriate method
than B3.

When comparing methods B3 and B4, with respect to them
giving the same results as B5 (closer to reality, but very diffi-
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cult to implement), B3 is closer for PNF and B4 is closer for
DT. They are about equally close for CV. Both methods have
their deviations and neither of them seems appropriate. Instead
method B1 is considered as the most appropriate among the
methods based on SPA.

D. SCA Versus SPA

The differences between the A methods and the B methods
are shown to be large (Table VIII). It was shown in [18] that
the SCA methods give results closer related to the type of faults
but that these methods are more difficult to implement. The
earlier reasoning resulted in methods A3 and B1 being the most
appropriate ones. The differences between them are large but the
implementation issues are considered a concern. Therefore it is
recommended that two methods are defined in the standards: A3
based on SCA; B1 based on SPA. A different notation should be
used in the standard to distinguish between the two definitions.

E. Future Work

Existing databases do not always have the voltage-dip wave-
forms stored. In that case, none of the discussed algorithms can
be applied. When only the residual voltage according to IEC
61000-4-30 has been stored, there is obviously no way in which
three-phase characteristics like dip type can be extracted.

It is however possible to estimate the phase-to-phase rms
voltage and the dip type from the three phase-to-neutral rms
voltages using the methods described in [22], [24] and [25].
Knowing the three phase-to-phase rms voltages, the phase-to-
neutral voltages minus zero-sequence can be calculated using
basic mathematics. Such methods should be the base for stan-
dardized methods to estimate three-phase characteristics from
three phase-to-phase or phase-to-neutral voltages.

The comparison of the twelve different algorithms was based
on 259 recorded voltage dips. Larger databases (with thousands
of dips) should be used to verify the results from the studies
presented in this paper.

F. Extracting Information

The comparison between the algorithms is made with refer-
ence to their use to quantify the performance of the supply. As
mentioned in Section II, extracting information about the origin
of the event is an additional aim of voltage-dip monitoring. This
will require more extensive sets of characteristics, referred to
as “features” in many studies. At this stage it is not seen ap-
propriate to define sets of features; it is far from clear which
information can be extracted from voltage dips. Further work
is needed towards this. Any standardization at this stage would
merely set barriers against innovation of advanced methods for
automatic analysis.

Here it should also be pointed out that the different methods,
compared in this paper, do give rather different results. This
is a lesser concern for quantifying the performance of the sys-
tem, where it is most important to have a standardized method.
However for extracting information about e.g., fault type and
location, the methods studied in this paper do not seem to be

appropriate as their margin of error is too big. Further work is
needed to find accurate methods for extracting information from
voltage dips, e.g., on the underlying event.

G. Voltages to be Used

The proposed methods can use phase-to-neutral, phase-to-
phase or phase-to-ground voltages. Phase-to-neutral voltages
are used throughout the paper. Zero-sequence voltage is not con-
sidered in the classification approach, so both phase-to-neutral
and phase-to-ground will get the same result. The same CV and
PNF are also obtained by using phase-to-phase voltage, but with
a different dip type (the dip types will change from Type C to D
or from Type D to C).

VI. CONCLUSION

The comparison of the methods presented in this paper shows
that the value of the three-phase characteristics depends strongly
on the calculation method. This is an important argument for
standardization so as to ensure that different monitors give the
same results when calculating the same characteristics.

It is recommended that both method A3 and method B1 are
included in international standard documents: IEC 61000-4-30
and IEEE Std 1564. As the methods can give rather different
results, different terms should be used to refer to these two
definitions.

It is also recommended to develop standard methods to es-
timate three-phase characteristics when only the rms values of
phase-to-phase or phase-to-neutral voltages are available.

Here it should also be noted that there is no such thing as a per-
fect method when it comes to dip characterization as discussed
in this paper. What is more important is to have a consistent
(standardized) method that is possible to implement without too
much difficulties. The two methods proposed in this paper fulfill
those requirements.

Further work is needed towards developing a suitable method
to determine the transition segments for recorded voltage-dip
waveforms and towards methods for extracting information
from voltage dips.
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a  b  s  t  r a  c  t

This  paper  presents  a systematic  approach  to compare  different  methods  for characterizing  voltage  dips
in  a quantitative  way.  A prediction  error is calculated  between measured  and  synthetic  dips  (repro-
duced  from single-event  characteristics  for  the measured  dips)  with  respect to the way  they impact
the  performance  of  a generic  device.  The  proposed  approach  is  illustrated  by comparing  seven differ-
ent  characterization  methods  and  their  ability  to  predict  the minimum  dc-bus  voltage  of  a three-phase
adjustable-speed  drive.  A generic  model  of such a drive is used  for this.  Based  in this comparison  it  is
concluded  that  characterization  method  for dips in three-phase  systems  should  include  unbalance  and
phase-angle  jump.

©  2016  Elsevier  B.V. All rights  reserved.

1. Introduction

Voltage dips are among the most serious power-quality issues
and have received a lot of attention because of their impact on
industrial installations [1–3] and more recently also on production
units [4]. In the latter case the term “fault-ride-through” is more
commonly used.

To  quantify voltage dips, so-called single-event characteristics
have been introduced, where residual voltage and duration are the
ones  most commonly used and defined in IEC 61000-4-30 [5] and
IEEE Std. 1564 [6]. An important reason for using just two  single-
event characteristics is to simplify the reporting of the quality of
supply. It has however been shown by several studies [2,7–14]
that also other properties of the voltage dip (like unbalance, point-
on-wave and phase-angle jump) can have a significant impact on
the  performance of equipment. Additional single-event character-
istics have been proposed to cover this [3,15–22]. Furthermore, it
is  known that a higher number of characteristics will give a more
accurate representation of the event. What has been missing how-
ever is a quantitative comparison to be able to decide relevant grid

∗ Corresponding author. Tel.: +86 13402805679; fax: +86 028 85400976.
E-mail  addresses: 20312028@qq.com (Y. Wang), math.bollen@ltu.se

(M.H.J. Bollen), azam.bagheri@ltu.se (A. Bagheri), xiaoxianyong@163.com
(X.-Y. Xiao), magnus.olofsson@energiforsk.se (M.  Olofsson).

performance characteristics. A transparent comparison is needed
between different sets of characteristics or between different ways
of  calculating a specific single-event characteristic. Enabling such
a  comparison is the main purpose of the work that resulted in this
paper.

There are two  reasons for characterizing voltage dips:

• Extracting  information about, e.g. cause of the dip, location of the
event in the grid, state of the grid when the event occurred.

• Quantifying the performance of the grid.

The  latter is the main driver behind voltage-dip characteriza-
tion. Quantification of the performance of the grid should be related
to the way in which dips impact equipment connected to the grid.
Comparing different characterization methods is possible by relat-
ing  to which extent the different sets of characteristics predict the
impact of the actual dip on equipment connected to the grid. There
is  however a wide range of equipment sensitive to voltage dips
and it will not be practically possible to cover all of them for a
general comparison of characterization methods. Instead, generic
equipment models are needed for the comparison.

This paper proposes a qualitative approach to compare dif-
ferent characterizing methods for voltage dips. The comparison
is made based on the ability of a characterizing method to pre-
dict equipment behaviour. Although a range of characterization

http://dx.doi.org/10.1016/j.epsr.2015.12.032
0378-7796/© 2016 Elsevier B.V. All rights reserved.
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Fig. 1. The proposed method for comparing different characterization methods. (a)
Measured dip Vr . (b) Synthetic dip V1 from Method 1. (c) Synthetic dip V2 from
Method  2. (d) Synthetic dip V3 from Method 3. (e) Synthetic dip V4 from Method 4
(f) Synthetic dip V5 from Method 5. (g) Synthetic dip V6 from Method 6. (h) Synthetic
dip  V7 from Method 7.

methods have been proposed, no quantitative comparison has been
made due to the lack of a method for doing such a comparison.
The proposed approach is illustrated by comparing seven differ-
ent characterization methods using 235 sets of measured voltage
dip applied to a simulation model of an adjustable-speed drive.
Section 2 gives an overview of the proposed approach together
with the quantifier and the generic equipment model used to illus-
trate the approach. Seven different ways of characterizing dips are
presented in Section 3 and used for this illustration. The compari-
son of these seven methods is presented in Section 4, followed by
discussion (Section 5) and conclusions (Section 6).

2. The comparison approach

2.1. The overall approach

The overall approach is shown in Fig. 1, where Vr is a measured
voltage waveform (left-top). A characterization method consists of
a  set of single-event characteristics and the way in which they are
calculated. Using these characteristics, a synthetic voltage dip is
build (right-top) for each characterization method, the waveform
of which is referred to as Vi with the subscript i referring to the
characterization method. The impact on a generic device is calcu-
lated for the actually measured dip and for the synthetic dips. With
this aim, both the measured voltage dip Vr and all the synthetic
waveforms Vi are applied to a generic equipment model Values for
a  performance index (�r for the measurement, �i for the synthetic
dip) are calculated. The difference between �r and �i is used to
compare the characterization methods.

The prediction errors are calculated that quantify the accuracy
with which the synthetic dip predicts the impact of the actual dip
on  the device. This is repeated for many recorded dips and for the
different characterization methods. The statistics of the prediction
errors are used to compare those methods. The approach will be
illustrated in Section 4 for a specific general device model (to be
introduced in Section 2.2) and for a specific aspect of the perfor-
mance (Section 2.3). Seven different characterization methods for
dips  in a three-phase system (to be introduced in Section 3) will be
compared for this illustration.

The  voltage dips used for the study presented in this paper, were
all obtained from field measurements using commercial power-
quality monitors in two European medium-voltage networks in
two  different countries. The recordings were all scaled to a nom-
inal voltage of 400 V. Voltage waveforms were obtained for the
actual dip and for a number of cycles before and after the actual
dip. The same frequencies used were 96 and 128 samples per cycle.
In  theory it would be possible to use simulations for this approach,

but that would require a very detailed model including all the
load impact and other random variations that impact voltage dip
waveforms.

2.2. Generic device model

For the same general type of equipment, different manufac-
turers often implement different hardware components, different
topologies and different control algorithms. To predict the impact of
voltage  dips on a specific device, it is important to include all those
details. However to compare characterization methods, a generic
device model is more appropriate. Such a model should include the
main  properties of the device with respect to voltage dips, with-
out the need to obtain manufacturer-specific data. To illustrate
the comparison approach, a generic device model of a three-phase
adjustable-speed drive is used. To predict the impact of voltage
dips on a specific device, assessing the key parameter performance
is the usual way proposed in the literature [2,13]. The drop in dc
bus voltage which results from the sag will cause maloperation or
tripping of the drive controller or of the PWM  inverter. Dc voltage
is an important parameter for ASD and is the analyzed parameter
in this paper. The model is built in Matlab/Simulink, with the same
parameters as in Ref. [13]; see details in Appendix A and Fig. 11. The
model consists of a three-phase rectifier followed by a capacitor and
a  constant-power load. It was shown in Ref. [14] that this model is
able  to describe the impact of balanced and unbalanced dips on the
dc  bus voltage. The main cause of device failure is the unwanted
tripping of the under-voltage protection of the dc bus. The capac-
itor size is important for the equipment performance during the
voltage dip. Three values of the capacitor (75, 165, and 360 �F/kW,
as in Refs. [1,14]) are used in this study.

2.3. Prediction error

The impact of the measured and synthetic voltage dips on the
generic device is quantified through the value of the lowest dc-
bus voltage during the voltage-dip event. The lower this value, the
higher the probability that the under-voltage protection trips. A
lower voltage will also give higher post-dip inrush current and
therewith a higher probability that the overcurrent protection will
trip  the device. A lower dc-bus voltage will also increase the impact
on motor torque and speed. The lowest dc bus voltage under the
measured voltage dip is represented by �(r) and the lowest value
under the synthetic voltage dips for characterization method i is
represented by �(i), as shown in Fig. 1.

The smaller the difference between these two values, the better
the characterization method in predicting the device performance.
To quantify this ability of the characterization method to predict
equipment performance, two  quantities are introduced: the “abso-
lute prediction error”:

ıi = �(i) − �(r)

�nom
× 100% (1)

And  the “relative prediction error”:

εi = �(i) − �(r)

�(r)
× 100% (2)

�nom is the average value of the dc bus voltage before the dip.
When  �(i) − �(r) is positive, the predicted value of the minimum

dc-bus voltage is larger than the one in reality. The synthetic dip is
thus  less severe for the equipment than the measured dip: i.e. the
characterization method underestimates the severity of the dip.
Similarly, when �(i) − �(r) is negative, the characterization method
overestimates the severity of the dip.
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Table 1
Summary for seven characterization methods.

Characteristics Number of
characteristics

Base

Method 1 Three residual voltage, duration 4 Phase-to-neutral
voltageMethod 2 The lowest residual voltage, duration 2

Method 3 Three residual voltages, three phase angle jumps, duration 7
Method 4 The lowest residual voltage, the largest phase angle jump,

duration
3

Method 5 The residual voltage calculated from the phase-to-phase
voltages, duration

2 Phase-to-phase voltages

Method 6 Dip type, characteristic voltage (magnitude and phase angle)
and  PN Factor (magnitude and phase angle), duration

6 Symmetrical component
method  or six phase method

Method 7 Dip type, characteristic voltage (magnitude and phase angle)
and  PN Factor (only magnitude), duration

5

3. Synthetic voltage dips from different methods of
characterization

Synthetic voltage dips are built from the single-event charac-
teristics of the characterization methods that are being compared.
This section presents the procedure to build these synthetic dips
for seven characterization methods.

The standard method, using residual voltage (or depth) and
duration, is one of those being considered. The seven methods
are summarized in Table 1. All methods use duration as defined
in IEC 61000-4-30 and IEEE 1564; magnitude, phase-angle jump
and type of unbalanced dip are defined in different ways for the
different characterization methods. The procedure to build the
synthetic voltage dip for each of the characterization methods
is introduced in Sections 3.1–3.7. For each method, the starting
and ending instants are defined by the threshold crossing as in
IEC 61000-4-30. Dip characteristics versus time are assumed as
constant during the duration of the dip. The resulting synthetic
dips are compared, for one measured dip, as an illustration in
Section 3.8.

3.1. Method 1: Unbalanced dip

The single-event characteristics for this method are duration and
residual voltage for each of the three phase-to-neutral voltages. The
residual voltage is calculated for each of the three voltages (“voltage
channels”) as defined in IEC 61000-4-30 and IEEE 1564, as if they
were three individual dips.

Based on these characteristics, a synthetic voltage dip is built as
in Eq. (3): VA, VB, VC are the residual voltages for the three voltage
channels. Zero phase-angle jump (PAJ) is assumed for each of the
three voltages.

v(1)
a (t) =

√
2VA sin(ωt)

v(1)
b

(t) =
√

2VB sin(ωt − 2/3�)

v(1)
c (t) =

√
2VC sin(ωt + 2/3�)

(3)

3.2. Method 2: Balanced dip

The single-event characteristics used in this method are residual
voltage and duration as defined in IEC 61000-4-30 and IEEE Std.
1564. The associated synthetic dip is described in Eq. (4), where
Vres is the residual voltage.

v(2)
a (t) =

√
2Vres sin(ωt)

v(2)
b

(t) =
√

2Vres sin(ωt − 2/3�)

v(2)
c (t) =

√
2Vres sin(ωt + 2/3�)

(4)

3.3. Method 3: Unbalanced dip with PAJ

This method uses the three residual voltages (as in method 1)
together with the PAJ for each of the three voltage channels. The PAJ
has been calculated, for each of the three voltages, as the highest
value of the phase angle versus time (in absolute value) as proposed
in Ref. [20].

The  synthetic voltage dip is described as in Eq. (5): �A, �B, �C
are the highest phase-angle jumps (in absolute value) for the three
measured voltages.

v(3)
a (t) =

√
2VA sin(ωt + �A)

v(3)
b

(t) =
√

2VB sin(ωt − 2/3� + �B)

v(3)
c (t) =

√
2VC sin(ωt + 2/3� + �C )

(5)

3.4. Method 4: Balanced dip with PAJ

This method uses one residual voltage (as in IEC 61000-4-30) and
one PAJ. The PAJ for the event is the largest (in absolute value) of
the PAJ in the three voltage channels. The synthetic voltage dip is
described in Eq. (6).

v(4)
a (t) =

√
2Vres sin(ωt + �)

v(4)
b

(t) =
√

2Vres sin(ωt − 2/3� + �)

v(4)
c (t) =

√
2Vres sin(ωt + 2/3� + �)

(6)

3.5. Method 5: Balanced dip with residual voltage from
phase-to-phase voltages

This method is very similar to Method 2, but instead of the
phase-to-neutral voltages the phase-to-phase voltages are used for
the  characterization.

