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Abstract 
 
Developments in measurement technology, communication and data storage 
have resulted in measurement systems that produce large amount of data. 
Together with the long existing need for characterizing the performance of the 
power system this has resulted in demand for automatic and efficient 
information-extraction methods. The objective of the research work presented in 
this thesis was therefore to develop new robust methods that extract additional 
information from voltage and current measurements in power systems. This 
work has contributed to two specific areas of interest. 
 
The first part of the work has been the development of a measurement method 
that gives information how voltage flicker propagates (with respect to a 
monitoring point) and how to trace a flicker source. As part of this work the 
quantity of flicker power has been defined and integrated in a perceptionally 
relevant measurement method. The method has been validated by theoretical 
analysis, by simulations, and by two field tests (at low-voltage and at 130-kV 
level) with results that matched the theory. The conclusion of this part of the 
work is that flicker power can be used for efficient tracing of a flicker source 
and to determine how flicker propagates. 
 
The second part of the work has been the development of a voltage disturbance 
classification system based on the statistical learning theory-based Support 
Vector Machine method. The classification system shows always high 
classification accuracy when training data and test data originate from the same 
source. High classification accuracy is also obtained when training data 
originate from one power network and test data from another. The classification 
system shows, however, lower performance when training data is synthetic and 
test data originate from real power networks. It was concluded that it is possible 
to develop a classification system based on the Support Vector Machine method 
with “global settings” that can be used at any location without the need to 
retrain. The conclusion is that the proposed classification system works well and 
shows sufficiently high classification accuracy when trained on data that 
originate from real disturbances. However, more research activities are needed 
in order to generate synthetic data that have statistical characteristics close 
enough to real disturbances to replace actual recordings as training data. 
 

Keywords: power transmission and distribution, digital signal processing, 
power quality monitoring, light flicker, power system disturbance, voltage dips, 
Support Vector Machines. 
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Chapter 1  
 

Introduction 

 
1.1 Background 
The society of today is depending on having access to electrical energy with 
high reliability and quality to function satisfactory. That is one important reason 
why power quality has become in focus during the last decade. Power quality as 
well as the related subject reliability concerns among others the performance of 
power network from the perspective of the customer. In a broad sense, power 
quality is a summary of different parameters estimating the compatibility 
between the electrical network and the customer equipment. To determine how 
good or how bad the power quality is, specific power quality related parameters 
are measured in the network and the results of a measurement are compared to 
existing standards. When the power quality is not good enough these 
measurements are used as a basis for mitigating activities. The most common 
power quality parameters are discussed further in Chapter 2.  
 
A number of reasons can be identified for the interest in power quality: 
 
The electric energy is to be considered a product and shall therefore, like 
products in general, be quality assured. The definition of appropriate power 
quality and reliability parameters and targets an important part of the quality 
assurance of electricity as a product. 
 
Equipment has become more sensitive to bad power quality. Examples of such 
equipment are computers, automation devices and devices containing different 
kinds of power electronics. 

 
Equipment causes bad power quality. An important reason is the increasing use 
of power electronics, which are often a source of disturbances and distortion. 
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Equipment mal-operation or damage can cause a costly interruption of plant 

operation to a customer. Power quality sensitive enterprises like paper and pulp 
industries, semiconductor industries, hospitals, airports etc, have become 
focused on the power quality because of the consequences of an interruption.  
 
The increasing loads of new sources of generation like wind power, solar power 
and small-size combined- heat and power, may danger the performance of the 
power network [1]. Well defined performance indices, like power quality 
indices, are needed for a qualitative analysis of the impact of new sources of 
generation on the power network and on other customers. 
 
In some cases, the ongoing deregulation of the electricity market (worldwide) 
has decreased the maintenance activities and limited investments in the network 
giving negative impact on the power quality [2]. This has increased the demand 
for quality assurance of the electrical energy. In some countries in South 
America, for example, the governments have established specific power quality 
laws in order to guarantee the customer a certain level of power quality. In Peru, 
the network operators have to pay the customer a fee for each kWh that doesn’t 
meet the agreed power quality levels. In Sweden, Vattenfall compensates their 
customers for voltage interruptions longer than 24 h. Norway and Great Britain 
have similar guarantees to their customers. The Swedish electricity law states 
that the “distribution of power shall be of good quality”. 
 
Network operators have an interest to measure the power quality regularly. The 
power quality parameters give valuable information about the current status and 
performance of the network. The information is used in the dialogue between 
the network operator and the customer. The information is also valuable when 
planning the network.  
 
The increasing interest in power quality over the past years can also be observed 
from Figure 1.1 and is (with permission) from [81]. The figure gives the number 
of papers in the INSPEC database that use the term power quality in the title, the 
abstract or in the keyword list. Especially since 1995 the interest in power 
quality appears to increase exponentially and some of the main reasons for this 
are given in the above text. 
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Figure 1.1. Use of term power quality in papers from the INSPEC database, 1968-2004 [81] . 

 
In coming years one can expect a further increase in attention to power quality 
issues. European regulators are for example concerned about the voltage quality 
indicated by the voltage characterization standard EN 50 160. It is well known 
that the limits and values in this standard is too loose and do not constitute a 
good basis for power quality regulation. Therefore, many regulators think that a 
stricter voltage quality standard is required. A recent report by the European 
regulators group for electricity and gas (ERGEG) emphasized this need for 
stricter voltage standards [3]. In recent years, some regulators have introduced 
voltage quality standards different from those in EN 50 160. For example, 
Spain, Hungary, Norway, France and Portugal have introduced national 
requirements for supply voltage variations. The Norwegian regulator (NVE) has 
also introduced limits for rapid voltage changes, limits for the voltage unbalance 
and limits for harmonics which are different from corresponding limits in EN 
50 160. Portugal has introduced limits for harmonics different from EN 50 160 
for higher voltage voltage levels than the scope of EN 50 160. A discussion 
what constitutes good power quality was initiated recently in Sweden by the 
Swedish national audit office (“Riksrevisionen”) [4] and continued among 
others in a report by Elforsk [5]. 

The cost for poor power quality 

It is well known that the cost due to poor power quality can be very high. For 
example, process industries like paper and pulp plants, refineries, steel plants 
etc. are very sensitive for poor power quality (especially poor votlage quality). 
Therefore, several European contries have estimated the customer’s costs related 
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to poor voltage quality. For example Norway finished a national research project 
in 2002 based upon nation wide customer survey including both short and long 
interruptions as well as some other selected voltage parameters. The result of the 
project showed the following annual costs related to the following parameters: 
 

• Supply voltage variations: 5375 € to 17875 € per respondent (based on 
response from seven companies within the process industry). 

• Transient overvoltages: approximately 3125 € per respondent (based on 
respose from eight companies within the process industry). 

• Voltage dips: estimated cost is between 21.3 M€ and 41.3 M€ (!) 
• Short interruptions: estimated cost is between 47.5 M€ and 66.3 M€ (!) 

 
The Norwegian research project clearly shows that it is not only interruptions 
that are costly for the process industries, also voltage dips and supply voltage 
variations are affecting these industries seriously [3].  
 
In Sweden, a research project was finished in 2003 and based on made customer 
surveys. The project reported an estimated annual cost for industrial customers 
related to voltage dips and short interruptions from 105 M€ to 157 M€ (!) [6]. 
 
An Italian nation wide survey including 256 industrial companies was carried 
out in 2004 to investigate customer’s costs for voltage dips and short 
interruptions. 20 industries reported relatively high cost for bad voltage quality 
(between 400 €/kW and 150 €/kW), another 20 industries reported the cost 
between 120 €/kW and 75 €/kW. The rest of the industries reported a cost lower 
than 75 €/kW [3]. 
 
There is a need for further research regarding the costs associated with poor 
power quality. However, above investigations indicate that the society’s costs 
for unsatisfactory power quality are rather high. An international working group 
was recently started aimed at mapping the knowledge on economic 
consequences of bad power quality [7]  

Origin of power quality disturbances 

Power quality phenomena are normally generated by the load and propagate in 
the network influencing the supply system as well as other loads. The level of 
power quality is determined by the loads connected to the network as well as by 
the design of the network and can be explained as follows: Let a power network 
consists of a (ideal) voltage source followed by a source impedance connected to 
a bus-bar. The bus-bar has (normally) outgoing lines where the loads are 
connected. Now, suppose a heavy load is suddenly connected to one of the 
outgoing lines. The current in that line will rise and cause an increased voltage 
drop on both the line impedance and the source impedance. The voltage 
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magnitude at the busbar will drop if the voltage across the source impedance is 
significant. Low source impedance means low voltage drop across the source 
impedance and hence the voltage magnitude at the bus-bar will (more or less) 
remain. Thereby, the other loads connected to that bus-bar will not be affected 
when the connecting the heavy load. On the other hand, high source impedance 
will cause high voltage drop across the source impedance and thereby a drop in 
the voltage magnitude at the bus-bar. As a consequence, the voltage magnitudes 
at connected loads will also drop. This example shows that the level of power 
quality depends on both the network and connected loads (the same example can 
be used when studying other power quality phenomenon as well). Generally 
speaking, a power network with low source impedance (i.e. strong network) will 
reduce power quality phenomena while a power network with high source 
impedance (i.e. weak network) is more sensitive to bad power quality. The 
conclusion is there is an interaction between the power network and connected 
loads that influences the power quality of the system (Figure 1.2). 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Figure 1.2. The interaction between the power network and a load. 

 

1.1.1 Motivation and aim of the thesis 

Power quality has become a vital issue for both network operators and industries 
in recent years. The increased concern for power quality has resulted in 
significant advances in monitoring equipment that are used to characterize 
power quality and to check the performance of the power network. These power 
quality monitoring systems produce large amount of data which (normally) is 
evaluated manually by power quality specialists. However, a lot of time could be 
saved if this information could be analyzed and evaluated more automatically. 
Thereby, the power quality specialists could focus on solving other (more 
important) power quality problems. The work presented in this thesis is 
therefore focused on the development of new robust methods that take the 
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analysis of a power quality recording one step further. First part of the work is 
development of a measurement method for tracing flicker sources and the 
second part is the development of a method for automatic classification of 
voltage disturbances. Both these methods are highly demanded by power quality 
specialists.  

Tracing flicker sources 

Traditional flicker severity parameters Pst and Plt measured by todays power 
quality monitors give only information about the level of voltage flicker (i.e. the 
level of voltage fluctuations) but they do not give any information how flicker 
propagates throughout the network or help tracing the flicker source. The aim of 
the first part of the work was therefore to develop a measurement method that 
gives information how flicker propagates (with respect to a monitoring point) 
and also traces flicker sources. The proposed method should be “perceptionally 
relevant” such that it only considers those voltage fluctuations leading to light 
flicker. The method should further be implementable in a power quality monitor 
and applicable using existing technology. Performing field tests was therefore an 
important aim of the work.  

Classification of voltage disturbances 

The aim of the second part of the research work was the development of a 
voltage disturbance classification system. The classification system shall 
classify common types of voltage disturbances based on information relevant for 
the origin of the disturbance. It was decided to use the latest developments in 
statistical learning theory more specificly the Support Vector Machine (SVM) 
method. This classification method offers some important advantages like: 

• robustness (relies on solid mathematical foundation) 
• high detection rate and good generalization performance  
• fast (i.e. requires moderate computational capacity) 
• easy to implement in a measurement device 
• easy to maintain (for example to re-train in order to achieve higher 

accuracy) 
• easy to extend with new disturbance types 

 
Another important aim of this part of the work was to investigate the 
performance of the proposed classification system when training data and test 
data originate from different sources. If this works well, it opens up for using 
synthetic training data and parameter settings of the SVM method that can be 
used globally. Using synthetic training data means no need for access to data 
originating from real power networks. This is an important advantage since it 
can be difficult to gather enough amounts of training data from real 
disturbances, especially for rare disturbances. 
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1.2 Outline of the thesis 
The thesis consists of three parts, where part I gives a general introduction to 
power quality and part II and part III describe the two subjects that were 
addressed in this research work. 