The synthetic voltage dip is presented in Eq. (7), where V ′
res is

the residual voltage calculated from the phase-to-phase voltages.

v(5)
a (t) =

√
2V ′

res sin(ωt)

v(5)
b

(t) =
√

2V ′
res sin(ωt − 2/3�)

v(5)
c (t) =

√
2V ′

res sin(ωt + 2/3�)

(7)

3.6. Method 6: Dip type, characteristic voltage, PAJ and PN factor

This method is based on the classification of voltage dips in
different types and the introduction of the “characteristic volt-
age” (symbol V) and the “PN factor” (symbol F) as proposed in
Ref. [17]. The characteristic voltage is proposed as an alternative
to the residual voltage and defined as a single-event characteristic
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in IEEE Std. 1564 [6]. The PN factor is a measure of the unbal-
ance of the event: the lower the magnitude of the PN factor,
the more balanced the dip. For single-phase and phase-to-phase
faults, the magnitude of the PN factor is close to the pre-event
voltage. For two-phase-to-ground faults in solidly-grounded sys-
tems, the drop in the PN factor is about one third of the drop
in characteristic voltage. For three-phase faults, the PN factor is
equal to the characteristic voltage. The exact definition of the
PN factor is given in Ref. [17] and beyond the scope of this
paper.

Appling the six-phase algorithm as introduced in Ref. [16], the
characteristic voltage and PN factor are obtained as complex num-
bers versus time. The angles of characteristic voltage and PN factor
in the complex plane are obtained as the largest (in absolute value)
phase angle resulting from the characteristic voltage or PN factor
during the event [20]. The dip type is obtained from the rms  voltage
in the six-phase method that shows the lowest value. Type A is an
equal drop in the three phases, type C is a drop in two phases and
type D is a large drop in one phase with a small drop in other two
phases. Type Da is a drop in phase a, Type Ca is a drop in phase b
and c, etc. [16,17].

The  complex characteristic voltage can be described as
V = |Vmag|sin(ωt + �1). Similarly, the complex PN factor is written
as F = |Fmag|sin(ωt + �2). The synthetic dip for Type Da is obtained as

follows:

v(6)
a (t) = |Vmag| sin(ωt + �1)

v(6)
b

(t) = −0.5|Vmag| sin(ωt + �1) −
√

3/2|Fmag| sin(ωt + �2 + �/2)

v(6)
c (t) = −0.5|Vmag| sin(ωt + �1) +

√
3/2|Fmag| sin(ωt + �2 + �/2)

(8)

Type Ca is obtained as follows:

v(6)
a (t) = |Fmag| sin(ωt + �2)

v(6)
b

(t) = −0.5|Fmag| sin(ωt + �2) −
√

3/2|Vmag| sin(ωt + �1 + �/2)

v(6)
c (t) = −0.5|Fmag| sin(ωt + �2) +

√
3/2|Vmag| sin(ωt + �1 + �/2)

(9)

Type A is obtained as follows:

v(6)
a (t) = |Vmag| sin(ωt + �1)

v(6)
b

(t) = −0.5|Vmag| sin(ωt + �1) −
√

3/2|Vmag| sin(ωt + �1 + �/2)

v(6)
c (t) = −0.5|Vmag| sin(ωt + �1) +

√
3/2|Vmag| sin(ωt + �1 + �/2)

(10)

Fig. 2. Example of a measured voltage dip and seven kinds of synthetic voltage dips.
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Fig. 3. Relative prediction error for Method 1 versus residual voltage.

3.7. Method 7: Dip type, characteristic voltage and PAJ

This method is a simplified version of Method 6: the PN factor is
assumed equal to the pre-event voltage in both magnitude and phase
angle. The other single-event characteristics and synthetic dip are
obtained in the same way as for Method 6.

Considering the PN factor equal to the pre-fault voltage |Fpremag|,
Eqs. (8)–(10) can be rewritten as Eqs. (11)–(13) for type Da, type Ca
and Type A, respectively.

v(7)
a (t) = |Vmag| sin(ωt + �1)

v(7)
b

(t) = −0.5|Vmag| sin(ωt + �1) −
√

3/2|Fpremag| sin(ωt + �/2)

v(7)
c (t) = −0.5|Vmag| sin(ωt + �1)

+
√

3/2 sin(ωt + �/2) sin(ωt + �/2)
(11)

v(7)
a (t) = |Fmag| sin(ωt)

v(7)
b

(t) = −0.5|Fpremag| sin(ωt) −
√

3/2|Vmag| sin(ωt + �1 + �/2)

v(7)
c (t) = −0.5|Fpremag| sin(ωt) +

√
3/2|Vmag| sin(ωt + �1 + �/2)

(12)

v(7)
a (t) = v(6)

a (t)

v(7)
b

(t) = v(6)
b

(t)

v(7)
c (t) = v(6)

c (t)

(13)

3.8. Example of synthetic voltage dips

An example of a measured voltage dip and the seven synthetic
voltage dips, corresponding to the seven characterization methods,
is shown in Fig. 2. The measured voltage dip shown in Fig. 2(a)
is with the three residual voltages 0.21, 1.31 and 1.44 per unit,
indicated by red, blue and green respectively. The three phase
angle jumps are 5.23◦, −25.19◦ and 17.39◦. Fig. 2(b)–(e) can be
built according to the characteristics as explained in the previ-
ous sections. For Fig. 2(f), the residual voltage obtained from the
three phase-to-phase voltages is 384 V, while the residual volt-
age obtained from the phase-to-neutral voltages is 95 V. The large

Fig. 4. Relative prediction error for Method 2 versus residual voltage.

Fig. 5. Relative prediction error for Method 3 versus residual voltage.

difference is due to the zero-sequence voltage; the rms  of the zero-
sequence voltage is about 290 V during the dip. For Fig. 2(g) and (h),
the  rms  of the characteristic voltage is 449 V and 384 V, before and
during dip; the rms  of the PN factor is 453 V and 447 V before and
during dip.

Three-phase unbalance is reproduced by Method 3, 6 and 7;
Fig. 2(d), (g) and (h). The difference between Method 3, Fig. 2 (d),
and the other two  methods is that Method 3 also reproduces the
zero-sequence voltage. This explains the clearly different synthetic
dips for these methods.

4. Comparison

Figs. 3–9 show the relative prediction error for the seven char-
acterization methods for 235 measured voltage-dip events. Those
235 dips were classified as 25 dips of type A (balanced dip), 98
dips of type C (main drop in two voltages) and 112 dips of type
D (main drop in one voltage), by the six-phase method proposed
in Ref. [16]. The scatter points in three different colours in the fig-
ures represent the performance error for small, medium and large
capacitor (as defined in Section 2.2).

4.1. Method 1: Unbalanced dip

Fig. 3 shows that Method 1 gives up to about 20% predic-
tion error. The capacitor size does not impact the error for most
dips. But for some dips the error is significantly larger for smaller
capacitor size. Errors bigger than 10%, occur for 32 events out of
235 for small capacitor (red stars), for 6 events for medium-sized
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Fig. 6. Relative prediction error for Method 4 versus residual voltage.

Fig. 7. Relative prediction error for Method 5 versus residual voltage.

Fig. 8. Relative prediction error for Method 6 versus residual voltage.

Fig. 9. Relative prediction error for Method 7 versus residual voltage.

capacitor (blue circles), and for 2 events for large capacitor (green
dots). It means the synthetic rectangular unbalanced dip describes
reality within 10% in most cases. Secondly, the performance
obtained from the characteristics is on average equally severe as
reality. For small capacitor size, positive errors dominate, whereas
negative errors dominate for large capacitor size. Lastly, there is no
clear  correlation between residual voltage and prediction error.

4.2. Method 2: Balanced dip

Fig. 4 shows the prediction error for Method 2. The synthetic
voltage is defined by just two  characteristics: residual voltage and
duration. The error is more than 50% in 10 cases out of 235 and
is much bigger than for Method 1. The characterization is clearly
incomplete, because all dips are characterized as balanced dips.
Method 2 gives on average an underestimation of the dc-bus volt-
age and thus an overestimation of the dip severity. The prediction
error is positive in 20 events out of 235, for small capacitor. Almost
all these 20 events are shallow balanced dips. Finally, there is an
obvious correlation between residual voltage and error. The lower
residual voltages are associated with bigger errors. The unbalance
of the dip is an important contributing factor to the prediction error.
As  the lowest of the three voltages is used to characterize the event,
this method gives in most cases an overestimation of the severity
of the event.

4.3. Method 3: Unbalanced dip with PAJ

Fig. 5 shows the prediction error for Method 4. Fig. 5 is to be
compared with Fig. 3, the difference being that the PAJ is considered
in Fig. 5. The prediction error becomes smaller when the PAJ is
included as a single-event characteristic. All the errors in Fig. 5 are
less than 10%. The error is more than 5% in only 20 cases out of 235,
for small capacitor. There is an equal distribution between positive
and negative prediction errors.

The cluster of dips with large prediction errors for small capac-
itors, in Fig. 4, has disappeared. These appear to have been due to
dips with large PAJ.

4.4. Method 4: Balanced dip with PAJ

Fig. 6, the prediction error for Method 4, shows a similar pattern
as Fig. 4. Including a single PAJ next to residual voltage and duration
does not reduce the prediction error.

4.5. Method 5: Balanced dip from phase-to-phase voltages

Using the lowest phase-to-phase voltage (Fig. 7) gives a clear
improvement compared to using the lowest phase-to-neutral
voltage (Fig. 4), but large prediction errors still occur, because
unbalance is not included. The method can still not compete with
Method 1 or Method 3.

The  prediction error is more than 10% in 13 cases out of 235, for
small capacitor. It is also worth noticing that this method gives an
average underestimation of dip severity for small capacitor but an
average overestimation for medium or large capacitor.

4.6. Method 6: Complex characteristic voltage and PN factor

The scatter points in Fig. 8 (for Method 6) show smaller pre-
diction error than by using Method 5. The prediction error is more
than 10% in only 7 cases out of 235, for small capacitor and even
better for medium-sized and large capacitor. This method gives an
equal distribution between over- and underestimation of the dip
severity.
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Fig. 10. Boxplots of relative prediction error for small capacitor (top), medium
capacitor  (middle) and large capacitor (bottom).

Table 2
Error  in predicted number of equipment trips (in %) for seven characterization meth-
ods (M1–M7), three capacitor sizes (S, M,  L) and three threshold settings (40%, 70%
and 85%).

M1  M2  M3  M4 M5  M6  M7

85% (S) −6.81 12.34 −1.28 8.94 −7.23 −4.26 −3.40
85%  (M)  0.43 17.45 6.81 20.85 −2.98 2.98 2.13
85%  (L) 1.28 20.00 0.85 19.57 −2.13 4.26 −2.13

70%  (S) −1.28 8.51 0.43 7.23 0.00 0.43 1.28
70%  (M)  −2.98 7.23 0.43 7.23 2.13 0.43 −1.28
70%  (L) 2.98 18.30 −0.43 18.72 5.96 −0.43 −2.55

40%  (S) −0.85 1.70 0.00 1.70 0.43 0.43 −0.43
40%  (M)  −0.85 3.40 0.00 3.83 1.28 0.43 −0.85
40%  (L) 0.00 3.40 0.00 3.40 0.85 0.00 0.00

4.7. Method 7: Complex characteristic voltage

Method 7 is with similar characteristics as Method 6, except the
PN factor, which is not part of Method 7. As shown in Fig. 9, the
relative prediction error for Method 7 is somewhat bigger than for
Method 6, but not significantly. The prediction error is more than
10% in only 7 cases out of 235, for small capacitor. The error is more
or less equally distributed between positive and negative values;
but with some overrepresentation of positive error for medium-
sized capacitor.

5. Discussion

5.1. Comparison of the methods

The boxplots of the relative prediction error are shown in Fig. 10
for  the seven methods with three capacitor sizes (Table 2). Table 3
summarizes the advantages and limitations of each method.

Considering  the three capacitor sizes, Method 3 (unbalanced
with PAJ) and Method 6 (complex characteristic voltage and PN fac-
tor)  are the ones with the smallest error. Both Method 3 and Method
6  include unbalance and phase-angle jump. The equipment is sensi-
tive to phase-angle jump, so the methods considering phase-angle
jump give a better prediction. The difference is that Method 3 mod-
els the three voltage channels directly, whereas Method 6 is based

Table 3
Summary of the advantages and limitations of each methods.

Advantages Limitations Accurate
prediction sorting

Method 1 Four characteristics
can  exactly
describe the
measured dip in
most  cases

Lots of calculation 4

Method 2 Less characteristics
and  less calculation

Not adequate to
describe  the
measured voltage
dip

6

Method  3 Exactly describe
the  measured dip
and  accurate
prediction

Lots  of calculation 1

Method 4 Less characteristics
and  less calculation

Not adequate to
describe  the
measured voltage
dip

6

Method  5 Better performance
prediction

Not  considers
unbalance

5

Method  6 Accurate prediction More
characteristics are
needed

2

Method  7 Accurate
prediction, and less
characteristics  are
needed  than
Method 6

A larger prediction
error  than Method
6

3

on a classification in different dip types. Method 3 gives a slightly
more accurate prediction of equipment performance than Method
6.  The difference is small however: Method 6 has somewhat more
outliers.

Method 5 (lowest phase-to-phase voltage) is significantly bet-
ter than Method 1 (lowest phase-to-neutral voltage). This confirms
the recommendations given by several international organizations,
that the phase-to-phase voltages should be used for voltage-dip
statistics. Method 5 however still not considers unbalance and
methods considering unbalance have a significantly better perfor-
mance again.

Method 2 (balanced) and Method 4 (balanced with PAJ) give
the highest prediction error. Method 2 is the one most commonly
used in practice and in accordance with standards when phase-
to-neutral voltages are monitored. For small capacitor, Method
2 and 4 show both over-estimation and under-estimation. When
equipped with medium and large capacitor, the errors are mainly
over-estimation. Including the PAJ does not give any reduction in
prediction error as long as only one value is used for the three
voltage channels.

Method 3 (unbalanced with PAJ) gives a significantly better
performance than Method 1 (unbalanced without PAJ). It is thus
important to include PAJ in the voltage-dip characteristics together
with unbalance of the rms  voltages.

Instead of characterizing the dip by means of three voltage mag-
nitudes or three complex voltages, a classification of unbalanced
dips can be used. Two such methods have been included in the com-
parison. Method 7 (complex characteristic voltage) gives a larger
prediction error than Method 6 (complex characteristic voltage and
complex PN factor). The difference is however small and from the
results shown here there is no strong case to include the PN factor
as a dip characteristic.

Summarizing, Methods 3, 6 and 7 are recommended to be
used for development work towards new standardized single-
event characteristics. Methods 1, 2, 4 and 5 are not able to predict
equipment performance sufficiently accurate and are therefore not
considered sufficient to characterize a voltage dip.
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Fig. 11. The model of the power supply to a three phase equipment.

5.2. Impact of capacitor size

The impact of capacitor size on the prediction error is shown in
Fig. 3 through Fig. 9 through scatter points in three different colours.
The three capacitor sizes used are 75, 165, and 360 �F/kW, which
are the same values as used in Refs. [1] and [14].

For  most characterization methods, the prediction error is big-
ger for equipment with a small capacitor than with a large capacitor.
Equipment with a small capacitor is in general more sensitive to
voltage dips, so that one can conclude that the error is bigger for
more sensitive equipment. For sensitive equipment an even more
detailed characterization than according to Method 3 or 6 may  be
needed. It is also concluded that more detailed equipment mod-
els may  be needed for a comparison of different characterization
methods, as well as models for other types of equipment.

5.3. Alternative indicators for comparison

The characterization methods were compared in Fig. 10 through
the probability distribution of the prediction error. An alternative
is to compare the number of equipment trips for the measured
and for the synthetic dips. That requires a model of the tripping
mechanism. Here it is assumed, again as a generic model, that the
equipment would trip instantaneously when the dc-bus voltage
drops below a certain threshold. Threshold values equal to 40%,
70% and 85% of nominal have been used.