Chapter 1 Introduction 

The present and introductory chapter of the thesis. 

Part I 

Chapter 2  Power Quality Parameters and Standards 

This chapter gives an introduction to power quality. Common power quality 
parameters are discussed and important power quality standards are introduced. 

Chapter 3 Power Quality Monitoring 

This chapter gives some general information on power quality monitoring. A 
typical power quality monitor is described as well as a modern power quality 
monitoring system. 

Part II 

Chapter 4 Flicker and Flicker Power Theory 

This chapter starts with a discussion of voltage fluctuations and light flicker 
followed by the derivation of “flicker power”. A flicker-power meter based on 
the derived theory is proposed and some implementational issues for this flicker-
power meter are discussed. 

Chapter 5 Validation of Flicker Power Theory 

Chapter 5 presents the results of simulations in MATLAB as well as results of 
conducted field tests based on the flicker power algorithm introduced in Chapter 
4. The work presented in Chapter 4 and Chapter 5 has been published in 
transaction papers [51] and [52], in conference paper [53] and in patent [50].  

Part III 

Chapter 6 Machine learning and Classification 

This chapter contains an introduction to machine learning and introduces some 
important terminologies. A general type of classification system is also 
discussed. 
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Chapter 7 Support Vector Machines 

This chapter introduces the Support Vector Machine method. The principle of 
structural risk minimization is discussed followed by derivation of Support 
Vector Machines for linearly separable data, non-linearly separable data and 
Support Vector Machines using kernel functions. 

Chapter 8 Classification of Voltage Disturbances using the Support Vector 

Machine Method 

This chapter contains the development of a classification system for 
classification of some common types of voltage disturbances. The proposed 
classification system is based on the contents in Chapter 6 and Chapter 7. The 
performance of the classification system is determined by using disturbance data 
from two real power networks as well as synthetic generated data. The work 
presented in this chapter has been published in transaction paper [93], in journal 
article [135], and in conference articles [94] and [110]. 

Chapter 9 Conclusions and Future Work 

This chapter contains conclusions and suggestions of further research activities. 

1.3 List of publications and patent 

Refereed journals 

P. Axelberg, M.H.J. Bollen, “An Algorithm for Determining the Direction to a 
Flicker Source”, IEEE Transactions on Power Delivery, 2005. 
 
P. Axelberg, I. Gu, M. Bollen. “Trace of Flicker Sources by using the Quantity 
of Flicker power”. Accepted to be published in IEEE Transactions on Power 
Delivery, 2006  
 
P. Axelberg, I. Gu, M. Bollen. “Support Vector Machine for Classification of 
Voltage Disturbances”. Accepted to be published in IEEE Transactions on 
Power Delivery, 2006 
 
M. Bollen, I. Gu, P. Axelberg, and E. Styvaktakis “Classification of Underlying 
Causes of Power Quality Disturbances: Deterministic versus Statistical 

Methods," Accepted for publication in EURASIP Journal on Advances in Signal 
Processing, 2007. 

Other journals 

P. Axelberg, “A Quality Information System Based on Distributed Data 
Acquisition”, Electrical Power Quality and Utilization Magazine, Vol. I, No 2, 
2005. 
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Patent 

P Axelberg, J Carlsson, “A Measurement Method to Determine the Direction to 
a Flicker Source”, Swedish patent no 525 331, 2005. 

Conferences  

P. Axelberg, G. Pool, Experiences from the Deregulated Electricity Markets in 
South America, Nordic Distribution Automation Conference, Trondheim, 
Norway, 2000. 
 
P. Axelberg and D. Peck, Current and Emerging Trends in IEC Standards and 
their Implications for Power Quality Measurement Systems, Distribution 2001 
Conference, Brisbane, Australia, 2001. 

 
P. Axelberg, M.H.J. Bollen, International standards for power quality 
measurement systems, CIRED 2002, Kuala Lumpur, Malaysia, 2002. 
 
P. Axelberg, M. Bollen, Measurement Methods for Calculation of the Direction 
to a Flicker Source, 4th International Workshop on Large-Scale Integration of 
Wind Power and Transmission Networks for Offshore Wind Farms. 20.-22. Oct. 
2003, Billund, Denmark. 
 
P. Axelberg, M. Bollen, I. Gu, “A Measurement Method for Determining the 
Propagation of Propagation of Flicker and for Tracing a Flicker Source”, 18th 
Int. Conference on Electricity Distribution – CIRED 2005, Turin – Italy, 6-9th 
June 2005. 
 
P. Axelberg, I. Gu, M. Bollen, “Classification of Power Network Disturbances 
using the Support Vector Machine Method”, Nordic Distribution and Asset 
Management Conference, NORDAC 2006, Stockholm, Sweden, Aug. 2006. 
 
P. Axelberg, I. Gu, M. Bollen,  “Performance Test of a Support Vector Machine 
used for Classification of Voltage Disturbances”, IEEE Int. Conf. on Harmonics 
and Quality of Power, Cascais, Portugal, Oct. 2006. 
 
P. Axelberg, I. Gu, M. Bollen, “Automatic Classification of Voltage Events 
using the Support Vector Machine Method”, 19th Int. Conference on Electricity 
Distribution – CIRED 2007, Vienna, Austria, May 2007 
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Chapter 2  
 

Power Quality Parameters 

and Standards 

 
2.1 Introduction 
To fully understand the concept of power quality it is necessary to have a good 
knowledge of the terminology. It is also necessary to have some knowledge of 
the most common power quality standards. A general description of different 
power quality parameters is therefore introduced and discussed in this chapter as 
well as an introduction to the most common power quality standards.  

2.2 Terminology 
So far, there is no world wide accepted definition of power quality. Different 
people interpret the term power quality slightly different. People working with 
system protection often identify power quality with reliability. People 
developing and designing electrical equipment identify power quality with 
certain characteristics of the voltage in the network when the equipment works 
properly. Thus, it is quite obvious that several opinions exist regarding the 
meaning of power quality. One possibility is to place power quality under the 
definition of electromagnetic compatibility (EMC) as in the standard IEC 
61000-1-1: 
Electromagnetic compatibility is the ability for an equipment or system to 

function satisfactory in its electromagnetical environment without introducing 

intolerable electromagnetic disturbances to anything in that environment.  
The interpretation of the definition is something like: Any equipment connected 
to the network should not disturb or cause malfunctions to other equipment and 
vice versa. A disadvantage with such a “broad” definition is that it also includes 
radiated disturbances which normally are not included in the concept of power 
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quality. Another disadvantage is that the definition does not state how to 
measure the power quality.  
An alternative definition of power quality exists. This definition notices that 
most of the power quality phenomena are propagated galvanically and can 
therefore be quantified if voltage and current are measured. According to this 
definition [9] power quality includes: ”Any power problem manifested in 
voltage, current or frequency deviations that results in failure or misoperation 

of customer equipment”. An advantage of this definition is that it is formed from 
the quantities voltage, current and frequency. From these quantities most of the 
power quality parameters can be calculated. Since the concept of power quality 
has been in use for such a long time without any precise definition, it will be 
difficult to find a definition that will be accepted generally. Probably, for a long 
time, we have to accept that the meaning of power quality will differ from 
person to person.  
 
There are some other terms used in publication [87], closely related to power 
quality, worth mentioning here:  
 
Voltage quality is concerned with the deviations of the voltage from a sinusoidal 
waveform. The network operator is responsible to maintain the voltage in the 
network and thus responsible for the voltage quality.  
 
Current quality. Current quality is concerned with the deviations of the current 
from a sinusoidal waveform and is determined by the load. Thus, it is the 
customer who can affect the level of current quality. Normally, the network 
operator has no legal rights to prevent a customer to connect any load to the 
network. If a certain load adversely affects the power quality, the network 
operator can at least advise the customer to install mitigation equipment like a 
filter etc. to increase the quality. 
 
Quality of supply. This term covers technical aspects as well as non-technical 
aspects like the interaction between the customer and the network operator, e.g. 
the speed with which the network operator reacts to complaints etc. What level 
of customer service does the network operator offer? How quick will a fault in 
the network be repaired? Questions like those are part of quality of supply. 

2.3 Power quality parameters 
Since years back several measurable parameters have been accepted as power 
quality parameters. These parameters quantify the level of power quality in a 
monitoring point in the network. Some of the parameters like the magnitude of 
the supply voltage and the frequency are well known and basic while others, for 
example flicker, are not. Various national and international standards give limits 
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for several of these parameters. A power quality disturbance is categorised as a 
variation or as an event [87]. A variation is a slow change of voltage or current 
over time. An event, on the other hand, is a short duration change (often less 
than a second) in the voltage or current waveform. The most common variations 
and events are given below: 
 
Variations: 

• Power frequency 
• Magnitude of the supply voltage 
• Voltage supply unbalance 
• Voltage harmonics and voltage distortion 
• Flicker 

 
Events: 

• Transients  
• Voltage sags and swells 
• Voltage interruptions 
 

Disturbances in the voltage or current are either slow variations or events. A 
slow variation is categorised as quasi-stationary and for such phenomena the 
same calculations as for stationary signals can be used: for example calculation 
of the rms voltage or transformation from the time domain to the frequency 
domain. An event, on the other hand must be “captured” using a triggering 
mechanism. Depending on the characteristics of the event, different kinds of 
calculations are performed. For example calculation of the unbalance during an 
event gives valuable information about fault type etc. 

Short undervoltage in the rms voltage (voltage dip) 

A voltage dip is a short duration reduction in the voltage magnitude. According 
to the European voltage characterics document EN 50160 [10], the rms voltage 
during the dip is 90% or less of the nominal voltage with a duration between 10 
ms and 60 s. A voltage dip is caused by starting of large loads such as motors 
etc. but also by faults in the power system such as single phase to ground faults.  

Short overvoltage in the rms voltage (voltage swell)  

A voltage swell is a short duration increase in the voltage magnitude. According 
to EN 50160, the rms voltage is 110% or more of the nominal voltage. The 
duration is between 20 ms and 120 s (for 50 Hz). If the duration is shorter than 
20 ms the disturbance is referred to as a transient overvoltage.  
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Interruptions 

A voltage interruption is defined as a reduction in the rms voltage to zero (or 
close to zero). The interruption is defined as short if the duration is between 10 
ms and 3 minutes and long if it continues more than 3 minutes (definition taken 
from EN 50160). The reasons for short interruptions can be switching actions in 
the power network as well as temporary faults on the power network or in a 
load. A longer interruption is often caused by a (sudden) faulted system 
component or caused by planned maintenance. 

Transient overvoltages between phase and ground 

The word transient is used (or misused) by many as a common term for all kinds 
of short duration voltage disturbances. In power quality, a transient is usually 
defined as a short-duration non-oscillating voltage spike or a short duration 
voltage oscillation superimposed on the power frequency voltage waveform. 
The voltage spikes can be either positive or negative. The time rise varies from 
less than one microsecond to a few milliseconds. The decay time varies and can 
in some cases be very short. The duration of positive and negative transients is, 
per definition, less than 10 milliseconds. The duration of damped oscillating 
transients can be a little longer. Transients are caused when loads or capacitor 
banks are connected to the network or during switching activities in the network. 

Unbalance 

The power system components of the phase voltages in a three-phase network 
are expressed as 

 
(2.1) 

 
(2.2) 

 
(2.3) 

 
If the amplitudes on the three phases are equal, the voltage is said to be 
symmetric otherwise unsymmetric. An unsymmetric voltage can always be split 
into three symmetrical voltages called positive, negative and zero sequence 
voltages or components. The three voltage phasors in the positive sequence are 
all 120° out of phase and are rotating counter-clockwise. The same phase shift 
occurs for the negative sequence, but the rotation is clockwise. The voltages in 
the zero sequence are all in-phase and do not rotate. The voltages in the three 
sequences are called symmetrical components and are expressed as U1 (positive 
sequence), U2 (negative sequence) and U0 (zero sequence).  
Equation (2.4) shows how to calculate the symmetrical components from the 
three unbalanced voltages UL1, UL2 and UL3. 

)sin()( 111 LLL tUtu βω +=

)120sin()( 222 LLL tUtu βω +°−=

)120sin()( 333 LLL tUtu βω +°+=
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(2.4) 
 
 
The unbalance (factor) uu is defined as the ratio of negative to positive sequence 
voltage and is calculated by using the relation in (2.5) 

 
 

(2.5) 
 
 
An alternative way of calculating the unbalance factor is expressed in (2.6). The 
voltages U12fund, U23fund and U31fund are fundamentals of the line-to-line voltages. 
 
 

(2.6) 
 
 

Harmonics and interharmonics 

Harmonic distortion is caused by nonlinear devices in the power system. A 
nonlinear device is one in which the current is not proportional to the applied 
voltage. That means, if the applied voltage is sinusoidal, the resulting current 
will contain harmonics. The power system itself can usually be considered as 
(remarkably) linear. Harmonic currents are therefore mainly related to the loads. 
Devices like switched power supplies, adjustable speed drives, office equipment 
etc. are all examples of nonlinear loads. A nonlinear load is also affecting the 
voltage quality since voltage distortion is a result of distorted currents flowing 
through the source impedance. The harmonic current causes a voltage drop (in 
the source impedance) for each harmonic resulting in a voltage distortion at the 
load bus. The amount of voltage distortion depends on the source impedance 
(strong or weak network) and on the current.  
Harmonics phenomena sometimes result in serious consequences on the power 
network. An example of such a phenomenon is the triplen harmonics. Triplen 
harmonics are the (odd) multiples of the third harmonic (i.e. 150 Hz, 450 Hz 
etc.). Triple harmonics are of great concern for grounded wye-systems since 
they are in phase and therefore will be added in the neutral with possible 
overheating as a consequence. For example, consider equal nonlinear loads 
connected to each phase in a low voltage three phase system. Also consider that 
each load produces a fundamental current of 150 A and a third harmonic current 

of 100 A. The rms current in each phase will be AI e 180100150 22 ≈+= . In the 

neutral, the fundamental current will be cancelled but the third harmonic will be 
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added. This means 300 A flowing in the neutral (!). The example shows that 
even if the loads are the same in the three phases, high currents can appear in the 
neutral due to triplen harmonics. 
Also transformer winding connections have a significant impact on the flow of 
triplen harmonic currents from single-phase nonlinear loads. In a wye-delta 
transformer, the triplen harmonic currents will be “trapped” and circulate in the 
delta winding. A consequence can be an overheated transformer and a 
significantly shorter life span of the transformer. This example also shows the 
importance of measuring harmonic currents on the wye-side of a wye-delta 
transformer since the triplens cannot be measured on the delta side. When 
making a harmonic survey, it is preferable to use a logging three phase power 
quality monitor during at least one load cycle. A non-recording instrument will 
not give enough information about the harmonic situation since the harmonic 
currents in the network typically vary over time.  
Capacitor banks are sensitive to harmonic currents. Even if the harmonic current 
is quite low, amplification due to parallel resonance between the source 
impedance and the capacitor bank can occur. If the frequency of the harmonic 
current and the resonance frequency are the same, an amplification of the 
harmonic current occurs and will sometimes damage the capacitor bank. The 
best way to prevent damages is to install a shunt filter consisting of a capacitor 
and a reactor in series (a so-called serial resonance circuit). The shunt filter 
works by short-circuiting the harmonic currents as close to the source of 
distortion as possible. This keeps the harmonics out of the supply system. At the 
fundamental frequency, the shunt filter acts as a phase compensator. 
 
Stray currents can also be a consequence of high levels of harmonic currents. 
Normally the currents flow in the phase-neutral connectors but with an increase 
in harmonic content, the conductor impedance increases and the harmonics tend 
to flow alternative ways like in water pipes, reinforcing irons etc. The stray 
currents can become quite high and cause unacceptable high levels of magnetic 
fields in the surroundings. This again holds especially for the triplen harmonics. 
 
An interharmonic is a current (or voltage) with a frequency not an (integer) 
multiple of the fundamental (e.g. 16⅔ Hz). Example of devices generating 
interharmonics are adjustable speed drives, frequency converters etc. 
Interharmonics can also cause a flicker phenomenon if two (relatively strong) 
signals are separated in frequency corresponding to a frequency which is within 
the spectrum of flicker.  

Distorsion (THD) 

The Total Harmonic Distorsion, THDF, is the ratio of the root-mean-square 
value of the harmonics to the root-mean-square of the fundamental of a 
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waveform (2.7). An alternative definition is the ratio of the root-mean-square 
value of the harmonics to the root- mean-square of the signal itself (2.8). 
 

 
 

(2.7) 
 
 

(2.8) 
 
 

The most commonly used definition is (2.7) which also is natural since the rms-
value of the harmonics is in relation to a non-distorted waveform. 
In (2.8) the distortion is both in the numerator and in the denominator which 
leads to difficulties in the interpretation. According to expression (2.9), with low 
levels of distortion, the THDF and THDR values will become quite equal.  
 
 
 
 

(2.9) 
 
 
 
 
 
Suppose a THDF of 8% (which is the upper limit of voltage distortion stated in 
EN 50160). The corresponding THDR will be 7.9% which is quite close to the 
THDF. Thus, when measuring the voltage distortion in a power network during 
normal operating conditions, in a practical sense, both (2.7) and (2.8) can be 
used. The situation is different when measuring current distortions. It is not 
unusual to measure a THDF of 80% or more (it depends on the load). 
Corresponding THDR will be 62%, which is quite different from the THDF. In 
some standards the distortion is referred to the THDR and in others to the THDF. 
Another definition occurs in the EN 50160 which states the voltage rms value of 
the harmonics shall be related to the declared voltage rms (i.e. 230 V). Such a 
definition is called TDD (Total Demand Distortion). There exist more 
definitions related to distortion. Some examples are:  
 
- THDodd  (only odd harmonics are included in (2.7)) 
- THDeven  (only even harmonics are included in (2.7)) 
- THDtriple  (only triplen harmonics are included in (2.7)) 
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- THDxy  (only harmonics between harmonic number x and y 
  are included in (2.7)) 
- THDHF  (only harmonics of high-frequency are included in (2.7)) 
 

Flicker 

Heavy loads like arc furnaces, pumps, motors etc. will increase the level of 
voltage fluctuations in the network. In many cases these fluctuations are (more 
or less) repeated with a low frequency. The phenomenon is called flicker and 
will be discussed more in detail in Chapter 4. 

2.4 Power quality standards 
The standards developed within power quality are centred on the following 
objectives [7]: 
 

• description and characterization of different phenomena (e.g. EN 50 160 
[10]). 

• measurement techniques and methods (e.g. IEC 61000-4-30 [57]). 
• emission and immunity levels for different classes of equipment (e.g. IEC 

61000-3-2,  IEC 61000-3-3 etc.). 
 
Two different kinds of standards are needed when measuring and verifying 
power quality: Measurement method standards and voltage characteristics 
standards. These standards are related to each other with following explanation 
(see also Figure 2.1): In a modern power quality monitor, the waveforms of 
voltage and current are sampled. The sampled waveforms contain the 
information necessary for calculating the power quality parameters. 
Unfortunately, power quality parameters can be calculated in different ways, 
giving slightly different results. This is quite confusing, especially if measured 
results are to be compared between different instruments. A lot of instruments 
are not calculating the power quality parameters according to recognised 
standards. Therefore it is important for the users of instruments to know how the 
power quality parameters are calculated in order to fully understand the results. 
Manufacturers of instruments must therefore specify how parameters are 
calculated. For this purpose, IEC 61000-4-30 is a valuable document making the 
power quality measurement data more standardised. 
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Figure 2.1. Categories of Power Quality Standards 

 
The measurement data produced by the instrument is normally analysed in 
specially designed evaluation software. The most common way is to present the 
data in diagrams and tables. Another efficient way of evaluating the data is to 
use report generators, automatically evaluating the data. The reliability in the 
results is directly related to the overall performance (hardware as well as 
software) of the power quality measurement system. A challenge for the 
manufacturers of power quality monitors is to develop instruments and systems 
where the extensive data is presented in a comprehensive way. Too many 
measurement systems give a lot of information where the results are difficult to 
interpret for the user. The value to the user of a power quality measurement 
system is very much dependening on the design of the concept. The trend is 
towards measurement systems useful also for non-experts in power quality. The 
trend is also towards a state where the measurement systems are integrated in 
the mitigation process.  

2.4.1 Measurement methods standards 

The increasing need for power quality measurements has driven the requirement 
for standards describing measurement methods and how the different power 
quality parameters are calculated and interpreted. The IEC has defined a series 
of standards, called Electromagnetic Compatibility Standards, to deal with 
power quality issues. The most important IEC standards concerning calculation 
of power quality are described in this section.  

Power network Voltage Current 

Instrument Measurement Methods 
Standards 
 
IEC 61000-4-7 
IEC 61000-4-15 
IEC 61000-4-30 
... 

Voltage Characteristics 
Standards 
 
• EN 50 160 
• IEC 61000-2-2 
• IEC 61000-2-12 

Evaluation and 
presentation  
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IEC 61000-4-30 Ed. 1, 2003 (Testing and measurement techniques – Power 

quality measurement methods) [57]: 

The standard IEC 61000-4-30 [57] is the first overall standard available 
covering the measurement techniques and calculations for all major power 
quality parameters and events. This document describes how a number of power 
quality parameters shall be calculated. Furthermore, it also classifies these 
parameters into two different classes (class A and B) depending on how the 
calculations are made. The aim of the standard is to make it possible to obtain 
reliable, repeatable and comparable results regardless of the instrument being 
used. The standard deals with the following parameters: 
 

• Power frequency 
• Magnitude of the supply voltage 
• Flicker 
• Voltage dips, swells, transients and interruptions 
• Unbalance 
• Harmonics and interharmonics in voltage and current 
• Mains signalling 

 
Below is an overview of the standards for class A and 50 Hz instrumentation. 
These discussions are also valid for 60 Hz. 

Class A and class B instruments 

There are different applications of power quality measurements like load 
analysis, trouble shooting and contractual measurements. Different types of 
applications require different instruments. An instrument being used for load 
analysis does not need the same accuracy as an instrument used for resolving 
contractual disputes. IEC 61000-4-30 therefore has defined two different classes 
of accuracy (class A and B). Class A is the higher accuracy class used for 
measurements like verifying compliance with standards, contractual 
measurements etc. Another intention with a class A instrument is that any 
measurement of a parameter carried out with two different class A instruments 
measuring in the same point should give fully comparable results. Class B 
performance may be used for statistical surveys etc. where low uncertainty is not 
required. In class B, no calculation methods are defined like in class A, but the 
manufacturer of the instrument shall specify the measurement method being 
used.  

Integration times  

For a class A instrument, the time integration window shall be 10 cycles in a 50 
Hz system. With this time integration window as a base, three measuring 
intervals are defined. These are: 150 cycles, 10 minutes and 2 hours. The 150 
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cycles value is calculated as the root mean square of fifteen 10 cycles rms 
values. The windows shall be continuous and non-overlapping so it is easy to 
proof that the calculated 150 cycle value of the rms voltage results in the same 
value as when the rms had been calculated over the 150 cycle interval at once.  

The aggregation from 150 cycles to 10-minutes is more complicated since the 
actual frequency will vary. When the system frequency is exactly 50 Hz, there 
are exactly 200 intervals. For a frequency of 49.5 Hz the 150 cycles become 
3.03 seconds long and there will be only 198 of them in a 10-minute interval. In 
most cases the number of intervals is not an integer number and the last interval 
is discarded in the calculation. Despite the discarded data, it remains safe to 
calculate the Urms/(10-min) as the rms voltage. Each 10-minute interval must begin 
on an absolute 10 minutes clock time, +/- 20 ms. These intervals are used when 
calculating the voltage magnitude, harmonics and interharmonics and the 
voltage unbalance.  