The prediction errors for seven methods, three thresholds and
three capacitors are shown in Table 1. For the 235 measured volt-
age dips, there are 62 causing tripping when the threshold is 70%
and the small capacitor. The synthetic dips from Method 2 resulted
in 82 sets leading to tripping. The prediction error is in this case
20 out of 235 or 8.51%. It shows that the higher thresholds give a
larger prediction error. Methods 2 and 4 show the highest predic-
tion error.

A  comparison was also made of the number of over- and under-
estimations for non-shallow dips (less than 80% residual voltage)
only. The reasoning behind this was that it is in general relatively
easy to make equipment tolerate shallow dips. Their characteri-
zation would therefore be of less importance. It was shown that
the number of over-estimations was rather similar for the different
methods; the number of underestimations was low for Methods 2
and  5.

6. Conclusions

An approach has been developed by which different methods
for voltage-dip characterization can be compared in a quantitative
way. The approach is based on a quantification of the ability of
the single-event characteristics associated with a characterization
method to predict equipment performance. It has been applied to
seven  different characterization methods and it is shown that clear

conclusions about these methods can be drawn using the compar-
ison approach.

Best performance is obtained by those methods that include
both three-phase unbalance and phase-angle jump (Methods 3, 6
and  7). The commonly used standard methods, using only residual
voltage and duration, show a much worse performance. Based on
this  conclusion it is recommended that standards like IEC 61000-
4-30 and IEEE Std. 1564 include single-event characteristics that
quantify phase-angle jump and unbalance. It is also shown that
alternative ways of comparison can give different results. For a
complete evaluation of characterization methods, different ways
should be included before a decision can be made.

The  following needs for future work have been identified in this
study:

• Apply  the method to different types of equipment, including
single-phase equipment; use more detailed equipment models
and  even laboratory tests.

• Include  other performance indicators next to dc-bus undervolt-
age,  like dc-bus overvoltage and ac-side overcurrent.

• Use  larger data sets and data from other locations to compare
the  different characterization methods. Especially for severe dips,
those that more likely impact equipment, more data is needed.

Similar methods may  be developed for voltage swells, voltage
transients and other types of power-quality disturbances.
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Appendix A. Appendix A: Model used for adjustable-speed
drive

The Simulink model used is illustrated in Fig. 11. The grid has
been modelled as an ideal voltage source with the same waveform
as the measured voltage dip and a pre-event voltage equal to 400 V,
phase-to-phase. This voltage is applied to the grid-side of the ac/dc
converter.

The converter is modelled as an ideal six-pulse diode rectifier,
with 2.6 mH/phase inductor on ac side a 30 �H inductor on dc side.

Three values of the dc-bus capacitor were used, corresponding
to 75, 165, and 360 �F/kW.

The dc/ac converter has been modelled as a two-level
PWM inverter, with 400 V, 50 Hz output voltage. The simulation
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performed using a simplified the control scheme with an open loop
V-Hz controller for the drive.

The motor load has been modelled as a 4-kW induction motor
with the following parameters:

• Stator  resistance 1.8023 �
• Stator  inductance: 5.84 mH
• Rotor  resistance: 1.395 �
• Rotor  inductance: 5.84 mH
• Magnetizing  inductance: 172.2 mH.
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Abstract—This paper verifies the dynamic behavior of DFIG-
based wind turbines in presence of voltage dips or transient 
due to various origins such as: electrical faults, transformer 
energizing, capacitor energizing and cable energizing. These 
different origins result in different characteristics of voltage 
dip in term of, residual voltage, duration, dip type, harmonic 
distortion and so on. Each of this characteristics has different 
impacts on electrical parameters of the wind turbines. The 
voltage dip ride-through capability of the wind turbine 
installations is provided by grid-codes which are derived 
based on electrical fault origin voltage dips by considering 
only two characteristics of voltage dips including residual 
voltage and duration.   
The DFIG-based wind turbine is simulated in 
MATLAB/Simulink environment to investigate the dynamic 
behavior of the critical electrical parameters of the wind 
turbine including DC-link voltage and rotor current. The 
simulation results show that some shallow dips which are align 
with grid-code requirements may lead to unwanted trips 
because of heating problem and crowbar system activation.  

Keywords-wind power integration, fault-ride-through, 

voltage dips, power transmission systems 

I.  INTRODUCTION 
Sufficient fault-ride-through of production units is an 

essential condition for ensuring transmission-grid stability 
and operational stability. For transmission systems with a 
substantial amount of wind power, requirements on fault-
ride –through are needed for wind-power installations as 
well and not only for conventional units. The importance of 
such requirements has been well understood and most 
transmission-system operators have them in place. In 
Europe, an attempt at harmonization is made through the 
grid code with requirements for generators. 

Voltage dips (a serious reduction in voltage magnitude 
lasting up to a few seconds) form a widely studied and 
discussed phenomenon in the power-quality field. The 
impact of these voltage dips on the wind turbines and on the 
installation as a whole determines the fault-ride-through of 
the installation. Voltage dips are viewed as two-dimensional 
phenomena (magnitude and duration) in most fault-ride-
through documents; but in the power-quality field they are 
studied often as multi-dimensional phenomenon, including 

additional characteristics like voltage unbalance, point-on-
wave and phase-angle jump.  

This paper will give an overview of the different 
characteristics of voltage dips, as they are studied within the 
power-quality field, and the way in which they affect wind 
turbines. The emphasis will be on the additional 
characteristics (beyond magnitude and duration) and on 
wind turbines with power-electronics interface (double-fed 
induction generators and turbines with full-power inverters).  

It is shown in the paper, that knowledge on these 
additional characteristics and the way in which they impact 
the turbines, is important information for improving fault-
ride-through of wind-power installations and hence to 
continue guaranteeing transmission-system stability and 
operational security. 

II. FAULT-RIDE-THROUGH AND VOLTAGE DIPS 

A. Fault-Ride-Through 
The concept of “Fault-ride-through” became important 

when it was realized that certain events in the transmission 
grid could potentially affect all production units over a large 
geographical area or even throughout the whole 
synchronous system. The latter is the case for frequency 
deviations and was a contributing factor to the Italian 
blackout in 2003 and the loss of load in the Western part of 
the European grid after the system splitting in 2006 [1]. The 
‘voltage dip’ or ‘voltage sag’ is one of the most disruptive 
power quality events which may lead to unwanted wind 
turbine trips. The unwanted trip of individual wind power 
generator may result in instability in system, where the 
unwanted trip of large wind turbine installations may impact 
both reliability and stability of the surrounding power 
network. To avoid such crucial impacts, the grid codes have 
been developed to ensure fault-ride through capability of 
wind turbines. There are different origins for voltage dips 
including: electrical faults, transformer energizing, large 
motor starting, load switching. The different origins result in 
different voltage dip characteristics. Current grid-codes are 
developed based on fault origin balanced voltage dips by 
considering only residual voltage and duration.  



Forth coming section explains different characteristics of 
voltage dips or voltage transition caused by different origins. 

B. Voltage Dips due to Electrical Faults 
The most sever voltage dips are due to electrical faults. 

The electrical faults result in either balanced or unbalanced 
voltage dips. The rms voltages of these dips are usually in 
rectangular shape. Thereby routine power quality standards 
and also developed grid-codes, consider only two voltage 
dip characteristics: residual voltage and duration. The 
voltage dip magnitude and duration characteristics are 
considered as length and width of such rectangle, 
respectively. However, in literature other characteristic have 
been introduced for electrical fault origin dips, particularly 
unbalanced dips, such as: dip type, phase-angle jump (PAJ) 
and point on wave (POW) characteristics.  

Followings presents the definition of each of these 
characteristics from power quality point of view.  

Voltage dip magnitude: This characteristic is 
determined by the fault impedance value. The smaller fault 
impedance results in the larger voltage dip magnitude or 
lower residual voltage. 

Voltage dip duration: this characteristic depends on the 
protection system operation and determined how long the 
dip event was lasting. The faults in transmission level result 
in longer voltage dip. 

Voltage dip type: the voltage dips can be divided into 
two main types: balanced or unbalanced dips.  

The balanced voltage dip (Type A) is caused by 
symmetrical electrical fault. The voltage dip magnitude and 
duration characteristics are almost the same in three phasors. 

The unbalanced dips (Type C or D) are subject to 
asymmetrical faults (single-phase, single-phase-to-ground, 
two-phase, two-phase-to-ground faults). Type C is 
corresponding to dips with significant voltage drop in two 
phasors and Type D is corresponding to dips with significant 
voltage drop in only one phasor.   

Voltage dip PAJ:  

Voltage dip Pow: 

The rms voltages are the best representation of dips in 
term of voltage dip magnitude and duration characteristics.  

The space-phasor model is an efficient representation of 
unbalanced dips. the direction of semi-major axis 
distinguishes different types of voltage dips. The semi-minor 
axis is a good measure for average voltage drop between all 
three phasors.  

The POW and PAJ characteristics of voltage dips are 
easily visualized by voltage dip waveforms. However, the 
sinusoidal waveforms are not good basis for calculating 
such characteristics. 

The waveform, rms voltage and space phasor model of 
one typical voltage dip is shown in Fig. 1.  

 
Fig 1.  A waveform, rms voltage and space phasor model (SPM) of the 
example of voltage dip. 

III. VOLTAGE EVENTS IN THE TRANSMISSION GRID 
The concern behind requirements on fault-ride-through 

is, as mentioned before, that an event at transmission level 
could result in tripping of a substantial part of the production 
over a large geographical area. Faults at lower voltage levels 
may also result in tripping of production units, but those do 
not impact the stability of the system. 

When setting requirements on fault-ride-through 
(immunity against voltage dips, in power-quality terms”) 
one thus should study dips due to faults at transmission 
level.  

A. Symmetrical Faults 
Symmetrical faults occurred either in transmission or 

distribution level result in same voltage drop in all three 
phasors. The voltage dip type has no change due to dip 
propagation. 

B. Nonsymmetrical Faults 
Asymmetrical faults, in transmission level, result in 

unbalanced dips.  

Almost all unbalanced dips due to asymmetrical faults at 
transmission level, have two stage recovery and same 
voltage drop in two phasors of three phasors (Type C or D). 

The dip characteristics either type and magnitude are 
changed when dip propagates toward distribution level.  

The unbalanced dips due to asymmetrical fault, at 
distribution level, results in unbalanced dip with an 
additional phase-angle jump and large unbalance between 
three phasors.   

C. Capacitor Energizing 
Voltage transients in power systems are caused by 

switching actions, lightning and self-clearing faults in the 
system. Different phenomena create different types of 
transients. Oscillatory transients are caused mainly by 
switching phenomena in the network. The most common 
switching action is capacitor bank switching. The most 
severe transients are caused by capacitor energizing while 
capacitor de-energizing only causes a minor transient [4]. 
Non-synchronized energizing of capacitors is worse than 
synchronized. Oscillatory transients are characterized by 
duration, magnitude and spectral content [1].  

 



Fig. 2.  A waveform, rms voltage and SPM of the example of voltage dip 
with capacitor energizing origin. 

D. Transformer Energizing 
The transformer energizing results in voltage dip with 

sudden voltage drop at the beginning and slow voltage 
recovery at the end of the voltage dip. The corresponding 
rms voltage is in shape of triangular and the corresponding 
SPM is in shape of heavy distorted circle subject to even 
harmonic distortion. The example of voltage dip caused by 
transformer energizing is shown in Fig. 3. 

 
Fig. 3.  A waveform, rms voltage and SPM of the voltage dip with 
transformer energizing origin. 

E. Cable Energizing 
The cable energizing can result in voltage transient that 

its amplitude depends on the moment in which the cable is 
connected. There is almost no over voltage transient if the 
circuit breaker is closed when the voltage is zero at its 
terminals but if the connection is taken place at peak 
voltage, the overvoltage is maximum. The reason is the 
charging of the cable's capacitance and the energy 
oscillation between the cable's capacitance and inductance. 
The typical example of voltage transient due to cable 
energizing is shown in Fig. 4. 

 
 
Fig. 4.  A waveform, rms voltage and SPM of the voltage dip with cable 
energizing origin. 

IV. ANALYSIS OF DYNAMIC BEHAVIOUR OF DFIG-
BASED WIND TURBINE DURING VOLTAGE DIP 

This section presents the theoretical analysis of dynamic 
behavior of DFIG-based wind turbine subject to various 
voltage dips and voltage transients.  

The electrical model of induction generator, in stationary 
reference frame, is given by equations in (1)-(4) 

                          𝑣𝑠⃗⃗  ⃗ = 𝑅𝑠𝑖𝑠⃗⃗ +
𝑑

𝑑𝑡
�⃗� 𝑠                              (1) 

               𝑣𝑟⃗⃗  ⃗ = 𝑅𝑟𝑖𝑟⃗⃗  +
𝑑

𝑑𝑡
�⃗� 𝑟 − 𝑗(𝜔𝑠 − 𝜔𝑟)𝜑𝑟             (2) 

                           �⃗� 𝑠 = 𝐿𝑠𝑖𝑠⃗⃗ + 𝐿𝑚𝑖𝑟⃗⃗                              (3) 

                              �⃗� 𝑟 = 𝐿𝑟𝑖𝑟⃗⃗  + 𝐿𝑚𝑖𝑠⃗⃗                          (4) 

where 𝜔𝑠 and 𝜔𝑟 are the angular speed of the stator and 
rotor fluxes, respectively. The subscripts 𝑠 and 𝑟  represent 
the parameters on the stator and rotor sides, respectively.  

Manipulating equations (3) and (4), the space phasor of 
rotor flux is given by (5): 

                       �⃗� 𝑟 = (𝐿𝑟 −
𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗  +

𝐿𝑚

𝐿𝑠
�⃗� 𝑠                  (5) 

Consequently, the rotor voltage space phasor is obtained 
as follow: 

           𝑣𝑟⃗⃗  ⃗ = 𝑅𝑟𝑖 𝑟 +
𝑑

𝑑𝑡
[(𝐿𝑟 −

𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗  +

𝐿𝑚

𝐿𝑠
�⃗� 𝑠] −

𝑗(𝜔𝑠 − 𝜔𝑟) [(𝐿𝑟 −
𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗  +

𝐿𝑚

𝐿𝑠
�⃗� 𝑠]                           (6) 

Considering 𝑅𝑟𝑖 𝑟 ≈ (𝐿𝑟 −
𝐿𝑚
2

𝐿𝑠
) 𝑖𝑟⃗⃗  ≈ 0, the rotor voltage 

space phasor, in normal operation, is obtained as follow: 

                    𝑣𝑟⃗⃗  ⃗ ≈
𝐿𝑚

𝐿𝑠
(

𝑑

𝑑𝑡
− 𝑗(𝜔𝑠 − 𝜔𝑟)) �⃗� 𝑠               (7) 

In normal operation the stator voltage space phasor is a 
rotating vector of constant magnitude that rotates at 
synchronous speed as shown in (8). 

                                      𝑣𝑠⃗⃗  ⃗ = 𝑉𝑠𝑒
𝑗𝜔𝑠𝑡                          (8) 

Considering 𝑅𝑠 ≈ 0 , the stator flux phasor, in normal 
operation, is obtained as vector with constant magnitude 
(�̅�𝑠𝑓) as shown in (9). 

                    𝜑𝑠⃗⃗⃗⃗ =
𝑉𝑠

𝑗𝜔𝑠
𝑒𝑗𝜔𝑠𝑡 = �̅�𝑠𝑓𝑒

𝑗𝜔𝑠𝑡                    (9) 

where �̅�𝑠𝑓 =
𝑉𝑠

𝑗𝜔𝑠
. 

Substituting equation (9) in (7) the rotor voltage phasor 
is obtained as follow:  

                   𝑣𝑟⃗⃗  ⃗ ≈
𝐿𝑚

𝐿𝑠
(

𝑑

𝑑𝑡
− 𝑗(𝜔𝑠 − 𝜔𝑟)) �⃗� 𝑠              (10) 

                          𝑣𝑟⃗⃗  ⃗ ≈ 𝑗
𝐿𝑚

𝐿𝑠
(1 − 𝑠)𝜔𝑠�⃗� 𝑠                    (11) 

Forth coming sections present the theoretical analysis of 
dynamic behavior of rotor current and rotor voltage space 
phasors due to balanced and unbalanced voltage dips. 

A. Balanced Voltage Dip 
Just after starting fault the stator voltage, in an extreme 

case, drops the magnitude of stator voltage phasor drops to 
zero, 𝑉𝑠 = 0 , however the stator flux cannot be 
discontinuous because it is a state variable. The stator flux 
vector magnitude just after starting voltage dip is equal to its 
previous value and then exponentially decreases at the rate 
of stator time step. Thereby, the rotor voltage space vector, 
just after voltage dip, is: 

                              𝑉𝑟 ≈
𝐿𝑚

𝐿𝑠
(1 −   𝑠)𝑉𝑠                      (12) 

This rotor over voltage, just after starting fault, results in 
large overcurrent in rotor windings. Due to fault occurrence, 
the active power capacity of the grid-side inverter is 
decreased thus, this over current leads to transient over 
voltage at DC-link voltage and heating problem that may 
activate either DC-link over voltage relay or crowbar 
protection. 



B. Unbalanced Voltage Dips 
During unbalanced voltage dip the stator voltage space 

phasor consists of both positive and negative sequences 
components as follow: 

                      𝑣𝑠⃗⃗  ⃗ = 𝑉𝑠𝑒
𝑗𝜔𝑠𝑡 + 𝑉𝑠𝑒

−𝑗𝜔𝑠𝑡                     (13) 

The negative sequence component, 𝑉𝑠𝑒−𝑗𝜔𝑠𝑡 generates a 
flux component rotating at the speed of (2 − 𝑠)𝜔𝑠  which 
results in large current ripples at the frequency of (2 − 𝑠)𝑓𝑠 
at rotor windings. 

V. SIMULATIONS AND RESULTS 
To verify the dynamic behavior of wind turbine, in 

presence of voltage dips and voltage transients, the 9 MW 
DFIG-based wind turbine is simulated in MATLAB/ 
Simulink environment. As shown in following subsections, 
several measured voltage dips and voltage transients, with 
different origins, have been applied to the wind turbine and 
its dynamic behavior, in term of DC-link voltage and rotor 
current is verified. 

A. Fault Origin Balanced Voltage Dip  
A balanced voltage dip, measured in transmission level, 

is applied to the simulated DFIG-based wind turbine. The 
waveform and SPM of three-phase voltages are shown in 
upper subplots of Fig. 5. The residual voltage during dip 
event is 0.8 pu and the event lasts for about 75 cycles. The 
DC-link voltage and the rotor current are also shown in 
down-side subplots of Fig. 5.  

At the beginning of voltage dip, there is small over 
voltage in DC-link voltage which results in big rotor over 
current (about 2.2 pu). Because of balanced voltage dip, 
there is no big harmonic distortion either in DC-link voltage 
or rotor current. 

 
Fig. 5.  Simulation results for fault origin balanced voltage dip; waveform 
(top-left) and SPM (top-right) of three-phase voltages (upside) DC-link 
voltage (bottom-left) and rotor current waveform (bottom-right). 

B. Fault Origin Unbalanced Voltage Dip  
A measured unbalanced voltage dip, is imposed to the 

simulated DFIG-based wind turbine. The waveform and 
SPM of three phase voltages is shown in Fig. 6. The voltage 
dip is Type 𝐶𝑏 , in which the voltage phasor ‘𝑏 ’ has no 
voltage drop and there are considerable voltage drops in 
phasors ‘a’ and ‘c’.  

During event segment is represented as an ellipses shape 
as shown in SPM subplot. The semi-minor axis of this 
ellipse is approximately equal to the average residual 
voltage between three phasors. The semi-minor axis is about 
0.51 pu and the dip event lasts for about 10 cycles.  

The rotor current waveform is shown in Fig. 6. As 
shown in this figure, the rotor current evolves with large 

current harmonic distortion. The bar plot of rotor current 
harmonics is shown in Fig. 6. The fundamental frequency is 
about 10 Hz and the total harmonic distortion (THD) is 
about 168%. The 11th harmonic has a largest magnitude with 
respect to fundamental frequency (about 150%).  

C. Transformer Energizing Origin Voltage Dip  
The waveform and the SPM of measured voltage dip, 

with transformer energizing origin, are shown in Fig. 7. The 
dip is represented as distorted circle in SPM plot. A 
transformer energizing origin dips are evolved with heavy 
second harmonic distortion. The DC-link voltage and the 
rotor current are also shown in Fig. 7. The DC-link voltage 
has a large fluctuation during transformer energizing.  

The bar plot of rotor current harmonics is shown in 
Fig. 8. The total THD is about 66.3 %. The second harmonic 
is about 20 % of fundamental frequency. The largest 
distortion is due to inter harmonic of 15 HZ which is about 
50 % of fundamental frequency. 

 
Fig. 6.  Simulation results for fault origin unbalanced voltage dip; 
waveform (top-left) and SPM (top-right) of three phase voltages rotor 
current waveform (bottom-left) and bar plot (bottom-right) of rotor current 
harmonic distortion. 

 
Fig. 7.  Simulation results for transformer energizing voltage dip; waveform 
(top-left) and SPM (top-right) of three phase voltages, DC-link voltage 
(bottom-left) and rotor current waveform (bottom-right). 

 
Fig. 8.  A bar plot of rotor current harmonic distortion. 

D. Capacitor Energizing Voltage Dip  
The waveform and SPM of a capacitor energizing 

transient are shown in Fig. 9. There is a short-duration 
voltage deviation due to capacitor energizing which is 
represented as several points around the unit circle (which 



correspond to a non-distorted balanced waveform at nominal 
voltage). Due to such voltage deviations there is no big 
impact on DC-link voltage however it impacts the rotor 
current.  

 
Fig. 9.  Simulation results for capacitor energizing voltage transient; 
waveform (top-left) and SPM (top-right) of three phase voltages DC-link 
voltage (bottom-left) and rotor current waveform (bottom-right). 

E. Cable Energizing Voltage Dip  
The waveform and SPM of capacitor energizing voltage 

dip is shown in Fig. 10. The cable energizing leads to 
oscillating transient. There is a small fluctuation and 
harmonic distortion in DC-link voltage and rotor current, 
respectively, due to these event.  

 
Fig. 10.  Simulation results for cable energizing voltage transient; 
waveform (top-left) and SPM (top-right) of three phase voltages, DC-link 
voltage (bottom-left) and rotor current waveform (bottom-right). 

F. Transient Voltage Interruption  
The waveform and SPM of transient interruption (about 

1 cycle), due to self-clearing fault, is shown in Fig. 11. 
During interruption the voltage magnitude drops into almost 
zero. The DC-link voltage and the rotor current waveform 
are also shown in Fig. 11. There is big DC-link voltage 
fluctuation and rotor over current during transient 
interruption. The rotor over current is about 4 pu. Such a big 
over current may result in crowbar operation and unwanted 
trips. 

 
Fig. 11.  Simulation results for transient voltage interruption; waveform 
(top-left) and SPM (top-right) of three phase voltages, DC-link voltage 
(bottom-left) and rotor current waveform (bottom-right). 

VI. CONCLUSIONS 
The dynamic behavior of DFIG-based wind turbine 

under various voltage dips and transients including: fault 
origin dips (balanced and unbalanced dips), transformer 
energizing dip, capacitor energizing and cable energizing 
transients.  

The two critical electrical parameters of the DFIG-based 
wind turbine, in term of DC-link voltage and rotor current 
have been verified. The main conclusions that can be drown 
from simulation results are as follows: 

 The balanced voltage dip results impulse over 
voltage and under voltage in DC-link voltage at the 
beginning and the end of fault, respectively. The DC-link 
over voltage leads to bigger over current at the beginning 
event which may result in heating problem and crowbar 
activation. 

 The unbalanced voltage dip results in heavy rotor 
current harmonic distortion which may result in 
considerable losses and heating problems.  

 The transformer energizing dip result in large DC-
link voltage fluctuation and large harmonic distortion 
similar to unbalanced fault origin dips. 

 The capacitor energizing dips and other transient 
dips may lead to considerable transient DC-link over 
voltage and consequently larger rotor overcurrent which 
may result in unwanted trip.  

Further investigation on voltage dip impacts on DFIG-
based wind turbine is needed.   
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Abstract—This paper proposes a new control method for 

flywheel energy storage system to improve voltage-dip ride-
through capability of sensitive microgrids like as industrial 
installations or data centres.  

The main contributions of the proposed method is tracking 
the optimal DC-link voltage pattern according to microgrid load 
profile and then, controls the flywheel discharge mode in order to 
get fastest torque response to achieve target DC-link voltage level 
rapidly. The proposed system and corresponding control method 
are verified in MAtlab/Simulink environment. The simulation 
results confirm the effectiveness of the proposed control method. 
The model can later be used for evaluating a grid 
connected FESS capability to handle various power 
quality problems or other applications in electrical grids. 
The model is later verified with usage in a peak shaving 
application. 

Index Terms-- Microgrids, Flywheel energy storage system, 
Voltage dip, Direct torque control, Kalman filter. 

I. INTRODUCTION 
LYWHEEL Energy storage systems (FESSs) play a 
profound role in smart grids and microgrids to maintain 

high levels of reliability, stability and quality due to its 
especial characteristics such as: i) The rapid response time and 
high ramp rate of Temporal Power’s flywheels can result in 
more energy being delivered precisely; ii) Responding rapidly 
to short duration power fluctuations from renewable 
generation, Temporal Power flywheels act as shock absorbers 
by smoothing power flows to reduce strains on the electricity 
system); iii) high power density snd low energy density; iv) 
long life time. 
Concerning above mentioned characteristics, different 
applications have been proposed for FESS like: 

 grid balancing: balancing of supply and demand when it is 
needed;  

 isolated microgrids: supporting microgrids in order to 
fluctuations in frequency and voltage, especially in remote 
microgrids with greater amounts of renewable power 
generations[7]-[9]; 

 renewable integration: addressing the potential 
intermittencies between different renewable power 
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generations (i.e., wind turbine (WT) and photo-voltaic 
(PV)), renewable power smoothing [10]-[12], renewable 
energy time shift [5] and renewable capacity firming [5].  

 Fault-ride through (FRT): for increasing FRT capability of 
wind turbines capability of wind turbines [14]-[16] or 
flexible ac transmission systems (FACTS) [17]-[19]  

 UPS: FESS-based UPSs are smaller, lighter and faster than 
battery-based systems [20]-[26]. 

This paper proposes a novel control method for FESS 
application for increasing the FRT capability of the sensitive 
microgrids (e.g. data centres) in presence of short duration 
voltage dips and voltage fluctuations.  

The proposed FESS is coupled with a permanent magnet 
synchronous machine (PMSM) to allow for bidirectional 
power flow. Speed sensorless direct torque control (DTC) is 
proposed for PMSM control and an extended Kalman filter 
(EKF) is used to estimate real time rotor position and speed.  

The proposed system is applied to both synthetic and 
measured voltage dips. 

The main contributions of proposed control methods are:  

 The extended Kalman filter provides real-time rotor 
position estimation. 

 The DTC in compare with field-oriented control (FOC) 
method has several adavantages such as: 1) enables faster 
changes of torque and flux by changing the references; 2) 
by increasing the machine speed, the torque and 
consequently motor current and copper losses decrease 
thereby DTC inputs (stator flux (7.1)-(7.2)) is no longer 
dependent on the stator resistance and the other motor 
parameters [29]; 3) In DTC, the stator voltage is derived 
from the DC bus voltage and the applied voltage switching 
vectors thus a small disturbances in DC-bus voltage are 
rapidly compensated by the voltage integration step and in 
the stator flux modulus through (8)-(10).  

 Using optimal switch voltage lookup minimizes the 
number of IGBT switching and thus minimizes the 
switching losses.  

 The FESS can easily be replaced with battery system. 

Section II of this paper reviews previous works on FESS. 
Section III introduces the proposed system and the 
corresponding control method. The proposed flywheel-side 
inverters control is illustrated in Section IV. The simulation 
results are presented in Section V and discussed in Section VI. 
Section VII concludes this paper.  
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II. PROPOSED SYSTEM AND CONTROL METHOD 

A. System Description 
The block diagram and the equivalent circuit model of the 

proposed system are shown in Fig. 1 and Fig. 2, respectively.  
The FESS is coupled with a permanent magnet 

synchronous machine (PMSM) to provide bi-directional 
conversion of energy to and from the flywheel. A diode 
rectifier is used to interface the FESS system to the main grid. 

In normal grid-connected operation of the microgrid the 
flywheel is in charge mode. During short-term voltage 
disturbances, like voltage dips in the main grid, the flywheel 
control system moves to discharge mode and targets at 
keeping constant common DC bus by injecting current to this 
bus. 

  

Flywheel
Power 

Inverter

 Microgrid

Grid
Diode 

Rectifier

M/G

C
o

m
m

o
n

 D
C

 B
u

s

Power 
Inverter

 
Fig. 1.  The Proposed system schematic. 
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Fig. 2.  Equivalent circuit model of the proposed system. 

B. Proposed Control Method  
The proposed control method consists of two main modes: 

charge and discharge modes. In both modes, the command 
inverter current and then the command 𝑑𝑞-stator currents are 
derived to keep constant charging current at charge mode and 
the constant DC bus voltage at discharge mode.  

The direct torque control (DTC) that is part of the control 
method enables direct control of electromagnetic torque of the 
PMSM and consequently the inverter current. In the proposed 
DTC scheme, an extended Kalman filter (EKF) is used to 
estimate the real-time motor speed. A lookup table is used to 
obtain the optimum switching vectors, at each time step, for 
the flywheel-side inverter. 

III. FLYWHEEL-SIDE INVERTER CONTROL 
The block diagram and the overall scheme of the proposed 

flywheel-side inverter control are shown in Fig. 3 and Fig. 4 
respectively. The charge and discharge control modules are 
shown in Blocks 1 and 2, respectively, in Fig. 4.  

The output of both control modules is the command 
inverter current which is an input to Block 3 where the 
command 𝑞-axis stator currents is obtained. The latter is 
passed to the current regulator component (fig. 5) to obtain the 
command 𝑑𝑞- stator voltages.  

The charge and discharge control modes and also the 
proposed DTC are illustrated in the forthcoming sections. 

A. Charge Control Mode 
In charge control mode, the control system aims at 

providing constant charging current for the flywheel system.  
To this end, first of all, the power relations between 

inverter current and the flywheel system are derived. 
The electrical power, at the terminal of the inverter, is 

given by (1). 

                          𝑃𝑑𝑐 = 𝑖𝑖𝑛𝑣 × 𝑣𝑑𝑐                             (1) 

Ignoring the power losses in the inverter, 𝑃𝑑𝑐  is equal to the 
electrical power (𝑃𝑒𝑙𝑒𝑐) at the terminals of the motor/generator. 
The electrical power is a function of electrical torque and rotor 
mechanical speed resulting in (2).  

                                        𝑖𝑖𝑛𝑣 =  
𝜏𝑒×𝜔𝑟𝑚𝑒𝑐ℎ

𝑣𝑑𝑐
                         (2) 

The electrical torque can be also obtained from stator 𝑑𝑞-
currents, in rotor reference frame, (𝑖𝑞𝑠

𝑟 , 𝑖𝑑𝑠
𝑟 ) as given in (3). 

                  𝜏𝑒 =
3

2

𝑃

2
[(𝐿𝑑𝑖𝑑𝑠

𝑟 + 𝜆𝑎𝑓)𝑖𝑞𝑠
𝑟 + (𝐿𝑞𝑖𝑞𝑠

𝑟 )𝑖𝑑𝑠
𝑟 ]            (3) 

where 𝑃 is the number of poles, 𝜆𝑎𝑓  is the induced flux 
linkage and, 𝐿𝑑, 𝐿𝑞  are 𝑑𝑞-axis rotor inductances.  