Flagging 

A sudden event like a voltage dip, swell or an interruption will influence other 
power quality parameters like flicker, unbalance etc. In order not to count an 
event twice, IEC 61000-4-30 defines a flagging concept. When an event such as 
a voltage dip, swell or a short interruption occurs the instrument shall record that 
specific event and indicate that the other parameters may be affected by this 
event. Therefore the interval is flagged and during the interpretation phase of the 
measurements it should be decided if the value obtained during this interval is to 
be included in the final result. The other power quality parameters shall not be 
recorded. Instead, the interval shall be flagged, meaning that it is marked to 
show the specific event and that other measured data during the interval should 
be ignored.  

Frequency  

The frequency shall be calculated every 10 seconds for class A instruments. To 
calculate the frequency, zero-crossings during 10 seconds are counted. The 
accuracy for class A shall be better or equal to ± 10 mHz and less than ±100 
mHz for a class B instrument. An accuracy of 10 mHz requires a measurement 
window of 10 second ± 2 ms (!) 

Voltage rms value 

The voltage rms value is calculated every 10 cycles for class A instruments. 
Based on this rms value, the 150 cycles and 10 minute rms values are calculated. 
The accuracy for class A shall be better than or equal to ± 0.10 % of nominal 
voltage and for class B ± 1.0 %. 
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Flicker 

The flicker calculations for class A instruments shall follow the restrictions in 
the standard IEC 61000-4-15 (Flickermeter – functional and design 
specifications) [37]. 

Sags, swells and interruptions 

The registration of sag/swell events shall be based on 1 cycle rms values 
updated every ½ cycle for a class A instruments. When a rms value exceeds or 
falls below a stated trigger level (in one of the phases), the instrument shall start 
recording and continue until the rms value has returned to normal (on all 
phases). The first instant is referred to as the start of the event, the second as the 
end of the event. The time between the start and the end of the event is called the 
duration of the event. The lowest rms value for a voltage dip is called the 
retained voltage. The accuracy for class A instruments shall be within ± 0.2 % of 
the stated nominal voltage and ± 2.0 % for class B. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.2. Definition of a voltage sag according to IEC 6100-4-30. Voltage swell and 

interruption have similar definition. 

Unbalance 

To fulfil the restrictions of class A, unbalance shall be calculated using the 
method of symmetrical components. From the measured phases, the three 
symmetrical components are calculated (positive, negative and the zero 

Typical threshold values: 
 85-95% of Udec  
(troubleshooting, statistical) 
 70% of Udec (contractual) 

Duration Hysteresis typically 2% 
of Udec  
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sequence component). The unbalance factor is calculated as the ratio between 
the negative and the positive sequence component expressed as a percentage. 
Unbalance shall be calculated over 10-cycle, 150-cycle and 10-minutes 
intervals. 

Harmonics and interharmonics 

To fulfil the requirements for class A, the calculations shall be made according 
to IEC 61000-4-7 (see further on in this section). 

Miscellaneous  

IEC 61000-4-30 also contains testing methods to verify an instrument according 
to the standard. The standard also contains a section describing installation, 
measurement techniques, transducers etc. See [57] for more information. 

IEC 61000-4-7 Ed 2.0 (Testing and measurement techniques – General 

guide on harmonics and interharmonics measurements and 

instrumentation for power supply systems and equipment connected 

thereto) [14]: 

IEC 61000-4-7 edition 2.0 [14] replaces the earlier edition IEC 61000-4-7 
edition 1.0 from 1991 and describes measurement methods for harmonics and 
interharmonics up to 9 kHz. The standard gives guidelines how to design an 
instrument fulfilling the requirements in IEC 61000-4-7. Moreover, the standard 
also defines the instrumentation being used for verifying tests according to IEC 
61000-3-2 (emission). Also, the standard deals only with instruments based on 
sampled data and digital signal processing methods. The basic interval for 
harmonic measurements is again the 10-cycle interval. A discrete Fourier 
transform (DFT) over a 10-cycle window gives a spectrum with a frequency 
resolution of 5 Hz. This implies that in between the harmonic frequencies 
(integer multiples of 50 Hz), nine additional values are available. The lowest and 
the highest of these are “added” to the “harmonic subgroup”. The remaining 
seven together form the “interharmonic subgroup”. Thus for the interval from 
245 Hz to 305 Hz: 255 Hz is added to 250 Hz and 245 Hz to form the 5:th 
harmonic; 295 Hz, 300 Hz and 305 Hz form the 6:th harmonic. The remaining 
values from 260 Hz to 290 Hz will form the “interharmonic 6.5”. Figure 2.3 
shows a functional block diagram for an instrument fulfilling the requirements 
in IEC 61000-4-7. OUT 1 gives the frequency spectrum of the signal. OUT 2 
gives the grouped data (i.e. harmonics and interharmonics components). OUT 3 
and OUT 4 are used for emission tests. 
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Figure 2.3. Functional diagram to calculate harmonics according to IEC 61000-4-7. 

IEC 61000-4-15 (Testing and measurement techniques – Flickermeter – 

Functional and design specifications): 

This standard is discussed in Chapter 4. 

2.4.2 Voltage characteristics standards 

Voltage characteristics of electricity supplied by public distribution systems 

– EN 50160 [10]: 

EN 50160 [10] gives the main characteristics of the voltage at the customer’s 
supply terminals in public low voltage and medium voltage under normal 
operating conditions. The standard is valid within the EU and in some other 
countries like Switzerland and Norway. A measurement period of one week is 
divided into 10-minute intervals. EN 50160 defines limits of different power 
quality parameters within which any customer can expect the voltage 
characteristics to remain. The power quality parameters characterised in the 
standard are power frequency, supply voltage, unbalance, harmonics and 
interharmonics, signalling and flicker. Also some events like voltage dips, 
swells and interruptions are mentioned.  
A new version of EN 50 160 is under approval but amendments do not change 
the nature of the standard. 

Power frequency 

The nominal frequency is 50 Hz. During normal operating conditions, the mean 
value of the fundamental measured over 10 seconds shall be within a range of: 
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- for systems with synchronous connection to an interconnected system: 
  50 Hz ± 1% (i.e. 49.5 – 50.5 Hz) during 99.5 % of a year. 
 50 Hz + 4% / -6% (i.e. 47 – 52 Hz) during 100 % of the time. 
 
- for systems with no synchronous connection to an interconnected system : 
  50 Hz ± 2% (i.e. 49 – 51 Hz) during 95 % of a week. 
 50 Hz ± 15% (i.e. 42.5 – 57.5 Hz) during 100 % of the time. 
 

Above intervals are valid for both low- and medium voltage distribution. 
Sometimes regional variations occur. For example, the Nordel system strives to 
keep the frequency within 50 Hz ± 0.1 Hz which is a narrower frequency span 
compared to the interval defined in EN 50160. 

Supply voltage 

Under normal operating conditions, during each period of one week 95% of the 
10 min mean rms values of the supply voltage shall be within the range of Un 
±10% and all 10 minutes mean rms values shall be within the range of Un +10% 
- 15%. The intervals are valid for both low- and medium voltage distribution. 

Supply voltage dips (voltage sags) 

EN 50160 gives only indicative values for supply voltage dips. Under normal 
operating conditions the expected number of voltage dips per year may be from 
up to a few tens to up to one thousand. The majority of the dips have duration of 
less than 1 s and a depth of less than 60%. However voltage dips with greater 
depth and duration can occur infrequently. 

Temporary overvoltages between live conductor and earth (voltage swell) 

Only indicative values are given. For example a fault occurring upstream of a 
transformer will produce temporary overvoltages on the low voltage side. Such 
overvoltages will generally not exceed 1.5 kV. 

Short interruption: 

EN 50160 gives only indicative values. Under normal operating conditions the 
annual occurrence of short interruptions ranges from a few to up to several 
hundreds. The duration of approximately 70% of the short interruptions may be 
less than one second.  

Long interruption 

EN 50160 gives only indicative values. Under normal operating conditions the 
frequency of voltage interruptions longer than 3 minutes may be less than 10 or 
up to 50 per year depending on the area.  
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Transient overvoltages between live conductor and earth 

According to EN 50160, transient overvoltages will normally not exceed 6 kV 
peak, but higher values will occur occasionally. No indicative values are given 
in EN 50 160 regarding the annual occurrence of transient overvoltages. 

Flicker 

Under normal operating conditions, in any period of a week the 95% value of 
the long term flicker severity, PLT, shall not exceed 1.0. 

Unbalance 

Under normal operating conditions, in any period of a week the 95% value of 
the 10 minute mean rms values of the negative phase sequence component of the 
supply voltage shall not exceed 2% of the positive phase sequence component. 

Harmonics and THDF 

Under normal operating conditions, in any period of a week the 95% value of 
the 10 minute mean rms values shall be less than or equal to the values in table 
2.1. The values are given in percent of the nominal voltage value Unom. The 
voltage distortion THDF shall be based on harmonics up to the 40:th. The 95% 
value of the THDF shall not exceed 8%.  
 
Odd harmonics 
Not multiples of 3 Multiples of 3  

Even harmonics 

Harmonics 
Order, n 

Un/Unom [%] Harmonics 
Order, n 

Un/Unom [%] Harmonics 
Order, n 

Un/Unom [%] 

5 6 3 5 2 2 
7 5 9 1,5 4 1 
11 3,5 15 0,5 6..24 0,5 
13 3 21 0,5   
17 2     
19 1,5     
23 1,5     
25 1,5     

 
Table 2.1. Values of individual harmonics at the supply terminals for order up to 25. 

Mains signalling 

Mains signalling voltages are (low level) signals superimposed on the supply 
voltage for transmission of information. These include ripple control signals 
within the frequency range of 110-3000 Hz and power line carrier signals 3 kHz 
to 148.5 kHz. Their voltage levels (based on 3-second mean rms values) 
between 0.1 and 100 kHz are regulated by the standard EN 50160. 
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Joint working group Cigré C4.07 / Cired. Power Quality indices and 

objectives. Working group report, March 2004 [8]. 

This comprehensive report is a complement to the voltage characteristics 
standard EN 50160. It is based on measurement results recorded from different 
countries across a number of monitoring points over a number of years. It 
proposes planning levels indices for a number of common power quality 
parameters and discusses the need for revision of some existing indices and 
objectives. The report highlights also the need for power quality monitoring 
equipment to measure according to the standard IEC 61000-4-30. 
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Chapter 3  
 

Power Quality Monitoring 

 
3.1 Need for power quality measurements 
As discussed in previous chapters, power quality and reliability are critical 
concerns for both power network operators and customers. It is therefore 
important to recognize variations in the power quality that can have negative 
impact of the power network. Therefore, the monitoring of power quality has 
been significant progressed over the past years. An increasing number of 
network operators (and also many industries with sensitive equipment) have, for 
example, installed permanent power quality monitoring systems as an important 
complement to already existing monitoring equipments like digital fault 
recorders etc. Such power quality monitoring system gives important 
information regarding the status of the power network and is used for several 
purposes like 
 

• characterizing the power quality performance of the network and 
verifying of disturbance levels 

• troubleshooting and identifying sources of disturbances before they cause 
customer complaints, equipment malfunctions or equipment failures 

• preventive maintenance 
• load analysis 
• equipment diagnostics 
• planning and to provide decision-making information for necessary power 

network improvements 
• long time surveys 
• give the user a better understanding of power quality and reliability in 

general 
• evaluate response time for protective relays and other protective devices 
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Some of the above measurements are mainly of interest to the network 
operators, others are of concern to the customers and some of the measurements 
are of concern both to the network operator and the customer. Characterizing the 
power quality performance of the network is an essential task for any network 
operator and is performed for verifying that the power quality is within limits 
given by recognized voltage characterization standards like EN 50 160 etc. 
Power quality disturbance levels specified in a regulation or in a contract must 
be possible to verify by measurement. Therefore, verifying measurements are 
performed by the customer or by the network operator at the interface between 
the network and the customer. 
Another purpose for a power quality measurement is troubleshooting and 
identifying of disturbance sources. It is initiated when operational problems are 
detected. Normally, the recording starts when an event (like a fault etc.) is 
detected, e.g. when a certain parameter (i.e. the rms voltage) crosses a threshold 
(e.g. 90% of the nominal voltage). The recorded data give useful information 
about the condition of the network during and around the time of the event. The 
instrument must be efficient to handle the data in order to save memory space 
and to reduce the time it takes to transfer the data to a host for evaluation. 
Therefore, development of smarter methods for evaluation is progressing 
continuously. Among many other features, the system may automatically detect 
the direction (downstream or upstream) to a fault.  
 