To provide a linear control system, between the electrical 
motor torque and the q-axis current, the command 𝑑-axis 
current is set at zero, 𝑖𝑑𝑠

𝑟∗ = 0. Thereby, (3) changes to: 

                                         𝜏𝑒 =
3

2

𝑃

2
𝜆𝑎𝑓𝑖𝑞𝑠

𝑟                                (4) 

Finally, substituting (4) in (2), and manipulating the 
obtained equation, the motor current is obtained as a function 
of the inverter current:  

                                         𝑖𝑞𝑠
𝑟∗ = 𝑖𝑖𝑛𝑣

∗ 3 𝜆𝑎𝑓𝜔𝑟 

2𝑣𝑑𝑐  

                           (5) 

where 𝜔𝑟  is an electrical rotor speed, equal to the product 
of the number of pole pairs and the mechanical rotor speed. 

According to (5) the command 𝑞-axis current is a function 
of the inverter current. To derive the command inverter 
current, 𝑖∗

𝑖𝑛𝑣 , the command charging current, 𝑖𝑐ℎ𝑎𝑟𝑔𝑒
∗ , is 

compared with measured flywheel current, 𝑖𝑓 then, the error 
signal is passed through a PI controller. 

To speed up the PI controller operation, without need for 
large gains, the command charge currents added as feed 
forward (FF) control to the system directly [28]. The structure 
of the proposed charge control mode is shown in Fig. 4.  

B. Discharge Control Mode  
In discharge control mode, the command inverter current is 

determined based on the DC bus voltage error. The error 
signal is passed through a negative gain and next through the 
PI controller. The negative gain ensures the command inverter 
current is negative and thus the command 𝑞-axis stator 
currents is also negative values, which means the current is 
injected from the flywheel to the DC bus.  

To cope with a sudden disturbance imposed to the system 
(e.g. a load change), a decoupled disturbance controller (DD) 
is added [28]. The rectifier current 𝑖𝑟𝑒𝑐is added directly to the 
PI controller output as DD control signal.  
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The detailed structure of the proposed discharge control 
mode is also shown in Block 2 in Fig. 4.  

Once the error value, (𝑣𝑑𝑐
∗ − 𝑣𝑑𝑐) exceeds certain threshold 

value (i.e. 10 V DC), the control system switches from charge 
mode to the discharge control mode. 
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Fig. 3.  Block diagram of the flywheel-side inverter control. 
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Fig. 4.  The overall scheme of the charge/discharge control modes. 

C. Direct Torque Control (DTC) 
The proposed DTC scheme, as shown in Fig. 6, consists of 

four main components: (i) current regulator; (ii) flux-linkage, 
electrical torque and voltage sector estimator; (iii) rotor 
position and speed estimator; (iv) optimum voltage switch 
vector selection.  

1) Current Regulator 
The structure of the current regulator is shown in Fig. 5. By 

setting 𝑖𝑠𝑑
𝑟∗ = 0, the command 𝑞-axis currents, obtained from 

charge/discharge control modules (see Block 3 in Fig. 4). The 
command 𝑑𝑞 stator currents are compared with the measured 
𝑑𝑞 currents. The resulting error signals are passed through PI 
controllers and by adding the decoupled current control 
components, the command 𝑑𝑞 stator voltages, in rotor 
reference frame, are obtained. Transferring the 𝑑𝑞 voltages to 
the stationary reference frame, the command 𝐷𝑄 voltages are 
obtained as follow: 

                    𝑣𝐷𝑠
𝑠∗ + 𝑗𝑣𝑄𝑠

𝑠∗   = (𝑣𝑑𝑠
𝑟∗ + 𝑗𝑣𝑞𝑠

𝑟∗)𝑒(𝑗𝜃𝑟)                 (6) 

where 𝜃𝑟 is the rotor position in 𝑟𝑎𝑑. 
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Fig. 5.  The structure of the current controller. 

2) Flux-linkage, Electrical Torque and Voltage Sector 
Estimation 

Given command 𝐷𝑄-voltages, obtained from the current 

regulator component, and the monitored 𝐷𝑄-currents in 
terminal of the machine, the 𝐷𝑄-axis stator flux-linkage 
components are obtained as follows [29]: 

                            ѱ𝐷𝑠
𝑠 = ∫(𝑣𝐷𝑠

𝑠∗ − 𝑟𝑠𝑖𝐷𝑠
𝑠 )𝑑𝑡                         (7-1) 

                           ѱ𝑄𝑠
𝑠 = ∫(𝑣𝑄𝑠

𝑠∗ − 𝑟𝑠𝑖𝑄𝑠
𝑠 )𝑑𝑡                          (7-2) 

where 𝑟𝑠 is the stator resistance. The modulus of the stator 
flux linkage is given by (8). 

                       |ѱ𝑠| = √(ѱ𝐷𝑠
𝑠 )

2
+ (ѱ𝑄𝑠

𝑠 )
2                            (8) 

Further, the electrical torque is derived as shown in (9). 

                               𝑡𝑒 =
3

2
𝑃(ѱ𝐷𝑠

𝑠 𝑖𝐷𝑠
𝑠∗ − ѱ𝑄𝑠

𝑠 𝑖𝑄𝑠
𝑠∗ )                     (9) 

Finally, the corresponding sector is determined based on 
the location of the stator flux-linkage which is given by (10): 

                                    𝛼 = 𝑡𝑎𝑛−1 (
ѱ𝐷𝑠

𝑠

ѱ𝑄𝑠
𝑠 )                              (10) 

Fig. 7 shows the six voltage switching vectors together with 
the six sectors; these sectors cover the angles; 𝛼(1) =
0°, 𝛼(2) = 60°,…, 𝛼(6) = 300°. 

 
3) Rotor Speed Estimation 

The rotor position and consequently the rotor mechanical 
speed can be estimated using an extended Kalman filter (EKF) 
estimator [29]. To establish a simple rotor position estimation 
technique, only the mechanical part of the motor is modelled. 
The electrical torque, in (4), is applied as an input and the 
resulting state space equations of the model are as follows: 

                                   𝑑𝜔𝑟

𝑑𝑡
=

1

𝐽
 𝑡𝑒                               (11-1) 

                                  𝑑𝜃𝑟

𝑑𝑡
= 𝜔𝑟                                        (11-2) 

The discretized forms of (11-1) and (11-2) are as follows: 

                  𝜔𝑟(𝑘 + 1) = 𝜔𝑟(𝑘) +
𝑇𝑠

𝐽
 𝑡𝑒                          (12-1) 

        𝜃𝑟(𝑘 + 1) = 𝜃𝑟(𝑘) + 𝑇𝑠𝜔𝑟(𝑘 + 1) +
𝑇𝑠

2

𝐽
 𝑡𝑒               (12-2) 

where 𝑇𝑠 is the sampling time. The output is shown in (13).  

                                𝑦(𝑘) = 𝜃𝑟(𝑘) + 𝜈(𝑘)                        (13) 

where 𝜈(𝑘) denotes the measurement noise which is 
considered as white Gaussian noise.  

For mathematical convenience, the matrix form of the state 
space equations is used: 

 
                        𝒙(𝑘 + 1) = 𝑨𝒙(𝑘) + 𝑩𝒖(𝑘)                      (14-1) 

                        𝒚(𝑘 + 1) = 𝑪𝒙(𝑘) + 𝜈(𝑘)                      (14-2) 

where 𝒙 is the state vector, 𝒙(𝑘 + 1) = [𝜔𝑟(𝑘 + 1), 𝜃𝑟(𝑘 +
1)], 𝒖 is an input vector 𝒖 = [𝑡𝑒(𝑘)], 𝑨 and 𝑩 are the state 

and input matrices as shown in (15-1) and (15-2), respectively.  

                                     𝑨 = [
1 0
𝑇𝑠 1

]                                 (15-1) 

                                   𝑩 = [
𝑇𝑠

𝐽

𝑇𝑠
2

𝐽
]                                 (15-2) 



 4 

Finally, the vector 𝒄 is the output vector, 𝒄 = [0 1]. 
The proposed extended Kalman filter proceeds on the 

following steps [28]: 

Step 1: Initializing the covariance matrices (𝑷𝑜, 𝑹𝑜, 𝑸𝑜), 
where 𝑷𝑜 is the covariance matrix of the state vector, 
𝑹𝑜 is the covariance matrix of the measurement noise 
and 𝑸𝑜 is the covariance matrix of the estimation noise.  

Step 2: Predicting state vector at sampling time (k+1) from 
the input 𝒖(𝑘) and the state vector at previous 
sampling time 𝒙(𝑘) as shown in (16): 

                    𝒙∗(𝑘 + 1|𝐾) = 𝑨𝒙(𝑘|𝑘) + 𝑩𝒖(𝑘)                  (16) 

Step 3: Updating the covariance matrix of prediction using 
the equation presented in (17). 

                       𝑷∗(𝑘 + 1|𝐾) = 𝑨�̂�(𝑘|𝑘)𝑨𝑇 + 𝑸                 (17) 

Step 4: The Kalman filter gain is calculated as in (18). 

       𝒌(𝑘 + 1) = 𝑷∗(𝑘 + 1|𝐾)𝑪𝑇[𝑪𝑷∗(𝑘 + 1|𝐾)𝑪𝑇 + 𝑹]−1        (18) 

Step 5: The corrected state vector estimation at time (k+1) is 
obtained through the feedback correction scheme, using 
the actually measured quantities (y): 

                �̂�(𝑘 + 1|𝐾 + 1) = 𝒙∗(𝑘 + 1|𝐾) +                                           
                              𝒌(𝑘 + 1)[𝑦(𝑘 + 1) − 𝑪𝒙∗(𝑘 + 1|𝐾)]                  (19) 

Step 6: The covariance matrix of the estimation error is 
corrected by (20). 

�̂�(𝑘 + 1|𝐾 + 1) = 𝑷∗(𝑘 + 1|𝐾) −                             
                                           𝒌(𝑘 + 1)𝑪𝑷∗(𝑘 + 1|𝐾)                         (20) 
 
3) Voltage Switch Vector Selection from Lookup Table 

Once the stator flux linkage and the rotor speed are 
estimated as shown in Fig. 6 they are compared with the 
command signals [29].  

The rotor-speed control loop uses a PI controller where the 
controller output determines the command electrical torque 
signal. The electrical torque and the stator flux-linkage 
errors are input to the flux and torque hysteresis 
comparators, respectively. Both are two-level comparators. 
The discretized outputs of the hysteresis comparators 
(𝑑ѱ, 𝑑𝑡𝑒) are input to the optimum voltage switching 
selection look-up table as shown in Table I after which the 
optimum switching vector is selected.  

 
TABLE I 

OPTIMUM SWITCHING VOLTAGE VECTOR LOOKUP TABLE 
𝒅ѱ 𝒅𝒕𝒆 𝜶(𝟏) 𝜶(𝟐) 𝜶(𝟑) 𝜶(𝟒) 𝜶(𝟓) 𝜶(𝟔) 

1 1 �̅�2 �̅�3 �̅�4 �̅�5 �̅�6 �̅�1 
0 �̅�6 �̅�1 �̅�2 �̅�3 �̅�4 �̅�5 

0 1 �̅�3 �̅�4 �̅�5 �̅�6 �̅�1 �̅�2 
0 �̅�5 �̅�6 �̅�1 �̅�2 �̅�3 �̅�4 
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Fig. 6.  The overall scheme of the proposed DTC [29].  
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Fig. 7.  Six active switching vectors (u̅1, u̅2, … , u̅6) [29]. 

 
TABLE II 

ELECTRICAL PARAMETERS OF THE PMSM  
Rated power, voltage 20 HP, 400 V (p-p) 

𝑟𝑠, 𝑟𝑝𝑘𝑑, 𝑟𝑝𝑘𝑞 17𝑒−3, 54𝑒−3, 108𝑒−3 pu 
𝑥𝑙𝑑, 𝑥𝑙𝑞 546𝑒−3, 1.086 pu 

Poles, J, 𝜔𝑟𝑚 2, 4.5e-3 kg𝑚2, 12000 rpm 
𝜆𝑎𝐹 0.067 volt/sec. 

ELECTRICAL PARAMETERS OF THE FLYWHEEL 
𝐽, r,M 4.8083 kg𝑚2,0.5 m, 19.23 kg 

Material, 𝜌  Carbon Fiber, 1799 𝑘𝑔 𝑚3⁄  
 

IV. SIMULATION RESULTS    
The performance of the proposed control method and 

proposed FESS is verified by simulation in MATLAB through 
three case studies considering different scenarios.  

The simulated grid is rated at 120 kV, 50 Hz; two DY-
connected transformers transform the voltage to the 400 V 
phase-to-phase voltage. There is 4700 μF of capacitance at the 
DC bus of 690 V DC and 5 mH of inductance as filter.  

The microgrid is considered as constant active power load 
rated at 4.7 kW that is connected to the common DC bus. The 
PI gains for both charge and discharge control modes are set at 
𝐾𝑝 = 12 and, 𝐾𝑖 = 1.2. The PI gains for PI controllers of the 
current regulator block, are set at 𝐾𝑝 = 30 and 𝐾𝑖 = 0.15 and 
in speed control loop, they are set at 𝐾𝑝 = 15 and, 𝐾𝑖 = 0.01.  

In charge control mode, the command charge current is set 
at 22.12 A, and in discharge control mode the DC link voltage 
is set at 690 V. The parameters 𝑑ѱ, 𝑑𝑡𝑒 are set at 0.03 and 0.3, 
respectively. The covariance matrices, Po, Ro, Qo are 
initialized as: Po = 0.1 𝑑𝑖𝑎𝑔(2), Ro = 200 𝑑𝑖𝑎𝑔(2) and 
Qo = 0.05 𝑑𝑖𝑎𝑔(2). The sampling time is, Ts = 5e−5 s.  

The electrical and the mechanical parameters of the 
electrical machine and the flywheel are given in Table II. 

A.  Case Study 1 
In this case study the performance of the controller is 
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studied during a voltage dip causes by a balanced fault in the 
grid. Further, the load change disturbance is also imposed to 
the system suddenly during voltage dip occurrence.  

The simulation results of this case study are shown in Fig. 8 
through Fig. 13.  

The system is initially in charge mode, where the initial 
rotor speed is set to 1256.65 rad/s. The flywheel is charging at 
constant current 22.12 𝐴 for three seconds. At time 𝑡 = 3 s a 
balanced electrical fault occurs in the grid and lasts until t=6 s. 
Further, at time t=4 s, the load increases from 9.6 kW (13.9 A) 
to 20.7 kW (29.9 A). 

The three-phase voltage waveforms are shown in Fig. 8.  
As a result of voltage dip, the DC voltage drops below the 

threshold value; therefore, the control system moves to the 
discharge mode.  

The regulated DC bus voltage is shown in Fig. 9. The 
disturbance decoupled (DD) control part, limits the 
disturbances in DC bus voltage, at t= 4 S, when a sudden load 
change is imposed.  

The DC currents at the terminals of the rectifier and the 
inverter are shown in Fig. 10. The inverter current is a 
constant positive value (22.12 A) before the voltage dip. 
During the dip the inverter current becomes negative (about -
15 A) to compensate for the lack of power coming from the 
public grid. The inverter current takes over the microgrid load 
(9.7 kW). When the load is increased to 20.7 kW, the inverter 
current becomes more negative to cope with this sudden load 
change (about -30 A). In addition, the DC powers at the 
terminals of the rectifier and the inverter are shown in Fig. 11.  

The rotor speed estimated by the EKF system is shown in 
Fig. 12. During first three seconds, the flywheel is in charge 
mode. The main grid provides both the flywheel charge 
current and the load current. In charge mode, the flywheel 
speed is increased to 1264.4 rad/s and the stored energy in 
flywheel increases from 3.8 MJ to 3.843 MJ. 

At t=3 s, because of the fault occurrence causing a dip at 
the main-grid side of the rectifier, the flywheel control moves 
to discharge mode. The flywheel speed decreases to 
1262.78 rad/s at t=4 s. At t=4 s, because of the sudden load 
change, the rate of speed reduction is increased and the speed 
decreases to 1255.6 rad/s at t=6 s. During the whole duration 
of the voltage dip, 3 seconds, the total energy released by the 
flywheel is about 53.3 kJ.  

When the electrical fault is cleared the flywheel moves 
back to the charge mode. The flywheel current converges to 
the pre-set charge current and the speed is increased to 
1260.63 rad/s at t=8 s.  

The electrical machine phase current is shown in time 
domain in Fig. 13. Before the load step change the load 
current (13.9 A) is lower than charging current (22.12 A, 1 pu) 
thus the motor phase current decreases which means the 
flywheel declaration rate is less than its acceleration rate in 
charge mode. After the load change, the load current is 
increased to 29.9 A, the phasor current is increased which 
means the deceleration rate increases to support the additional 
load.   