For customers whose connection fee is based on the peak load, it is of 
importance to monitor the load profile in order to reduce the peak demand. Also 
for the network operators a load analysis is of interest, since the peak demand 
determines the rating of system components like transformers and cables. The 
power system will be better utilised if the load peaks are reduced.  
 
When planning a new power system or extending an existing one it is important 
to have as accurate information about the characteristics of the network as 
possible in order to make cost effective solutions. Sometimes, enough 
information is available from the SCADA system, but sometimes additional 
information like the level of harmonics etc. is required. More detailed 
information regarding the power quality is not handled by SCADA but is fully 
supported by the power quality measurement system.  
 

A long term survey of different power quality parameters is valuable for the 
owner of the network since it will give better and more detailed characteristics 
of the network compared to the information received from a traditional metering 
system. 
 



Chapter 3 Power Quality Monitoring 

 

 33 

3.2 Power quality monitoring equipment 
Various instruments can be used for power quality measurements. Some 
examples of such instruments are 
 

• hand-held single-phase power quality monitors 
• portable three-phase power quality monitors 
• permanently installed three-phase power quality monitors 
• digital fault recorders 
• protective relays equipped with power quality measurement functions 
• oscilloscopes  
• spectrum analyzers 

 
As shown above, there are a wide range of instruments used for monitoring of 
the power quality. For example, oscilloscopes with fast sampling rates and 
automatic triggering function can be very useful for trace of transients. A 
spectrum analyzer can be used for trace of high frequency harmonics. However, 
for power quality monitoring in a broader and advanced sense, instruments are 
required that are specially designed for these tasks.  
 
Some power quality problems like measuring the occurance of harmonics or 
checking the voltage level or the power frequency can easily be made by using a 
simple single-phase hand-held power quality monitor. On the other hand, for 
comprehensive investigations of the power quality a three-phase power quality 
monitor is a must. Such monitors shall measure both voltages and currents 
simultaneously on all three phases and shall also calculate the power quality 
parameters according to agreed standards like IEC 61000-4-30 class A.  
 
For a reliable indication of power quality problems one normally needs to make 
a long-time measurement. Often a week is needed in order to track all long term 
changes in power quality. During recent years, many network operators have 
installed permanent power quality monitors in important nodes of the power 
network for continous monitoring of the power quality. On top of that, they also 
use portable instruments as complement. Thereby, a powerful power quality 
monitoring system with great flexibility is achieved, especially if all data from 
all monitors are integrated to a common evaluation environment. 
 
Another trend regarding power quality monitoring is that protective relays and 
other recorders like digital fault recorders etc. can also be equipped with some 
power quality monitoring functions. These instruments are not designed for 
calculation of power quality parameters in accordance with agreed standards like 
IEC 61000-4-30 etc. and can therefore not replace ordinary power quality 
monitors. Additionally, the primary aim of these instruments is something else 
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than measuring power quality. As priorities will have to be set, the actual power-
quality measurement may have to be compromised. However, in some 
applications like the recording of voltage dips or for indicating harmonic 
contents in a voltage or current they can be used as complement to power quality 
monitors. 

3.2.1 The power quality monitor 

Advanced monitoring of the power quality in a power network is achieved by 
using a power quality monitor. The more advanced power quality monitors are 
designed to measure all power quality parameters of interest simultaneously and 
according to the standard IEC 61000-4-30 class A. It also communicates with a 
host computer via modem, Ethernet, RS-485 etc. without interrupting the 
ongoing measurement. This makes a modern power quality monitor a quite 
complicated device. Further, the instruments are processing sampled data using 
digital signal processing methods in order to guarantee highest possible accuracy 
and reliability. Some design aspects of power quality monitors will be discussed 
further in this chapter. 
 
Figure 3.1 shows an example of the building blocks of a power quality monitor. 
A modern power quality monitor is always designed for three phase 
measurements. The instrument allows for at least four voltage channels and four 
current channels. Three of the voltage channels are dedicated to measure the 
phase-to-neutral voltages or the phase-to-phase voltages. The fourth channel can 
be used to measure any voltage like the neutral-to-protective ground voltage etc. 
Three of the current channels are dedicated to measure the phase currents. The 
fourth channel is often used to measure the current flowing in the neutral.  
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Figure 3.1Building blocks of a modern power quality monitor. 

Analogue inputs and A/D conversion 

The input signal conditioning, the A/D conversion and the digital signal 
processor (DSP) form the basis of a modern monitoring system. The 
digitalisation simplifies the design of analogue circuitry and provides greater 
flexibility for altering the algorithms to be used for manipulating (processing) 
the (sampled) data. The overall accuracy of the system depends on the input 
dynamic range, the sampling rate, and the number of bits in the ADC. 
 
Two different signal paths exist on the input channels. The signal from the first 
path is used for calculation of power quality parameters referred to as variations 
(see section 2.3) while the signal from the second path is used to detect events 
like transients etc. The signal from the first path is passing an anti-alias filter in 
order to minimise aliasing. All analogue signals are connected to a multiplexer 
which is a channel selector for the ADC. The multiplexer must switch between 
the input channels at a high speed rate; otherwise the time delay between the 
conversions will introduce an error when certain parameters like the power 
quantities are calculated. Instead of using a multiplexer and a single-ADC, one 
ADC can be used per input channel. The most important advantage with such a 
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multi-ADC system is that the A/D conversion will start exactly at the same time 
on all channels. No time delay is introduced. See Figure 3.2. Although the multi-
ADC system is a more accurate solution; most of the existing systems are based 
on the concept of one multiplexer and a single-ADC because the implementation 
of a multi-ADC system is too expensive compared to the benefits it gives. 
 
 

 
Figure 3.2. Two different methods of sampling a multi-channel system. A is using a 

multiplexer and single-ADC while B is a multi-ADC solution.  

Digital input and output channels 

A modern power quality monitor is able to monitor other types of phenomena 
than pure power quality related ones. For example, also digital input and output 
channels are implemented in parallel to the traditional analogue inputs. One 
reason for this is the increasing demand of equipment which is a combination of 
a traditional power quality monitor and a digital fault recorder. The digital 
inputs are monitoring actual status of relays, circuit breakers etc. When such a 
device is tripping, the information from the digital channels is stored along with 
the traditional power quality parameters. An event in the power system, like a 
short circuit or earth fault can thereby be evaluated more accurately.  

Generation of the sampling frequency  

The sampling frequency is locked to a multiple of the actual power frequency by 
using a phase locked loop (PLL). Figure 3.3 shows a block diagram of a PLL. 
The PLL consists of a comparator, a phase detector, a low-pass filter (LP-filter), 
a Voltage Controlled Oscillator (VCO) and a divider (counter). The purpose of 
the PLL is to take a signal from the VCO, divide the frequency by an integer N 
and compare (in the phase detector) that result with the frequency of the 
reference signal UL1 (i.e. power network signal). The phase detector output is fed 
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back to the VCO through a lowpass filter. The loop works to adjust the output of 
the phase detector to zero automatically. That means the output of the divider is 
precisely on the same frequency as the reference signal. If the frequency of the 
reference signal is changing, the output of the phase detector will give a non-
zero output. The frequency of the VCO will thereby change until the PLL is 
locked to this new frequency. The output from the VCO is used to trigger A/D 
conversion at a sampling rate which is exactly N times higher than the actual 
power frequency.  
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3.3. Functional blocks of a simple Phase-Locked-Loop (PLL). 

Time synchronisation 

In a power quality measurement (especially troubleshooting) is it important to 
know when a certain phenomenon occurs. Therefore, all power quality monitors 
have a built-in real-time clock. Moreover, if it is necessary to carry out 
simultaneous measurements at different geographical locations, time 
synchronisation is a must. Depending on the requirements in such a 
measurement, the accuracy of the internal real-time clock is often enough. But in 
some applications, (for example to fulfil the requirements of IEC 61000-4-30 
class A) a more accurate time synchronisation is needed. In those cases, a GPS 
receiver connected to the power quality monitor will manage the time 
synchronisation. One possible disadvantage of a GPS is that the signals from the 
satellites are sometimes too weak which happens especially at indoor locations. 

Memory 

The memory size and structure of the memory used in a modern power quality 
monitor depend on the amount of data to be processed and transferred. The 
design is critical if continuous data acquisition with no interruption in the 
measurement is to be achieved. Circular memory buffers are used for quick 
access to the data when calculations are performed. Normally an instrument has 
memories of two different types. One type is a fast memory (i.e. SRAM) in 
which the software is stored and running. The other one is a non-volatile 
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memory (i.e. flash memory) in which the measurement data is stored. The price 
per megabyte of solid-state memories decreases continuously and, as a 
consequence, hard-drives (which were popular as data storage in many power 
quality monitors in the past) have been replaced by these memories. 

Communication 

Configuration of a measurement instrument and transfer of measurement data to 
a host are two examples where a communication link is needed. Therefore, a 
power quality monitor is always equipped with at least one communication link. 
Interfaces like USB, RS-232 or RS-485 are always implemented, but also 
Ethernet is common in today’s instruments.  

Measurement error 

The total error in a measurement is a sum of errors that can (mainly) be divided 
into three different categories: 
 

• instrument errors (quantisation, offset- and linearity errors etc.) 
• transducer errors 
• errors due to the measure signal (low signal level etc.) 

 
The (theoretical) maximum error that can occur is the sum of the absolute values 
of each individual maximum error. This error is probably greater than the actual 
one since a summation of the absolute values will give the “worst case” error. A 
more realistic estimation of the total possible error is achieved by the concept of 
uncertainty where each error contribution can be considered statistically 
distributed. If the uncertainties can be considered independent and if they follow 
the normal (Gaussian) distribution, the total uncertainty is calculated as the root 
square sum of the individual errors.  
An example: Consider an instrument contributing with a maximum error of 
0.2%, the transducer is contributing with a maximum error of 0.5% and the 
signal itself is contributing with a maximum error of 0.5%. The maximum error 
according to the summation of the absolute values of each individual error gives 
a total maximum error of 1.2%. Using the concept of uncertainty, the root square 
sum gives a total uncertainty of only 0.73%.  

Time window 

As mentioned earlier (see section 2.4.1) a time window is defined as a number 
of sampling values used as a base for different kinds of calculations. From this 
base window (e.g. 10 periods for 50 Hz according to IEC 61000-4-30) other 
time windows can be defined (150 periods, 10 seconds, 10 minutes and 2 hours 
according to IEC 61000-4-30). The principle of aggregation of a base window to 
another time window is shown in Figure 3.4.  
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Figure 3.4. Example of time aggregation from a number of base windows. 