 

 
Fig. 8.  Case study 1: Waveforms of synthetic voltage dip. 

 

 
Fig. 9.  Case study 1: The regulated DC-link voltage (𝑉𝑑𝑐). 

 

 
Fig. 10.  Case study 1: The DC current of rectifier (𝑖𝑟𝑒𝑐) and inverter current 

(𝑖𝑖𝑛𝑣) during charge and discharge operation modes. 
 

 
Fig. 11.  Case study 1: The DC power in terminal of rectifier (𝑃𝑟𝑒𝑐) and the 

inverter (𝑃𝑖𝑛𝑣) during charge and discharge operation modes. 

 
Fig. 12.  Case study 1: Estimated rotor speed using EKF. 
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Fig. 13.  Case study 1: Motor phase currents during mode transitions and step 

change load.  

B.  Case Study 2 
The measured voltage dip in Case study 2, is a multi-stage 

dip, with dip type changing from 𝐶𝑐 to 𝐷𝑏 . The first stage is 
due to a single-phase fault (drop in phasors ‘a’ and ‘b’ behind 
a Dy transformer). In stage two the dip has evolved to a two-
phase-to-ground fault (voltage drop in phasor ‘b’, after the Dy 
transformer) [30]. 

The results for Case study 2 are shown in Fig. 14 through 
Fig. 18.  

The voltage dip waveforms are shown in Fig. 14. The first 
stage of voltage dip is beginning at t=1 s and lasts until 
t=5.67 s, its second stage lasts until t=8 s. At time t=8 s the 
voltage recovers. In this Case study the microgrid load is 
considered as 18 kW (26 A).  

The regulated DC bus voltage is shown in Fig. 15. There is 
a transition at the start of each stage of the voltage dip but the 
DC voltage converges to its set point quickly.  

The DC currents for the rectifier and inverter are shown in 
Fig. 15. During the first second, the flywheel is in charge 
mode and the inverter current is equal to its set point 
(22.12 A). At t=1 s the flywheel moves to discharge mode and 
the inverter current becomes negative (about -27 A) to support 
load current and DC bus voltage. At t=5.67 s, start of the 
second stage of the voltage dip, the inverter current becomes 
more negative (about -29 A) because the DC link voltage drop 
is increased.  

The estimated rotor speed is shown in Fig. 16. The speed is 
initially at 1256.51 rad/s. During the first second, in charge 
mode, the speed increases to 1259.28 rad/s and the stored 
energy is increases to 3.8 MJ. At the beginning of the voltage 
dip, the control system moves to discharge mode and the 
flywheel starts decelerating. The speed decreases gradually 
where at t=5.67 s, before the second stage, it is reduced to 
1241.4 rad/s. During the second stage, the flywheel continues 
its deceleration mode but with a bigger declaration rate. At the 
end of the second stage, the speed is 1231.2 rad/s. During the 
entire voltage dip, the FESS released about 168.1 kJ of energy 
(107.5 kJ in first stage and 60.6 kJ. At t=8 s the flywheel 
moves back to charge mode and starts accelerating. The speed 
increases to 1232.5 rad/s at the end of the simulation. 

 

 
Fig. 14.  Case study 2: waveforms of measured multi-stage voltage dip. 

 

 
Fig. 15.  Case study 2: the regulated DC-link voltage (𝑉𝑑𝑐). 

 

 
Fig. 16.  Case study 2: the DC current of rectifier (𝑖𝑟𝑒𝑐) and inverter current      

(𝑖𝑖𝑛𝑣) during charge and discharge operation modes. 
 

 
Fig. 17.  Case study 2: the DC power in terminal of rectifier (𝑃𝑟𝑒𝑐) and the 

inverter (𝑃𝑖𝑛𝑣) during charge and discharge operation modes. 
 

 
Fig. 18.  Case study 2: estimated rotor speed using EKF. 

C.  Case Study 3 
This case presents a severe unbalanced dip, Type 𝐶𝑏 [30]. 
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As shown in Fig. 19, there is considerable voltage drop in 
phasors ‘a’ and ‘b’ where these phasors are coincident because 
of the phase-angle jump. The likely cause is a single-phase 
interruption in the MV grid which results in long duration 
voltage dip in an LV network with delta-connected load. The 
voltage dip occurs at t=10 s and lasts for at least 170 seconds.  

The results for Case study 3 are shown in Fig. 20 through 
Fig. 23. 

The regulated DC bus voltage is shown in Fig. 20. Even 
during such a long voltage dip the DC bus voltage is kept 
constant by the proposed FESS.  

The DC currents are shown in Fig. 21. During the first 10 
seconds, before voltage dip occurrence, the flywheel is in 
charge mode and the inverter current is 22.12 A. At t=10 s, the 
voltage dip is beginning and the flywheel control system 
moves to the discharge mode. The inverter current becomes 
negative to support load current (18 kW, 26 A) and to keep a 
constant DC bus voltage. The DC powers are shown in 
Fig. 22. During the entire voltage dip, the power flow, from 
FESS into the inverter terminals, is about 21 kW. 

The estimated flywheel speed is shown in Fig. 23. After 
voltage dip occurrence, at t=10 s, the flywheel starts 
decelerating and the speed drops gradually. The speed is about 
1260 rad/s at the beginning of the voltage dip and it reduces to 
360 rad/s at the end of voltage dip. The total released energy is 
about 3.51 MJ with a rate of 20.6 kW per second. 
 

  
Fig. 19.  Case study 3: waveforms of measured voltage dip 
 

 
Fig. 20.  Case study 3: the regulated DC-link voltage (𝑉𝑑𝑐). 
 

 
Fig. 21.  Case study 3: the DC current of rectifier (𝑖𝑟𝑒𝑐) and inverter current 

(𝑖𝑖𝑛𝑣) during charge and discharge operation modes. 
 

 
Fig. 22.  Case study 3: the DC power in terminal of rectifier (𝑃𝑟𝑒𝑐) and the 

inverter (𝑃𝑖𝑛𝑣) during charge and discharge operation modes. 
 

 
Fig. 23.  Case study 3: estimated rotor speed using EKF. 

V. DISCUSSION 

A. FESS Application for Reliability and Power Quality 

VI. CONCLUSION 
This paper presents a new application of FESS as common 

power quality service in microgrids. The DC inverter current 
is controlled to keep constant DC bus voltage during voltage 
dips.  

The DTC is applied to the PMSM coupled with the 
flywheel to speed up the torque response during fast dynamic 
disturbances such as voltage dips. The extended Kalman filter 
provides quick and precise rotor position estimation, which 
results in fast and accurate control.  

The disturbance decoupled control ensures the robustness 
of the proposed control method in the presence of sudden 
disturbances such as load changes.  

The proposed system and corresponding control method are 
applied to synthetic and the measured dips. The simulation 
results show the effectiveness of the proposed system as 
power quality service in microgrids.  
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Abstract—this paper proposes a distributed control 

scheme based on consensus algorithms for multi-agent 
systems like flywheel energy storage matrix (FESM) 
system. The direct torque control in two charge and 
discharge modes has been provided for each individual 
Flywheel energy storage system (FESS) whereas the input 
variables are set based on consensus algorithm according 
to the current capacity of each unit. Two protocols based 
on average consensus have been provided considering two 
possible topologies of communication network: undirected 
and directed topologies.  

The average consensus is guaranteed in unbalanced 
network topology by updating weight matrix in order to 
always it converges to doubly stochastic matrix (both row 
sums and column sums being 1).  

Simulation results illustrate the effectiveness of 
proposed control method regarding voltage dip and 
voltage fluctuation mitigation.  

Index Terms—Power quality, voltage dip, datacentre, 
average consensus, current ratio consensus, FESM. 

I. INTRODUCTION 
ATA centres are crucial supports for digital strategies 
thereby they are going to be one of the key components 

of modern cities, smart grids and so on [1]. However data 
centres are very sensitive installations to the power quality 
problems particularly voltage dips and voltage fluctuations 
[2]-[5]. The most applied solution to increase the ride-through 
capability of data centres is using energy storage systems 
(ESS) such as batteries, flywheels or backup generators to 
mitigate power quality (PQ) disturbances such voltage dips, 
voltage transients and short interruptions [6]-[11]. 

Among these the diesel generators and batteries are able to 
support for longer duration however they have slow response 
to the fast dynamic PQ disturbances such as dips or voltage 
transients [12]-[14]. The flywheels energy storage system 
(FESS) can provide faster response in compare with other 
storage devices (e.g. batteries_) this makes them suitable 
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power supply for short duration and fast dynamic disturbances 
like voltage dips [15]-[17].  

In deal with large datacentres using only one FESS unit is 
not reliable and efficient thus, the flywheel energy storage 
matrix (FESM) is preferred. Such FESM system can be 
considered as a multi-agent dynamic system in which the 
reference values of agents are dynamically changed to stablish 
reliable and robust power supply for datacentre. According to 
[18]-[20] the average consensus algorithms are considered as 
an effective control strategies for multi-agent systems, as they 
can provide scalable control system, so that the computation 
burdens are not growing with the network size. 

Further, developing proper consensus algorithm the control 
system could be robust to the some usual disturbances caused 
by physical components failure i.e., agents entering/leaving 
the network. 

This paper proposes a flywheel energy storage matrix as 
backup power supply during voltage dips and voltage 
fluctuations. Coordinated and distributed control scheme 
based on average consensus algorithm is proposed in order to 
fulfil the datacentre low-voltage ride-through requirement.  

The proposed control scheme provides the consensus on 
command inverter current of each individual FESS unit based 
on its current charge/discharge capacity. The command 
inverter currents are set as an input signals to DTC controllers. 

The main contributions of the proposed method are: i) the 
proposed control scheme doesn’t rely on central controller and 
requires no prior knowledge of the communication network 
topology ii) the proposed consensus protocol during 
unbalanced network topology avoids involving with 
complicated process of determining control parameters; iii ) 
provides average consensus under both undirected and 
unbalanced directed network topologies; iv) the consensus 
protocol  under unbalanced network topology uses weight 
matrix 𝑷  which is updated continuously in order to  converge 
into doubly stochastic matrix which guarantees the average 
consensus under both undirected and directed network 
topologies; v) the relations between balanced and unbalanced 
graphs is well stablished based on which the proposed control 
scheme is robust to variations in network topologies, as long 
as the associated graph provides  spanning tree.  

The proposed FESM is simulated in MTLAB which 
includes six individual flywheels coupled with permanent 
magnet synchronous machine (PMSM). The DTC control 
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scheme is provided for each individual unit to ensure fast 
torque response during fast dynamic power quality 
disturbances. As mentioned the input signals of each DTC 
controller are set according to average consensus algorithm. 
and has been verified considering different case studies. The 
simulation results support the effectiveness of proposed 
control scheme.   

The rest of this paper, Section II renders the average 
consensus in multi-unit systems. The graph based analysis of 
multi-unit systems and the average consensus protocols under 
both undirected and directed network topologies are 
explained. Section III explains the proposed DTC control for 
each individual FESS unit under two charge and discharge 
control modes. Section IV explains the proposed coordinated 
control schemes based on average consensus algorithm which 
aims at achieving the average consensus on command inverter 
currents which are input values to the individual DTC 
controllers. Section V present simulation results and verifies 
proposed control scheme under various conditions and 
network topologies. Finally Section VI concludes this paper.  

II. AVERAGE CONSENSUS IN MULTI-AGENT SYSTEMS 

A. Graph-based Network Configuration 
The networked multi-agent system with n units is 

considered as an undirected graph, 𝐺 = {𝑉, 𝐸}, that implies 
the balanced information exchange entire corresponding 
network. In graph G, the vector, 𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑛}, indicates 
the vertex (FESS units) and matrix 𝐸 ⊂ 𝑉 × 𝑉, indicates the 
edges (connections between units) of the graph. The adjacency 
matrix is 𝐴 = [𝑎𝑖𝑗] where 𝑎𝑖𝑗 = 1 if (𝑣𝑖 , 𝑣𝑗) ∈ 𝐸 and thus, 
unit 𝑣𝑗 is neighbour of unit, 𝑣𝑖, otherwise 𝑎𝑖𝑗 = 0.  The set of 
neighbours of unit i is denoted as, 𝑁𝑖 = {𝑣𝑗| (𝑣𝑗 , 𝑣𝑖) ∈ 𝐸}. The 
degree matrix 𝐷 ∈ 𝑅𝑁×𝑁 is a diagonal matrix where its ith 
diagonal entry being deg (𝑣𝑖). The Laplacian matrix is defined 
as, 𝐿 = (𝐷 − 𝐴)  ∈ 𝑅𝑁×𝑁. The weight matrix is defined as, 
𝑃 = (𝐼𝑛 − 𝐻𝐿) ∈ 𝑅𝑁×𝑁, where 𝐻 = 𝑑𝑖𝑎𝑔{ℎ1, ℎ2, … , ℎ𝑛}  and 
0 < ℎ𝑖 <

1

𝑑𝑖𝑖
. And Inis an n-dimensional identity matrix [21]-

[23]. 
Definition 1: A nonnegative square matrix P is called 

stochastic matrix if all its row sums are 1. Further the 
stochastic matrix (i.e., 𝑃 = [𝑝𝑖𝑗]) is called indecomposable 
and aperiodic (SIA) if lim

𝑘→∞
 𝑃𝑘 = 1𝑛𝑦𝑇 , where y is some 

column vector and 1n is an n-dimensional column vector with 
all ones. The graph G is called graph associated to matrix P if 
and only if for each (𝑣𝑗 , 𝑣𝑖) ∈ 𝐸 , 𝑝𝑖𝑗 > 0 [22]. 

Lemma 1 [23]: matrix B has algebraic multiplicity equal to 
one for its eigenvalue 𝜆 = 1 if and only if the graph associated 
with the matrix has a spanning tree. Furthermore, a stochastic 
matrix with positive diagonal elements has the property that 
|𝜆| < 1 for every eigenvalue not equal to one. 

Lemma 2 [23]: Let 𝐵 =  [𝑏𝑖𝑗  ]𝑛×𝑛 be a stochastic matrix. If 
B has an eigenvalue 𝜆 = 1 with algebraic multiplicity equal to 
one, and all the other eigenvalues satisfy |𝜆| < 1, then 𝐵 is 

SIA, that is, lim𝑘→∞ 𝑩𝑘  = 1𝑛𝒗𝑇, where 𝒗 satisfies 𝑩𝑇𝒗 = 𝒗 
and 1𝑛𝒗𝑇 = 1.  

Based on Lemma 1 and Lemma 2 , the following Lemma 3 
is obtained. 

Lemma 3: 𝑷 = (𝑰𝑛 − 𝑯𝑳) is SIA, i.e., lim
𝑘→∞

(𝑷)𝑘 = 1𝑛𝒗𝑇, if 
and only if, the associated graph G has a spanning three. 
Further, 𝑷𝑇𝒗 = 𝒗, 1𝑛𝒗𝑇 = 1 and each element of 𝒗 is 
nonnegative. 

B. Consensus in Undirected Multi-Agent System 
In multi-agent system with n discrete dynamic units (e.g. 

FESM) each unit has a dynamic as follow [18]: 

              𝑥𝑖(𝑡𝑘+1) = 𝑥𝑖(𝑡𝑘) +  𝑢𝑖(𝑡𝑘)                  (1) 

where 𝑡𝑘 = 𝑘ℎ, 𝑘 ∈ 𝑁 and h is the sampling period. 𝑥𝑖 ∈ 𝑅 
and, 𝑢𝑖 ∈ 𝑅 are the position like and control input of unit i, 
respectively.  

Each agent is regarded as vertex in a graph, and each edge 
(𝑣𝑗 , 𝑣𝑖) ∈ 𝐸 corresponds to an available information link 
between agents 𝑖 &𝑗. Each agent updates its current state 
based on information received from its neighbours.  

Definition 2: the multi-agent system (1) reaches consensus 
if for any initial condition, (2) holds [18].  

                 lim
𝑘→∞

𝔼‖𝑥𝑖[𝑘] − 𝑥𝑗[𝑘]‖ = 0                  (2) 

The graph associated to the communication network of 
system (1) is undirected by assuming A(1) and A(2). 