 

As an example, the calculation (and aggregation) of a rms value is shown in 
equation (3.1) to (3.3). The calculation of the rms value of the base window is 
shown in (3.1) and the aggregation process is shown in (3.2) and (3.3). As 
shown in the equations, the time resolution of the rms value depends only on the 
number of samples included in the calculation. The rms value of the base 
window is given by 
 

(3.1) 
 
where uk is the kth sample value. The 150 cycle rms value, U150-cycles, is 
calculated from 15 U10-cycles values (no time gap between two base windows) and 
is given by: 
 

(3.2) 
 
The aggregation to a 10 minute rms value, U10min, includes 3000 U10-cycles values 
as shown in (3.3): 
 

(3.3) 
 
With the above definitions, and if there is no time gap between the base 
windows, an alternative way to calculate the 10 minutes rms value is to use 200 
U150-cycles values. The time aggregation described in (3.1) to (3.3) is used to 
calculate aggregated values for other quantities as well. 
 
Traditionally, a sampling frequency of 6400 Hz has been used as a de facto 
standard among manufacturers of power quality monitors. A sampling frequency 
of 6400 Hz means 128 sampling points per period at 50 Hz. The FFT algorithm 
can be used since 128 is a power of 2. To follow the IEC 61000-4-30 the 
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situation will be slightly different. The requirement in IEC 61000-4-30 is a 
frequency resolution of 5 Hz. With the required base window of 10 periods, and 
a wish to use the FFT algorithm, 1024-point FFT calculation must be performed 
on each base window. The “new” sampling frequency will be 5120 Hz. 
Harmonics up to the 51st can be evaluated with a resolution of 5 Hz. 
Some more words about the (Fast Fourier Transform) FFT algorithm. In 
practise, the frequency spectrum of a signal is almost always obtained by the 
FFT algorithm because of the savings in complex multiplications and additions 
compared to the DFT. The number of complex multiplications and additions 
performed in a N-point DFT calculation is proportional to 
 

(3.4) 
 

The FFT calculation is much more efficient and thus, less time consuming. The 
number of complex multiplications and additions performed in a N-point FFT 
calculation is proportional to 

 

(3.5) 
 
The difference between (3.4) and (3.5) is significant, especially with high values 
of N. 
 
Calculation of the frequency spectrum is the most time consuming task in a 
power quality monitor. Therefore it is of great interest to see the consequence 
when calculations are changed from 128-point FFT to 1024-point. The 1024-
point FFT calculation corresponds to ten 128-points FFT calculations since the 
128-point FFT is based on one cycle. The comparison is given in (3.6): 
 
 

(3.6) 
 
 
If only the time of calculation is taken in account, it will take about 14% longer 
time to calculate a 1024-point FFT compared to ten 128-point FFT. In practise, 
the difference in time will be shorter since it takes some time to process ten 128-
point FFT further. Taken this into account, the difference in time will not be 
significant at all. One advantage of making many 128-point FFT calculations is 
the possibility to use the time between two FFT calculations for other tasks (i.e. 
time sharing).  
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3.3 Permanent power quality monitoring system 
A clear trend in recent years is to install permanent power quality monitoring 
systems. Such systems have important advantages as they continuously monitor 
the performance of the power network. The topology of a state-of-the-art 
permanent power quality monitoring system (based on the PQSecure system 
from Unipower) is illustrated in Figure 3.5. The system consists of the following 
components: power quality monitors (both permanent installed and portables 
can be connected to the system), a power quality database, a communication 
computer and a communication infrastructure in terms of WAN, LAN and 
public telephone network (or cellular network). The power quality monitors 
calculate all measured parameters at site before transferring the data to the host. 
Such a procedure minimizes the size of data to be transferred, which is highly 
demanded, especially when the information shall be transferred via public 
telephone networks where the cost is proportional to the size of transferred data. 
A communication computer connected to the client-server network administrates 
the transfer of information. The processed information is, after being transferred 
from site, stored in the power quality SQL database. Using a SQL database as a 
storage medium gives important advantages like it opens up for a client-server 
network architecture that separates the clients (users) from the database server. 
Further, the client-server solution is attractive for other reasons like: it is a 
matured technology; it offers security control; it is flexible and easy to upgrade 
and standardized development tools can be used. 
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Figure 3.5. The concept of a permanent power quality monitoring system (Unipower 

PQSecure system).  
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Chapter 4  
 

Flicker and Flicker Power 

Theory 

 
4.1 Introduction 
Flicker is a power quality phenomenon that can affect our daily lives. A small 
and repetitive change in the intensity of a light source can be very annoying for 
a human being particularly when reading. The change in intensity is a result of a 
(repetitive) fluctuation in the voltage feeding the light source. Historically, only 
incandescent lamps were considered to suffer from voltage fluctuations. 
However, tests have been performed on other type of light sources like 
electromagnetic ballast fluorescent lamps and compact fluorescent lamps (CFL) 
and the results showed that those light sources can also generate flicker [1]. 
Voltage fluctuations may originate from the power system due to switching 
operations etc. but mostly, the flicker originates from loads connected to the 
power system. Physically, the voltage fluctuation (drop) occurs when heavy 
loads connect and disconnect. Examples of loads having a fluctuating power 
demand are arc furnaces, rolling mills, welders and motors (heat pumps etc.) 
[13]-[19]. Also wind turbines [20]-[22] and wave power stations [23] can 
generate flicker. Over the past years, different methods for mitigation of a 
flicker problem have been introduced but normally only three different methods 
are used in practice. One method is to strengthen the network (reduce the 
internal impedance). The second method is to feed the flicker source at a higher 
voltage level (increase the short circuit power level) and the third method is to 
install an active mitigation device like a SVC’s (Static Var Compensator) or 
STATCOM etc [18] [24]. Before any mitigation activities are initiated, the 
source of flicker must be found. In some cases this is obvious but, in other cases 
it is not. For example steel plants, which are major flicker sources, are quite 
often placed in clusters and to determine which one is contributing most to the 
flicker level when the steel plants are placed close to each other is not obvious. 
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The network operator wants to be perfectly sure that they are discussing with the 
customer whose equipment causes the flicker and the customer wants to be 
convinced that they are the one causing the flicker. Any disagreement regarding 
the flicker source will slow down the mitigation process. Methods helping to 
locate the flicker source are therefore highly in demand. Relatively few works 
have been presented within this topic before. Examples of such works are [27]-
[31]. The method to identify a dominating flicker source proposed in this 
chapter has a slightly different approach since a new quantity - flicker power - is 
defined [50]-[52]. This quantity is calculated from the low frequency amplitude 
variations of the voltage and current and has the same attributes as active power. 
By observing the sign and the magnitude of flicker power, the direction and the 
dominating flicker source is traced.  
The main part of this chapter is devoted to the development of flicker power and 
measurement methods for calculation of flicker power but the chapter starts with 
a general discussion of flicker. 

4.2 Light flicker due to voltage fluctuations 

4.2.1 General discussion 

One definition of flicker is “Impression of unsteadiness of visual sensation 
induced by a light stimulus whose luminance or spectral distribution fluctuates 
with time” [32]. This means the perception of light flicker is a physiological 
process. Over the past years numerous studies have been conducted in order to 
understand the mechanisms behind the flicker phenomenon. There are at least 
three different mechanisms influencing the light flicker perception by a human. 
These are: 
 

i) The characteristics of the light source. 
ii) The frequency response of the eye-brain of a human 
iii) The time constant of the eye-brain  

 
Each of the above mechanisms can be understood independently of the others. 
The first mechanism describes the light source. The magnitude of change in 
light output that follows from a step change in the supply voltage depends on the 
change in filament coil temperature [33]. For the same voltage change a 60W 
230V filament lamp will generate more light fluctuations compared to a 60W 
120V lamp. The reason for that is that the filament coil of the 60W 230V is 
thinner than that of a 60W 120V lamp. The coil temperature of the 60W 230V 
lamp will therefore change more rapidly resulting in a more rapid change in the 
light output compared to a 60W 120V lamp. The light change characteristics of 
an incandescent lamp is modelled as a lowpass filter (i.e. giving an exponential 
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light change with respect to time) according to the following frequency- and 
time domain equations:  

 
 

(4.1) 
 
where ∆J/Jr is the relative change in light intensity due to a small change ∆V/Vr 
in the voltage. The constant K is typically 3.6 for a filament lamp and τ is the 
time constant of the lamp and is in the range 13-33 ms depending on type of 
lamp. The human vision (related to (ii) above) is very complex and consists of 
optical, neurological and cognitive elements. The human eye itself, which is a 
major part of the human vision system, is incredibly complex to its nature and is 
not fully understood [34]. To model the human vision system is therefore a quite 
difficult task. However, numerous studies have been carried out in the past in 
order to understand how the human vision is influenced by light fluctuations. 
The first flicker curve was produced as early as around 1920 after a study of 
voltage fluctuations due to motors driving a certain type of compressor [34]. 
Another study was carried out around 1930 by General Electric and the purpose 
was to find thresholds for visibility and irritation of flicker [17]. Further 
investigations in order to define a threshold curve for flicker perception were 
performed by Consolidated Edison resulting in a flicker curve that was later 
adopted in IEEE standard 141 [35]. The curve in the IEEE standard 141 and the 
one proposed by General Electric were rather similar. However, a study 
conducted in England [17] showed lower sensitivity (minimum perceptibility at 
0.37% modulation instead of 0.25%) level compared to the curve proposed by 
General Electric but, the general shape of the curves were the same. In the early 
1970’s Rashbash [33] developed a perception threshold curve that was the result 
from extensive tests with light flashes of various duration. A lamp-eye-brain 
model conforming to those tests was proposed and was built upon three blocks: 
an eye weighting filter followed by a squaring element and a lowpass filter. 
Generally, during the first half of the twentieth century most studies regarding 
flicker were focused on determining curves for flicker visibility and irritation. 
Then, in the 1960’s and 1970’s tests were carried out in order to determine 
models (like the one proposed by Rashbash) for the human vision system and in 
the beginning of 1980s the International Union for Electroheat (UIE) proposed a 
flicker measurement protocol based on the lamp-eye-brain model. This protocol 
formed the first flicker meter standard IEC 868 [36] in 1986 and was later 
replaced by the standard IEC 61000-4-15 in 1997 [37]. The IEC standard 
defines perception curves for instantaneous flicker (IFL=1.0) for both sinusoidal 
and rectangular modulation (see Figure 4.1). The two curves in Figure 4.1 shall 
be understood as follows: If a 60W/230V filament coiled lamp is connected to a 
voltage with IFL=1.0 statistically, 50 percent of the people in a reference group 
will apprehend annoying flicker from that lamp [38]. As mentioned above, 
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different studies of flicker perception are giving slightly different results but the 
general shape of the perception curves are quite similar to the ones shown in 
Figure 4.1. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.1 Perception curves according to IEC 61000-4-15/A1 for flicker sensation IFL=1 for 

sinusoidal and rectangular modulation (60W/ 230V/50Hz filament coiled lamp). 

 
The perception curves in Figure 4.1 are only valid for a 60W filament coiled 
lamp applied to 230V, 50Hz. Perception curves for other type of light sources 
exist as well as for 60W/110V/60Hz filament coiled lamp. However, mainly two 
types of lamps are used in practise. These are the 60 W filament coiled lamps for 
230V/50Hz and 110V/60Hz described in IEC 61000-4-15. 

4.2.2 Examples of flicker sources 

As mentioned in the previous section the main source of severe voltage 
fluctuations are industrial loads with fluctuating power demands but also wind 
turbines and wave power etc. can generate flicker. Theoretically, flicker can also 
be caused by sub- and interharmonic frequency components giving a beating 
frequency component placed within the flicker frequency spectrum [25][26] as 
well as caused by modulation of the voltage harmonics [47]. However, the 
dominating flicker sources are heavy fluctuating loads like arc furnaces, welding 
machines, rolling-mills etc. 