A(1): if 𝑎𝑖𝑗 = 𝑎𝑗𝑖  for all, (𝑣𝑖 , 𝑣𝑗) ∈ 𝑬 and 𝑨 = [𝑎𝑖𝑗] is 
an adjacency matrix of graph. 

A(2): at each time step, units i & j (i < j), are chosen 
with probability 𝑝𝑖𝑗 , where 𝑝𝑖𝑗 ∈ (0,1) and ∑ 𝑝𝑖𝑗

𝑛
𝑗=1 = 1; 

In an undirected network, once agents are chosen then 
the control inputs of two agents are as follows:  

     {
𝑢𝑖[𝑘 + 1] = 𝑥𝑖[𝑘] + ℎ𝑎𝑖𝑗(𝑥𝑗[𝑘] − 𝑥𝑖[𝑘])

𝑢𝑗[𝑘 + 1] = 𝑥𝑗[𝑘] + ℎ𝑎𝑗𝑖(𝑥𝑖[𝑘] − 𝑥𝑗[𝑘])
           (3) 

And they also keep static in (4).  

                                    𝑢𝑟[𝑘] = 𝑥𝑟[𝑘]                        (4) 

Theorem 1: consider an undirected communication network 
with graph 𝐺, assuming A(1)-A(2), where ℎ < 1 𝑚𝑎𝑥{𝑎𝑖𝑗}⁄ , 
then multi-agent system (1) with control input (3) and static in  
(4) can solves consensus if and only if the network 𝐺 has a 
spanning three [21]. 

Proof. (Sufficient): it suffices to prove that equation in (B) 
holds for any initial states. So, using (3) the states of all units 
at time iteration [𝑘 + 1] are as in (5). 

 {
𝑥𝑖[𝑘 + 1] = 𝑥𝑖[𝑘] + ℎ𝑎𝑖𝑗(𝑥𝑗[𝑘] − 𝑥𝑖[𝑘])

𝑥𝑗[𝑘 + 1] = 𝑥𝑗[𝑘] + ℎ𝑎𝑗𝑖(𝑥𝑖[𝑘] − 𝑥𝑗[𝑘])

𝑥𝑟[𝑘 + 1] = 𝑥𝑟[𝑘]

              (5) 

Finally the matrix form of (5)  is: 

    𝑥𝑖[𝑘 + 1] = 𝛷𝑖𝑗𝑥𝑖[𝑘],  𝑷(𝛷𝑘 = 𝛷𝑖𝑗) 𝑖. 𝑖. 𝑑  𝑝𝑖𝑗     (6) 
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                𝛷𝑖𝑗 = 𝑰𝑛 − 𝒉𝑎𝑖𝑗(𝑒𝑖 − 𝑒𝑗)(𝑒𝑗 − 𝑒𝑖)
𝑇
           

(7) 

where 𝒆i denotes the canonical vector with a 1 in the 𝑖th 
entry and zeros elsewhere. The abbreviation (i. i. d) stands for 
independent, independently distributed probability density 
function. Also according to A(2), the {𝑥[𝑘]} is a stochastic 
linear system, therefore: 

               𝔼(𝑥𝑖[𝑘 + 1]) = 𝔼(𝛷𝑖𝑗)𝔼(𝑥𝑖[𝑘])                (8) 

where 𝔼(x) is an expectation value of x. 

Since, 0 < ℎ <
1

max{𝑎𝑖𝑗}
, it is easy to derive, (1−𝑒

−2𝑎𝑖𝑗ℎ

2
) ∈

(0,
1

2
) and (1 − 𝑒−2𝑎𝑖𝑗ℎ) ∈ (0,1), where ℎ𝑎𝑖𝑗 ∈ (0,1). Thus, 

according to Theorem 1, 𝛷𝑖𝑗 is a stochastic matrix with 
positive diagonal entries. Further, the (i, j) −th and (j, i) −th 
entries of 𝛷𝑖𝑗 are positive, while all other non-diagonal entries 
are zeros. Since 𝔼(𝜱𝒌) = ∑𝛷𝑖𝑗𝑝𝑖𝑗 , thus 𝔼 (𝚽𝐤) is also a 
stochastic matrix as its all diagonal entries are positive and, 
the (𝑖, 𝑗) −th and (𝑗, 𝑖) −th entries of 𝛷𝑖𝑗 are positive if and 
only if (𝑣𝑗 , 𝑣𝑖) ∈ 𝐸, which means the graph G associated with 
E(Φk) is a strongly connected graph. Using lemma 1 and 
Lemma 2, we have: 

                       lim
𝑘→∞

(𝔼(𝚽𝑘))
𝑘

= 1𝑛𝒗𝑇                  (9) 

Thus, lim
𝑘→∞

(𝒙[𝑘])𝑘 = lim
𝑘→∞

(𝔼(𝜱𝑘))
𝑘
𝒙[0] = 1𝑛𝒗

𝑇𝒙[0], which 
implies that equation (2) holds and shows that the undirected 
multi-unit system (1) with control input (3) can solve 
consensus algorithm [21].  

C. Consensus in Unbalanced Directed Multi-Agent System 
In unbalanced directed systems the communication network 

is associated with unbalanced directed graph which means the 
exchanging information between units is asymmetrical. 

Here for each individual agent 𝑖 two subsets are defined. 
The set of all agents which can receive information from agent 
𝑖 denoted by 𝑁𝑖

+ = {𝑉𝑗|(v𝑖, v𝑗) ∈ E}. The set of all agents 
which can send information to the agent 𝑖 denoted by 𝑁𝑖

− =

{𝑉𝑗|(𝑣𝑗 , 𝑣𝑖) ∈ 𝐸}. Here the Laplacian matrix is not symmetric 
thereby the following strategy in Remark 1 is applied to 
provide new weight matrix to solve this problem. 
Remark 1: in a directed network the received information at 
each node (i.e., agent 𝑗) is partitioned into 𝜃𝑗 and (1 − 𝜃𝑗), the 
θj is left to node 𝑗 itself and the rest is fully shared between its 
neighbours [22]. 

Considering strategy in Remark 1 the weight matrix 
𝑷 = [𝑝𝑖𝑗] ∈  𝑅𝑁 × 𝑅𝑁, at iteration 𝑘, is defined as follow: 

                          𝑝𝑖𝑗[𝑘] = {
1 − 𝜃𝑖[𝑘]

�̅�𝑖𝑗𝜃𝑖[𝑘]

0

𝑖 = 𝑗
𝑗 ∈ 𝑁𝑖

−

𝑗 ∉ 𝑁𝑖
−

             (10) 

where �̅�𝑖𝑗 is set by node j where �̅�𝑗𝑗 = 0, 0 <  �̅�𝑖𝑗 < 1 and 
∑ �̅�𝑖𝑗 = 1𝑖,𝑖≠𝑗 . 0 < 𝜃𝑖[𝑘] < 1 is a local variable for further 
updates of weight matrix 𝑷 as follow: 

                    𝑷[𝑘] = �̅�𝜣[𝑘] + (𝑰𝑛 − 𝜣[𝑘])                  (11) 

where �̅� = [�̅�𝑖𝑗] and 𝜣[𝑘] = diag{𝜃𝑖[𝑘]}. 
To achieve an average consensus, the matrix 𝑷 should be 

derived as row stochastic matrix by updating 𝜽[𝑘]. Thereby, 
the average consensus algorithm in (5) is changed to: 

{
𝒙[𝑘 + 1] = 𝑷[𝑘]𝒙[𝑘] + (𝑰 −

1

2
(𝑰 + �̅�))𝜽[𝑘]

𝜽[𝑘 + 1] =
1

2
(𝑰 + �̅�)𝜽[𝑘]                                  

           (12) 

The state matrix 𝑴  and state space equation are derived as 
follows: 

                  𝑴 = [
𝑷[𝑘] (𝑰 −

1

2
(𝑰 + �̅�))

𝟎
1

2
(𝑰 + �̅�)

]                   (13) 

                          𝒚[𝑘 + 1] = 𝑴𝒚[𝑘]                              (14) 

Where 𝒚[𝑘] = [𝒙[𝑘] 𝜽[𝑘]]𝑇 . Since the row sums of 𝑴 are 
always 1 thus 𝑴 is an stochastic matrix and the associated 
graph has also spanning three, according to Lemma1 and 
Lemma2 the 𝑴 is SIA and lim

𝑘→∞
(𝑴)𝑘 = 1𝑛𝒗𝑇 and 𝑴𝑇𝒗 = 𝒗 , 

Thereby:  

lim
𝑘→∞

(𝒚[𝑘])𝑘 = lim
𝑘→∞

(𝑴)𝑘𝒚[0] = 1𝑛𝒗𝑇𝒚[0]     (15) 

where 1𝑛𝒗𝑇 = 1 and 𝒗 =
1

𝑛
1𝑛

𝑇  thus, 

lim
𝑘→∞

(𝒚[𝑘])𝑘 = lim
𝑘→∞

(𝑴)𝑘𝒚[0] =
1

𝑛
𝒚[0]          (16) 

It shows the equation in (2) is hold and thus the system in 
(12) can reach the average consensus [22]. 

III. INDIVIDUAL FESS UNIT CONTROL 
The overall scheme of the proposed FESM for datacentre 

microgrid is shown in Fig. 1. The block diagram of proposed 
control method for each individual FESS unit is also shown in 
Fig. 2. Each individual controller has two main modules 
including: charge and discharge control modules as shown in 
Blocks 1 and 2 in Fig. 3, respectively.  

The output of both control modules is the command 
inverter current which is obtained based on average consensus 
between all units. The consensus command inverter currents 
are set as an input to Block 3 where the command 𝑞-axis stator 
currents is obtained. The latter is passed to the current 
regulator component (fig. 5) to obtain the command 𝑑𝑞- stator 
voltages.  

The charge and discharge control modes and also the 
proposed DTC controller are illustrated in the forthcoming 
sections. 
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Fig. 1.  The schematic of proposed FESM for datacentre. 
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Fig. 2  Block diagram of individual FESS unit control scheme. 

A. Charge Control Mode 
In charge control mode, the control system aims at 

providing constant charging current for the flywheel system.  
To this end, first of all, the power relations between 

inverter current and the flywheel system are derived. 
The electrical power, at the terminal of the inverter, is 

given by (17) [25][26]. 

                          𝑃𝑑𝑐 = 𝑖𝑖𝑛𝑣 × 𝑣𝑑𝑐                          (17) 

Ignoring the power losses in the inverter, 𝑃𝑑𝑐  is equal to the 
electrical power (𝑃𝑒𝑙𝑒𝑐) at the terminals of the motor/generator. 
The electrical power is a function of electrical torque and rotor 
mechanical speed resulting in (18).  

                                        𝑖𝑖𝑛𝑣 = 
𝜏𝑒×𝜔𝑟𝑚𝑒𝑐ℎ

𝑣𝑑𝑐
                         (18) 

The electrical torque can be also obtained from stator 𝑑𝑞-
currents, in rotor reference frame, (𝑖𝑞𝑠

𝑟 , 𝑖𝑑𝑠
𝑟 ) as given in (19). 

                  𝜏𝑒 =
3

2

𝑃

2
[(𝐿𝑑𝑖𝑑𝑠

𝑟 + 𝜆𝑎𝑓)𝑖𝑞𝑠
𝑟 + (𝐿𝑞𝑖𝑞𝑠

𝑟 )𝑖𝑑𝑠
𝑟 ]          (19) 

where 𝑃 is the number of poles, 𝜆𝑎𝑓 is the induced flux 
linkage and, 𝐿𝑑, 𝐿𝑞  are 𝑑𝑞-axis rotor inductances.  

To provide a linear control system, between the electrical 
motor torque and the q-axis current, the command 𝑑-axis 
current is set at zero, 𝑖𝑑𝑠

𝑟∗ = 0. Thereby, (19) changes to: 

                                         𝜏𝑒 =
3

2

𝑃

2
𝜆𝑎𝑓𝑖𝑞𝑠

𝑟                              (20) 

Finally, substituting (20) in (18), and manipulating the 
obtained equation, the motor current is obtained as a function 
of the inverter current:  

                                         𝑖𝑞𝑠
𝑟∗ = 𝑖𝑖𝑛𝑣

∗ 3 𝜆𝑎𝑓𝜔𝑟 

2𝑣𝑑𝑐  
                        (21) 

where 𝜔𝑟  is an electrical rotor speed, equal to the product 
of the number of pole pairs and the mechanical rotor speed. 

According to (21) the command 𝑞-axis current is a function 
of the inverter current. To derive the command inverter 
current, 𝑖∗𝑖𝑛𝑣 , the command charging current, 𝑖𝑐ℎ𝑎𝑟𝑔𝑒

∗ , is 
compared with measured flywheel current, 𝑖𝑟𝑒𝑐  then, the error 
signal is passed through a PI controller. 

To speed up the PI controller operation, without need for 
large gains, the command charge currents added as feed 
forward (FF) control to the system directly [25]. The structure 
of the proposed charge control mode is shown in Fig. 3.  

B. Discharge Control Mode  
In discharge control mode, the command inverter current is 

determined based on the DC bus voltage error. The error 

signal is passed through a negative gain and next through the 
PI controller. The negative gain ensures the command inverter 
current is negative and thus the command 𝑞-axis stator 
currents is also negative values, which means the current is 
injected from the flywheel to the DC bus.  

To cope with a disturbance imposed to the system (e.g. a 
load change), a decoupled disturbance controller (DD) is 
added [25]. The rectifier current 𝑖𝑟𝑒𝑐is added directly to the PI 
controller output as DD control signal.  

The detailed structure of the proposed discharge control 
mode is also shown in Block 2 in Fig. 3.  

Once the error value, (𝑣𝑑𝑐
∗ − 𝑣𝑑𝑐) exceeds certain threshold 

value (i.e. 10 V DC), the control system switches from charge 
mode to the discharge control mode. 

C. Direct Torque Control (DTC) 
The proposed DTC scheme, as shown in Fig. 4, consists of 

four main components: (i) current regulator; (ii) flux-linkage, 
electrical torque and voltage sector estimator; (iii) rotor 
position and speed estimator; (iv) optimum voltage switch 
vector selection [23].  

2) Current Regulator 
The structure of the current regulator is shown in Fig. 5. By 

setting 𝑖𝑠𝑑𝑟∗ = 0, the command 𝑞-axis currents, obtained from 
charge/discharge control modules (see Block 3 in Fig. 4). The 
command 𝑑𝑞 stator currents are compared with the measured 
𝑑𝑞 currents. The resulting error signals are passed through PI 
controllers and by adding the decoupled current control 
components, the command 𝑑𝑞 stator voltages, in rotor 
reference frame, are obtained. Transferring the 𝑑𝑞 voltages to 
the stationary reference frame, the command 𝐷𝑄 voltages are 
obtained as follow: 

                    𝑣𝐷𝑠
𝑠∗ + 𝑗𝑣𝑄𝑠

𝑠∗   = (𝑣𝑑𝑠
𝑟∗ + 𝑗𝑣𝑞𝑠

𝑟∗)𝑒(𝑗𝜃𝑟)              (22) 

where 𝜃𝑟 is the rotor position in 𝑟𝑎𝑑. 

3) Flux-linkage, Electrical Torque and Voltage Sector 
Estimation 

Given command 𝐷𝑄-voltages, obtained from the current 
regulator component, and the monitored 𝐷𝑄-currents in 
terminal of the machine, the 𝐷𝑄-axis stator flux-linkage 
components are obtained as follows [26]: 

                            ѱ𝐷𝑠
𝑠 = ∫(𝑣𝐷𝑠

𝑠∗ − 𝑟𝑠𝑖𝐷𝑠
𝑠 )𝑑𝑡                     (23-1) 

                           ѱ𝑄𝑠
𝑠 = ∫(𝑣𝑄𝑠

𝑠∗ − 𝑟𝑠𝑖𝑄𝑠
𝑠 )𝑑𝑡                       (23-2) 

where 𝑟𝑠 is the stator resistance. The modulus of the stator 
flux linkage is given by (15). 

                       |ѱ𝑠| = √(ѱ𝐷𝑠
𝑠 )

2
+ (ѱ𝑄𝑠

𝑠 )
2                         (24) 

Further, the electrical torque is derived as shown in (25). 

                               𝑡𝑒 =
3

2
𝑃(ѱ𝐷𝑠

𝑠 𝑖𝐷𝑠
𝑠∗ − ѱ𝑄𝑠

𝑠 𝑖𝑄𝑠
𝑠∗ )                 (25) 

Finally, the corresponding sector is determined based on 
the location of the stator flux-linkage which is given by (26): 
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                                    𝛼 = tan−1 (
ѱ𝐷𝑠

𝑠

ѱ𝑄𝑠
𝑠 )                              (26) 

Fig. 6 shows the six voltage switching vectors together with 
the six sectors; these sectors cover the angles; 𝛼(1) =
0°, 𝛼(2) = 60°,…, 𝛼(6) = 300°. 

4) Voltage Switch Vector Selection from Lookup Table 
Once the stator flux linkage and the rotor speed are 

estimated as shown in Fig. 5 they are compared with the 
command signals [26].  

The rotor-speed control loop uses a PI controller where the 
controller output determines the command electrical torque 
signal. The electrical torque and the stator flux-linkage 
errors are input to the flux and torque hysteresis 
comparators, respectively. Both are two-level comparators. 
The discretized outputs of the hysteresis comparators 
(𝑑ѱ, 𝑑𝑡𝑒) are input to the optimum voltage switching 
selection look-up table as shown in Table I after which the 
optimum switching vector is selected.  
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TABLE I 

OPTIMUM SWITCHING VOLTAGE VECTOR LOOKUP TABLE 
𝒅ѱ 𝒅𝒕𝒆 𝜶(𝟏) 𝜶(𝟐) 𝜶(𝟑) 𝜶(𝟒) 𝜶(𝟓) 𝜶(𝟔) 

1 1 �̅�2 �̅�3 �̅�4 �̅�5 �̅�6 �̅�1 
0 �̅�6 �̅�1 �̅�2 �̅�3 �̅�4 �̅�5 

0 1 �̅�3 �̅�4 �̅�5 �̅�6 �̅�1 �̅�2 
0 �̅�5 �̅�6 �̅�1 �̅�2 �̅�3 �̅�4 
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Fig. 6.  Six active switching vectors (u̅1, u̅2, … , u̅6) [26]. 

IV. DISTRIBUTED CONTROL SCHEME BASED ON CURRENT 
RATIO CONSENSUS ALGORITHM 

This section proposed a distributed control method for 
FESM in two main modes: charge and discharge modes, by 
providing sufficient inverter current average consensus based 
on charge/discharge capacity of each individual FESS.  

As shown in Section III the control of each individual 
FESS unit is dependent on its reference inverter current. Given 
reference inverter current the q-axis rotor current is set by (21) 
and then the reference 𝑑𝑞-axis voltages are determined 
through current regulator component which are used as an 
input to DTC control block as shown in Fig. 4. The current 
reference for each flywheel unit is decided by its current 
charging or discharging capacity. The maximum charge and 
discharge inverter current for FESS unit 𝑖 denoted as 𝐼�̅�𝑐ℎ𝑎𝑟& 
𝐼�̅�
𝑑𝑖𝑠𝑐  and given by the following equations respectively: 

                         𝐼�̅�𝑐ℎ𝑎𝑟 =
1

2𝑉𝑑𝑐
𝐽

(�̅�𝑖
2−𝜔𝑖0

2 )

ℎ
                          (27) 

                         𝐼�̅�𝑑𝑖𝑠𝑐 =
1

2𝑉𝑑𝑐
𝐽

(𝜔𝑖0
2 −𝜔𝑖

2)

ℎ
                          (28) 

Where 𝐽  is the moment of inertia, 𝜔𝑖 and 𝜔𝑖 are the 
maximum and minimum speed of FESS unit 𝑖, and 𝜔𝑖0 is 
current speed of unit 𝑖, 𝜔𝑖 < 𝜔𝑖0 < 𝜔𝑖. 𝑉𝑑𝑐 is a reference 
value of DC-link voltage. Finally ℎ = 𝑇𝑠 represents the time 
step.  

To solve consensus algorithm for FESM, the following 
current ratio factors are defined for each individual unit (for 
instance, for unit 𝑖 at 𝑘th time iteration): 

                              𝑟𝑖𝑐ℎ𝑎𝑟[𝑘] =
𝑞𝑖

𝑐ℎ𝑎𝑟[𝑘]

𝑧𝑖
𝑐ℎ𝑎𝑟[𝑘]

                          (29) 

                               𝑟𝑖𝑑𝑖𝑠𝑐[𝑘] =
𝑞𝑖

𝑑𝑖𝑠𝑐[𝑘]

𝑧𝑖
𝑑𝑖𝑠𝑐[𝑘]

                           (30) 

where 𝑞𝑖
𝑐ℎ𝑎𝑟[𝑘], 𝑧𝑖

𝑐ℎ𝑎𝑟[𝑘], 𝑞𝑖
𝑑𝑖𝑠𝑐[𝑘], 𝑧𝑖

𝑑𝑖𝑠𝑐[𝑘] are the 
auxiliary variables for further updating.  

Without loss of generality the FESS units that only they 
have access to ∆𝐼 (the total command inverter current) are 
called leader units and indexed from 1 to 𝑙.  

The initial values for the leader FESS units and other units 
are set respectively as in (33) & (34) [22]. 

              {
𝑞𝑖

𝑐ℎ𝑎𝑟[0] =
∆𝐼𝑐ℎ𝑎𝑟

𝑙
, 𝑧𝑖

𝑐ℎ𝑎𝑟[0] = 𝐼�̅�
𝑐ℎ𝑎𝑟

𝑞𝑖
𝑑𝑖𝑠𝑐[0] =

∆𝐼𝑑𝑖𝑠𝑐

𝑙
, 𝑧𝑖

𝑑𝑖𝑠𝑐[0] = 𝐼�̅�
𝑑𝑖𝑠𝑐

         (31) 
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𝑖 = 1, … , 𝑙 

                      {
𝑞𝑖

𝑐ℎ𝑎𝑟[0] = 0, 𝑧𝑖
𝑐ℎ𝑎𝑟[0] = 𝐼�̅�

𝑐ℎ𝑎𝑟

𝑞𝑖
𝑑𝑖𝑠𝑐[0] = 0, 𝑧𝑖

𝑑𝑖𝑠𝑐[0] = 𝐼�̅�
𝑑𝑖𝑠𝑐          (32) 

𝑖 = 𝑙 + 1,… , 𝑛 

Where the ∆𝐼𝑑𝑖𝑠𝑐  and ∆𝐼𝑐ℎ𝑎𝑟  at 𝑘th time iteration are given 
by (3).  

           {
∆𝐼𝑑𝑖𝑠𝑐[𝑘] = −(𝑘𝑝

𝑑𝑖𝑠𝑐 + ℎ𝑘𝑖
𝑑𝑖𝑠𝑐)∆𝑉[𝑘]

∆𝐼𝑐ℎ𝑎𝑟[𝑘] = (𝑘𝑝
𝑐ℎ𝑎𝑟 + ℎ𝑘𝑖

𝑐ℎ𝑎𝑟)∆𝐼[𝑘]
             (33) 

                     {
∆𝑉[𝑘] = 𝑉𝑑𝑐

∗ − 𝑉𝑑𝑐[𝑘],

∆𝐼[𝑘] = 𝐼𝑐ℎ𝑎𝑟
∗ − 𝐼𝑟𝑒𝑐[𝑘] 

                         (34) 

Where h denotes sampling time, 𝑉𝑑𝑐
∗  is command DC-link 

voltage 𝐼𝑐ℎ𝑎𝑟
∗  is a command charge current and 𝐼𝑟𝑒𝑐 is the 

rectifier current and in 𝑘th time iteration is calculated as 
𝐼𝑟𝑒𝑐[𝑘] = 𝐼𝑖𝑛𝑣[𝑘] + 𝐼𝑙𝑜𝑎𝑑[𝑘]. The 𝑘𝑝

𝑑𝑖𝑠𝑐 , 𝑘𝑖
𝑑𝑖𝑠𝑐 , 𝑘𝑝

𝑐ℎ𝑎𝑟  and 𝑘𝑖
𝑐ℎ𝑎𝑟  

are the PI controller gains at discharge and charge modes, 
respectfully.    

V. SIMULATION RESULTS    
A simulation model of FESM integrated in datacentre 

microgrid is simulated in Matlab/Simulink. The total load 
consumption of datacentre is considered as 850 MWh per 
year. The FESM includes six FESS units with the minimum 
speed of 2000𝑟𝑝𝑚 (209 rad/s) and the maximum speed of 
10000 rpm (1047 rad/s) where the current speed of all FESS 
units is considered as 6000rpm (628 rad/s). The moment of 
inertia of FESM units are J=[20.5, 25.6, 30.4, 35.6, 40.4, 
45.4]kgm2.  

The nominal DC-link voltage is Vdc
∗ = 700V and the 

reference charge current is the rated current of PMSM 
machines Ichar

∗ = [2.03, 2.03, 3.97, 3.97, 6.9, 6.9], and the 
reference discharge current is Idisc

∗ = [36.7, 45.3, 55.4, 64.2,   
75.2, 83.7], the PI controller gains for both charge and 
discharge modes are the same Kp=1.2, Ki=12 and the 
sampling time is Ts = 2e−4. 

Three different case studies have been considered in order 
to verify the performance of proposed control scheme under 
different situations. 

  
Case study 1: Voltage-dip mitigation using FESM with 
undirected graph with spanning three 

In this case, 6 FESS units are connected to each other under 
undirected network as shown in Fig. 7. The balanced voltage 
dip in grid side is assumed thus the require DC-link voltage 
regulation is about 400V. To keep DC-link voltage in constant 
level the FESM should move to discharge mode to regulate 
DC-link voltage. In this case we have: ∆𝑉 =300V and the 
∆𝐼𝑑𝑖𝑠𝑐[𝑘] = −360A using (33). 

Further, the FESS units 1 and  6 are selected as leader units. 
The reference inverter currents for all units are set as Idisc

∗  and 
the reference values for ratio factors are set as 𝑞𝑖

𝑑𝑖𝑠𝑐[0] =

[−180, 0, 0, 0, 0, −180], 𝑞𝑖
𝑑𝑖𝑠𝑐[0] = [−180, 0, 0, 0, 0, −180], 

𝑧𝑖
𝑑𝑖𝑠𝑐[0] = [36.7, 45.3, 55.4, 64.2, 75.2, 83.7]. 

Fig. 8 shows the consensus of the ratio factors as shown the 
ratio factor convergences to their steady state values. 

Fig. 9 shows the trajectory of reference inverter currents for 
different units. As results show that the converged reference 
currents of units are proportional to the capacity of units and 
further as shown in Fig. 10 the total inverter currents of all 
FESS units converges to the required ∆𝐼𝑑𝑖𝑠𝑐  value. 
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FESS
2

FESS
2

FESS
3

FESS
3

FESS
4

FESS
4

FESS
5

FESS
5

FESS
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6  

Fig.7.  Topology of FESM under undirected communication network 
 

 
Fig. 8.  Trajectories of ratio factors, with undirected balanced communication 

network topology. 
 

 
Fig. 9.  Trajectories of the inverter current references, with undirected 

balanced communication network topology. 
 

 
Fig. 10.  The total inverter currents of FESM and total required current with 

undirected balanced communication network topology. 
 
Case study 2: Voltage-dip mitigation using FESM with 
directed and unbalanced network. 

The similar situation such as Case study 1 is assumed 
however the FESM units are connected to each other under 
directed and unbalanced network as shown in Fig. 11. The 
same DC-link voltage drop and hence the same ∆𝐼𝑑𝑖𝑠𝑐  is 
assumed. All the initial values are the same as Case study 1 
however the weight matrix 𝑷 is derived according to equation 
in (11) where the probability matrix is set as �̅� =

1

𝐷+ where �̅�𝑖𝑗 
values are set according to (10). The update parameter 𝜃 is 
initialized as 𝜽[0] =

1

2
𝟏𝑛

𝑇  and the matrix �̅� is obtained as: 
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�̅� =

[
 
 
 
 
 

0 0
1 2⁄ 0
0 1

0 0
0 0
0 0

0 1
0 0
0 0

0 0
0 0

1 2⁄ 0

1 0
0 1
0 0

0 0
0 0
1 0]

 
 
 
 
 

 

 
Fig. 12 shows the consensus of the ratio factors under 

unbalanced diagraph. Fig. 13 shows the trajectory of 
parameter 𝜽 it shows the stable state of 𝜽[𝑘] = [0.75, 0.375,

0.375, 0.375, 0.375, 0.75, ]𝑇 which satisfies ∑ 𝜃𝑖[𝑘]𝑖 =
∑ 𝜽𝑖[0]𝑖 = 3 and �̅�𝜽[𝑘] = 𝜽[𝑘]. 

Fig. 14 shows the trajectory of reference inverter currents 
for different units. As Fig. 15 shows the total inverter currents 
of all FESS units converges to the required ∆𝐼𝑑𝑖𝑠𝑐  value in 
balanced network situation in Case study 1. 
 

FESS
1

FESS
1

∆I∆I

FESS
2

FESS
2

FESS
3

FESS
3

FESS
4

FESS
4

FESS
5

FESS
5

FESS
6

FESS
6

 
Fig. 11.  Topology of FESM under unbalanced directed communication 

network 

 
Fig. 12.  Trajectories of ratio factors, with directed unbalanced 

communication network topology. 
 

 

 
Fig. 13.  Trajectory of parameter 𝜃. 

  

 
Fig. 14.  Trajectories of the inverter current references, with directed 

unbalanced communication network topology. 
 

 
Fig. 15.  The total inverter currents of FESM and total required current with 

directed unbalanced communication network topology. 

Case study 3: Voltage-fluctuation disturbance and switching 
topology. 

In this case study it is assumed that the power grid is in 
normal condition and thus FESM is in charge mode suddenly 
because of voltage fluctuation the required DC-link voltage 
regulation is about 100 V and thus, ∆𝑉 =600V and 
∆𝐼𝑑𝑖𝑠𝑐[𝑘] = −720A, where the fluctuation is last for about 
one cycle (100 iterations). The initial ratio factors for this case 
are set as  𝑞𝑖

𝑑𝑖𝑠𝑐[0] = [−360, 0, 0, 0, 0, −360] and 𝑧𝑖
𝑑𝑖𝑠𝑐[0] =

[36.7, 45.3, 55.4,64.2, 75.2, 83.7]. Then voltage recovers to 
its normal condition and thus the FESM switches again to the 
chare mode (∆𝐼𝑐ℎ𝑎𝑟[𝑘] = 25.8A), 
 𝑞𝑖

𝑐ℎ𝑎𝑟[0] = [
25.8

2
, 0, 0, 0, 0,

25.8

2
] 𝑧𝑖

𝑐ℎ𝑎𝑟[0] = [2.03,

2.03, 3.97, 3.97, 6.9, 6.9] but, in this time the network 
topology is changed from undirected to the directed 
unbalanced topology. 

Fig. 16 and Fig. 17 show the convergence of the ration 
factors and reference inverter currents, in three cycles, 
respectively. 

There is no big under/overshoots during transitions from 
one mode to the other mode even during topology switching. 
Fig. 18 shows that the proposed consensus algorithm can 
reach the total required inverter currents in all three case 
studies.  
 

 
Fig. 16.  Trajectories of ratio factors, under switching from discharge to 

charge mode and also switching topologies. 
 

 
Fig. 17.  Trajectories of the inverter current references, under switching from 
discharge to charge mode and also switching topologies. 
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Fig. 18.  The total inverter currents of FESM and total required current, under 

switching from discharge to charge mode and also switching topologies. 

VI. CONCLUSION 
This paper proposes a flywheel energy storage matrix 

(FESM) to fulfill fault-ride-through (FRT) requirement in 
large DC data centres. The novel distributed control method, 
based on average consensus control theorem, has been 
provided in the aid of coordinating the operation of each 
flywheel energy storage system (FESS) in overall FESM 
system. 

The contribution of each FESS unit for FRT requirement is 
determined based on its charge or discharge capacity which is 
indicated according to some ratio value so-called inverter-
current-ratio. The proposed method is applicable to both 
directed and undirected communication network topologies. 
The proposed method has been verified throughout several 
case studies considering different kinds of communication 
network topologies and voltage dip or transient events.  

The simulation results provide supports for effectiveness of 
the proposed method. 
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