Arc furnace 

An arc furnace is probably the load that produces most flicker [13][14][17][18]. 
When the arc furnace operates, an unstable arc will appear between the 
electrodes and the scrap resulting in fluctuating power consumption and thereby 
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a potential flicker problem. As a rule of thumb the ratio between the short-circuit 
capacity at the point of common coupling (PCC) to the maximum demand of the 
arc furnace should be greater than 80 in order to limit the risk for severe flicker 
caused by the arc furnace.  
The best way to investigate the actual flicker situation is to perform on-site 
measurements using a flickermeter based on the IEC 61000-4-15 standard. If the 
arc furnace is connected to a network with changing loads over time, a good 
idea is to measure flicker permanently and thereby see the trend of flicker. 
Common methods to reduce flicker originating from an arc furnace is to increase 
the short-circuit level by installing a new main transformer with higher capacity, 
installing active mitigation equipment like a SVC etc. or to improve the control 
strategies of the arc furnace [18]. The mitigation methods are quite expensive 
and discussions between the network operator and the owner of the arc furnace 
regarding cost sharing are common. 

Welding machines 

Welding machines can also give major power quality problems. A welding 
machine has normally a much shorter on- time than off-time resulting in both 
current harmonics and sudden current spikes resulting in voltage drop at the 
point of common coupling. If the welding machine is a major load to the power 
network, the current spikes can cause significant flicker levels if the repetitive 
frequency is within the flicker frequency window. See the results from 
measurements conducted at a manufacturing plant in Chapter 5. 

Wind turbines 

The flicker emission from a wind turbine is mainly caused by a fluctuating 
power production due to wind-speed changes since the generated power from a 
wind turbine is proportional to the cube of the wind-speed. That means a small 
change in the wind-speed will result in a much greater change in the produced 
output power. If the wind turbine is installed in a weak network, the change in 
output power due to fluctuating wind-speed can cause considerable voltage 
changes at the point of common coupling and thereby flicker. Other reasons for 
flicker emission originating from a wind turbine is the tower shadow effect and 
for pitch-controlled wind turbines the limited band-width of the pitch 
mechanism [20]. The flicker level at PCC is measured using an ordinary flicker 
meter based on IEC 61000-4-15 but if the wind turbine is connected to a grid 
having a certain amount of background flicker it is difficult to determine how 
much of the total flicker emission originates from a particular wind turbine. 
Instead another and more complicated method has been proposed by IEC 
technical committee 88 in the document IEC 61400-21 [39] where both voltage 
and current shall be measured. By using information contained in the voltage 
and current any background flicker can be - more or less - eliminated and the 
flicker level originating from a particular wind turbine can be estimated. 
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Other phenomena causing flicker 

Not only fluctuating loads cause flicker. Also sub- and interharmonics voltages 
can (theoretically) cause light flicker [25][26]. It can be explained as follows: 
The instantaneous power p(t) feeding an incandescent lamp is given by the 
equation  
 

(4.2) 
 
where uL(t) is the voltage waveform applied to the lamp and R is the resistance 
of the lamp filament coil (considered constant). Assume the voltage uL(t) is a 
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Only term 5 in (4.3) is of interest since all other terms either give a frequency 
spectrum outside the visibility of the human eye or give a signal too weak to 
give light flicker (term 6). Taking a closer look on term 5 yields 
 

(4.4) 
 
The equation (4.4) can be explained as a sub- and interharmonics modulation on 
the fundamental voltage which means that lower- and upper- sidebands are 
created at angular frequencies (ω1±ωk). This means, light flicker can occur if a 
sub-harmonic voltage signal has a frequency between 15Hz to 49Hz or an inter-
harmonic voltage has a frequency range between 51Hz to 85Hz. 

4.2.3 Mitigation of flicker 

As mentioned before some common methods for mitigation of flicker exist. One 
is to reduce the internal impedance by reinforcing the main supply or feeding the 
flicker load from a PCC with higher short circuit capacity. Another commonly 
used method is to inject reactive power to the PCC and compensate for a 
fluctuating reactive demand from the flicker source. One example of such device 
is the Static Var Compensator (SVC) [40]. The SVC is mainly used for 
compensation of large fluctuating reactive industrial loads like arc furnaces etc. 
A common model of a SVC is shown in Figure 4.2. The main parts of the SVC 
are the thyristor controlled reactor (TCR), the thyristor switched capacitor (TSC) 
and the voltage control device. 
 

R

tu
tp L )(
)(

2

=

)()(2)()(2)()(2)()()()( 11
222

1
2 tutututututututututu khkhkhL +++++=

∑
=

+⋅⋅=
M

k

kkkk tUtUtutu
1

111 )cos()cos(2)()(2 ϕωω



Chapter 4: Flicker and Flicker Power Theory 

 

 51 

 

 
 

Figure 4.2. A functional block diagram of a SVC. 

 
The purpose of the SVC is to maintain a constant voltage level at PCC by 
dynamically injecting reactive power and compensating for the fluctuating 
power demand of the load. By changing the fire-angle of the TCR, the inductive 
reactive power is changed dynamically. If the capacitor C is switched on, also 
capacitive reactive power can be injected. Figure 4.3 shows the voltage at PCC 
as a function of reactive power consumption when the SVC is installed. The 
upper line represents low active power consumption and the lower line 
represents high active power consumption. The slopes of the two curves are 
determined by the short-circuit capacity at PCC. It is obvious that the voltage 
can be kept constant when the active power demand changes from the upper line 
to the lower line if reactive power changes from point A to point B. 
 

 
Figure 4.3. Principal function of a Static Var Compensator 
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The SVC is limited in its ability to respond rapidly to a quick change in the 
reactive power since the thyristor must remain in conduction until a natural 
commutation occurs. The time it takes until the thyristor can be controlled again 
is sometimes too long for some type of loads. Another disadvantage with a 
conventional SVC is that only reactive power and no active power can be 
injected since the SVC consists only of passive compensation elements. Another 
device available on the market for suppression of flicker which does not suffer 
from the disadvantages of the SVC is the STATic COMpensator (STATCOM) 
[41]. This device consists of an active voltage source, a converter and a 
transformer (tie reactance). The operation of a STATCOM is fundamentally 
different from that of a conventional SVC (see Figure 4.4). Whereas the SVC 
works by dynamically connecting the passive elements (inductance and 
capacitance) to the PCC, the STATCOM is a controlled ac voltage source 
connected to the PCC through the tie reactance. By controlling the ac voltage 
source any desired current Ic can be forced to flow through the tie reactance. If 
load current IL is subtracted by the distorted current Ic the resulting main current 
Imain will be a pure sinusoidal current. 
 

 
Figure 4.4. A functional block diagram of a STATCOM. 

 

4.2.4 Flicker measurement methods 

Over the past years a number of flicker meters have been developed by different 
organisations. A very early one was developed by UK Electrical Research 
Association (ERA) in 1972 and was mainly used to measure flicker from 
uncompensated arc furnaces. In 1974 Westinghouse Electric Corporation 
developed a flickermeter based on the recommendations from ERA and in 1976 
Electricité de France (EDF) developed a flickermeter by their own. In 1978 in 
Japan, CRIEPI (Central Research Institute of Electric Power Industry) 
developed a flicker meter based on the equivalent 10Hz voltage flicker method 
(i.e. ∆V10-method). Another important contribution to flicker measurement 
methods was introduced by the International Union for Electroheat (UIE) in the 
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early 1980’s. They defined a method which later was internationally agreed and 
adopted by the IEC as the first flicker meter standard IEC 868 in 1986 (replaced 
by IEC 61000-4-15 in 1997). This short historical review shows that new and 
improved measurement methods for flicker are introduced now and then. For 
example, early flicker meters were based on analogue technique whilst modern 
flicker meters are based on digital signal processing techniques [13][43][44], 
although the flickermeter standard still gives an analogue description.  
Also different algorithms related to flicker have been introduced now and then. 
Below are some examples of improved flicker algorithms and related issues that 
have been proposed in articles and periodicals  
 

• algorithms for estimation of instantaneous flicker level (IFL) based on 
Kalman filters [45]. 

• algorithms using wavelet techniques for calculation of flicker [46][47].  
• algorithms based on FFT (Fast Fourier Transform) for calculation of 

flicker [43] [48] [49] [60]. 
• algorithms for trace, identification and determining emission levels of 

flicker sources [27]-[31][42][50]-[52][54][61]. 

The flickermeter standard 

Even tough alternative algorithms for measurement of flicker are available and 
can quite easily be implemented in software, the flicker meter standard 
described in IEC 61000-4-15 is the one that is commonly agreed and in use. The 
specification in the first edition of IEC 61000-4-15 (1997) was for 230V, 50Hz 
voltage inputs but in an amendment (IEC 61000-4-15/A1 of May 2003) also a 
specification for 120V, 60Hz inputs is given. Thus, the current standard includes 
design specifications for both 120V, 60Hz and 230V, 50 Hz inputs.  
The functional diagram of the flicker meter described in IEC 61000-4-15 
consists of five blocks and is shown in Figure 4.5.  
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.5. Flickermeter block diagram according to IEC 61000-4-15. 

Voltage 
adaptor and 
sampling 

Squaring 
demodulator 

Weighting 
filters 

Squaring and 
smoothing 

Statistical 
evaluation of 
flicker level 

PST, PLT 

Voltage 
input 

Lamp model Eye model 

Brain model 

IFL 

Block 1 Block 2 Block 3 

Block 4 Block 5 

Chapter 4: Flicker and Flicker Power Theory 

 

 54 

The flicker meter consists of a lamp model, a model representing the human 
eye-brain chain and a statistical evaluation block where the flicker parameters 
PST and PLT are calculated. In the first block the input signal is scaled, anti-alias 
filtered (for digital versions of flicker meters) and sampled. Since flicker is 
small variation in the voltage amplitude, it is important that the input signal is 
pre-filtered in a correct manner. This is accomplished by letting the input signal 
pass through a high order low pass anti-alias filter with a cut-off frequency of 
approximately 100Hz. The anti-alias filtered signal is then sampled and stored as 
a time discrete signal. Thereby, the signal is stored in a convenient format for 
both digital filtering and mathematical manipulations. Block 2 is a square 
demodulator and represents one part of the lamp model and recovers the low 
frequency amplitude variations that cause flicker. Block 3 is composed of two 
filters in cascade. The first one is a bandpass filter eliminating the DC 
component and the frequency components appearing at the double mains 
frequency due to the demodulation process. The second filter simulates the 
frequency response of the lamp combined with a filter representing the 
sensitivity curve of the human eye. Block 4 is composed of a squaring multiplier 
and a low pass filter and represents how the human brain is reacting on light 
flicker. The output from block 4 is the instantaneous flicker level IFL. Finally, 
block 5 gives a statistical analysis based on defined percentiles of IFL values and 
the output of block 5 is the flicker parameter PST. The observation time for a PST 
value is ten minutes which is a good compromise since it is long time enough to 
‘smooth out’ short duration voltage fluctuations and it is short enough to give a 
good statistical analysis from flicker sources having shorter duty-cycles. The PST 
value is calculated according to equation (4.5) 
 
 

(4.5) 
 
 
where the percentiles IFL0.1, IFL1S, IFL3S, IFL10S and IFL50S are the IFL-values 
exceeded for 0.1, 1, 3, 10 and 50% of the 10 minutes observation period. The 
suffix S means smoothed data and shall be calculated by using the following 
formulas: 
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For flicker sources with a long and variable duty cycle and sources where the 
flicker from several disturbing loads have to be taken in account, a long-time 
severity value, PLT, is defined and is calculated from equation (4.6) 
 
 

(4.6) 
 
 
where PSTi are twelve (N=12) consecutive readings of PST giving a resolution of 
two hours for the PLT value. The PLT value is also defined as a limit value in the 
voltage characteristics standard EN 50160. The standard states that the 95% 
percentile of the 2-hours PLT values from a measurement period of one week 
shall not exceed 1.0. 
Finally one shortcoming of the flicker algorithm shall be highlighted: Not all 
fluctuations in voltage shall be classified as flicker. For example, a voltage dip 
can be noticed as a change in the intensity of a lamp but it is still not a flicker 
phenomenon. Unfortunately, the flicker algorithm described in IEC 61000-4-15 
will react on a voltage dip resulting in an erroneous PST and PLT value [56]. In 
order to avoid this, the IEC standard 61000-4-30 [57] states that if a voltage dip 
or swell occurs, the current 10 minutes period shall be flagged. During the 
evaluation of the measurement PST and PLT values from that period may be 
discarded. 

4.2.5 Methods that determine flicker emission levels and 
identify flicker sources 

It is important to keep the level of flicker in the network as low as possible, or at 
least below the level stated in documents like EN 50160 etc. Therefore, in order 
to ensure an accepted flicker level, the network operator must be able to find the 
customers contributing to an increased level of flicker. Also before any 
mitigation activities can start the network operator must be perfectly sure that 
they have found the actual producer of the flicker. Any disagreements regarding 
who the ‘polluter’ is will cause a slow-down in the mitigation process. 
Therefore, a measurement method or instrument helping to identify dominating 
flicker sources is highly demanded. The existing instruments normally measure 
only the level of flicker according to the standard IEC 61000-4-15 and can not 
determine flicker emission levels or identify flicker sources. Therefore, in the 
remaining of this chapter the quantity of flicker power is defined and a 
measurement method based on this quantity is proposed for both determining 
the emission level and for identifying the flicker source.  

As mentioned earlier, surprisingly little research has so far been made within 
this topic. Existing methods can basically be divided in those developed for 
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determining how flicker propagates (emission) throughout the network and 
those developed to identify a flicker source. As shown here below, methods 
based on time domain analysis as well as frequency domain analysis are used in 
order to obtain desired results. Discussions regarding flicker emission and 
existing measurement methods are also given in [54] and [55] . 

Examples of existing time-domain methods for calculation of flicker 

emission levels and/or identifying flicker sources 

• An early method to identify a flicker source was proposed by K. 
Srinivasan [29]. In his method the low frequency variations of the bus 
voltage and the load currents are decomposed into complex phasors. The 
phasors of the current are then split into a conform current which is in 
phase with the voltage phasor and a non-conform current representing the 
rest of the current phasors. If the network is assumed to be linear, one can 
state that flicker related to the conform current is originating from the 
network side whilst flicker related to the non-conform current is 
originating from the load side. One possible disadvantage with this method 
is that it requires a phase sensitive measurement, which is quite difficult to 
obtain with high accuracy. 

• A method proposed by A. Dán [27] where a flicker source is traced by 
measuring the individual currents on each line on a bus and converting the 
changes in current into individual voltage drops by multiplying with the 
internal impedance. By correlating the voltage drop measured at the bus 
and the voltage drop from each line, the method can identify which of the 
feeders is contributing most to the actual flicker level.  

• B. Hughes [28] proposes a method to identify a flicker source by 
simultaneously measuring the load current IL and the voltage at the point of 
common coupling VPCC. The network’s source impedance Zi is then 
determined by the changes in measured voltage and current. Knowing the 
source impedance, the background emission level can be evaluated from 
the voltage Vbackground=VPCC+Zs⋅IL. The flicker originating from the load 
side is determined from the voltage Vemission=Vbase-Zs⋅IL where Vbase is the 
constant voltage source of the network’s Thevenin equivalent circuit. 

• M. Sakulin has developed a method to calculate the flicker emission level 
from a particular load based on measuring the flicker of the differential 
voltage Vdiff between the load and the voltage at PCC [58]. To measure Vdiff 
there must be a known impedance Zi between the flicker load and the PCC. 
Vdiff is thereby determined by the relation Vdiff =Zi⋅∆I (∆I is the current 
fluctuations in the impedance Zi).  

• A method proposed by Simoes and Deckmann [59] is developed in order 
to determine the propagation and attenuation of flicker. Their method 
measures the voltage drops in a radial network at two buses 



Chapter 4: Flicker and Flicker Power Theory 

 

 57 

simultaneously. By comparing the two voltage drops the propagation and 
attenuation can be determined.  

Examples of existing frequency-domain methods for calculation of flicker 

emission levels and/or identifying flicker sources 

• A flicker source identification algorithm is proposed by D. Zhang, W. Xu 
and A. Nassif based on the calculation of voltage and current 
interharmonic frequency components and uses the sideband signal 
components from the 50 Hz carrier signal [31]. The voltage and current 
interharmonic components are then multiplied in order to obtain the 
interharmonic power direction which will tell whether the flicker source is 
located upstream or downstream with respect to the monitoring point.  

• A. Hernández and J. Mayordomo propose a method based on 
interharmonics for calculation of propagation of flicker from arc furnaces 
[61]. The proposed propagation algorithm can determine the flicker level 
at any bus in the network when one or several loads operate 
simultaneously.  

4.3 Flicker power theory 

4.3.1 Basic principle 

One can conclude from the previous section that the methods discussed there are 
not based on the standard IEC 61000-4-15. The aim of this work was therefore 
to investigate if a method purely based on the standard IEC 61000-4-15 is 
efficient and gives accurate results for calculation how flicker propagates 
throughout the power network and if it can identify a dominating flicker source. 
Such method must also fit to be implemented in a power quality monitor without 
too high computational demands. In the remaining of this chapter the theory is 
developed on which such a measurement method can be based. The developed 
theory uses the information contained in the low frequency variations of both 
voltage and current to determine how flicker propagates throughout the power 
network. The principle is shown in Figure 4.6. Two flicker sources (FS1 and 
FS2) are shown in the one-line diagram in Figure 4.6. With respect to a 
monitoring point M, flicker source FS1 is placed above and flicker source FS2 is 
placed below the monitoring point. At monitoring point M the low frequency 
variations in current and voltage are measured in order to determine how flicker 
propagates with respect to M. In order to determine the emission level and the 
direction at a monitoring point, a new quantity, flicker power, is introduced. This 
new quantity is quite similar to active power and has about the same attributes. 
One attribute of flicker power which is used in this theory is the direction of 
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flicker power flow. Flicker power originates from a flicker source and flows 
from this flicker source throughout the network. Another attribute is the 
conservation of flicker power and it will be shown later in this chapter that the 
sum of flicker power that flows into a node (i.e. busbar) is during normal 
conditions very close to the sum of flicker power that flows out from the same 
node. Derivation of flicker power and its attributes will be discussed later in this 
chapter. 

 
Figure 4.6. One-line diagram of a 2-bus system with two flicker sources 

 
Depending on whether the flicker source is placed above or below the 
monitoring point M, the developed theory will show that the low frequency 
variations (envelopes) in voltage and current will be in-phase or 180° out-of-
phase. This is shown in a circuit model (Figure 4.7) of the power network shown 
in Figure 4.6. Before analyzing the circuit model two assumptions should be 
stated: 
 

• The generator G produces a sinusoidal voltage at a constant frequency and 
voltage magnitude. Depending on how the grid in Figure 4.6 is 
interconnected with other grids (this is not shown in Figure 4.6), the 
voltage at the two buses is not determined only by the voltage generated by 
generator G. The bus voltage will be a function of two or more voltage 
sources. If any of these sources are affected by flicker it will also, more or 
less, affect the flicker level at the bus. However, as long as the changes in 
the feeding voltage(s) are uncorrelated with the changes in the load current 
from the flicker load, it will not influence the magnitude of flicker power. 
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• The power network itself is assumed to be a linear network. This is an 
acceptable assumption since good accuracy is normally achieved in the 
results also when using linear circuit models. Another advantage of using a 
linear circuit model is that basic circuit theory methods like superposition 
etc. can be used.  

 
The circuit model in Figure 4.7 shows the network with two flicker sources with 
impedances ZFS1 and ZFS2. Flicker source ZFS1 is placed above the monitoring 
point (A-A’) and the other one (ZFS2) is placed below. At the monitoring point, 
the voltage and current waveforms are recorded and the flicker power is 
calculated. 

 
 Figure 4.7. Circuit model of the 2-bus system in Figure 4.6. This model is used to derive 

flicker power. 

 
Two different cases occur depending on whether the flicker source is located 
above or below the monitoring point (A-A’).  

Case 1: The flicker source is placed below the monitoring point A-A’ (ZFS2 

in Figure 4.7)  

In this case, we shall determine how the amplitudes of UL and IL are changing 
with respect to each other when flicker source ZFS2 is operating. Assume that the 
flicker source changes its impedance (i.e. its power consumption) with a 
(modulating) frequency of fm2 [Hz] within the flicker frequency spectrum. Since 
we are only interested in UL and IL the circuit in Figure 4.7 can be simplified in 
two steps in order to make the calculations easier. Firstly, flicker source ZFS1

 is 
considered to be in a non-operating state and can thereby be removed from the 
circuit model. Secondly, the load ZL and the left shunt capacitor can be removed 
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since they have no effect on the variations in UL and IL. Thirdly, by using the 
Thevenin’s theorem, the right shunt capacitor and the impedance ZT can be 
integrated into a new impedance Z’T replacing the old impedance ZT and a new 
feeding voltage Uo is introduced replacing the generator. The simplified circuit 
model shown in Figure 4.8 gives equivalent results with the circuit model in 
Figure 4.7.  
 

 
Figure 4.8. Equivalent circuit model to the circuit model in Figure 4.7 and used for 

evaluation of UL and IL if the flicker source is placed below the monitoring point. 

 
Assume that the flicker source ZFS2 has two distinct states. One state is with low 
current consumption (IL) and the other is with high current consumption (IL + 
∆I). Also suppose that the switching frequency between the two states is fm2 
[Hz].  
The changes in voltage UL and current IL are analysed by using complex phasors 
which can be used since the circuit is considered in steady state condition which 
is an acceptable assumption since the variations are of a much lower frequency 
compared with the fundamental frequency (i.e. 50Hz or 60Hz) or the frequency 
of any transients originating from the switching procedure. 
 
Examine Figure 4.8 and using Kirchoff’s voltage law and Ohm’s law during low 
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Using the same circuit laws as in (4.7) during high current consumption gives: 
 

(4.8) 
 
The change in voltage UL when the current changes from IL to IL+∆I is obtained 
by subtracting (4.7) and (4.8) 
 

(4.9) 
 
The result is obvious. A flicker source placed below (downstream) the 
monitoring point (A-A’) will influence the current and voltage envelopes at the 
monitoring point according to the diagrams in Figure 4.9. An increased current 
I+∆I will result in decreased voltage level U-∆U which means that the low 
frequency variations in current and voltage are 180° out-of-phase.  
Another issue to be considered is the shunt capacitors. These can be removed in 
the circuit model as long as the line is a so-called short line (the length is less 
than 80 km) [63]. The circuit model is thereby further simplified and Z´T = ZT. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.9. Changes in current and voltage envelopes due to operation of a flicker source 

placed below the monitoring point. Note that the envelopes of current and voltage are 180° 
out-of-phase. 
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Case 2: The flicker source is placed above the monitoring point A-A’ (ZFS1 

in Figure 4.7)  

In this case, we shall determine how the amplitudes of UL1 and IL are changing 
with respect to each other if the flicker source is placed above the monitoring 
point. Assume that the flicker source changes its impedance at a rate fm1 [Hz] 
within the flicker spectrum. Figure 4.10 shows a simplified circuit model of the 
circuit in Figure 4.7. The voltage U is a result of a voltage division between Zg 
and rest of the impedances in the circuit model. The voltage U is then the 
driving voltage for the current flowing through ZT. Since the network is assumed 
to be linear, changes in the voltage U due to changes in ZFS1 will also change the 
current flowing through ZT. This implies that increased voltage U will result in 
an increasing current through ZT and vice versa. This can easily be derived by 
using basic circuit theory. 
 

 
 
Figure 4.10. A circuit model of the 2-bus system in Figure 4.6. This model is used to derive 

flicker power if the flicker source is placed above the monitoring point (A-A’). 
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(4.12) 

 
 
Substituting (4.12) into (4.10) yields 
 
 

(4.13) 
 
 
similarly, substituting (4.12) into (4.11) yields 
 
 

(4.14) 
 
 
 
The voltage U will change when the flicker source ZFS1 changes its impedance 
(i.e. change in power consumption). Since both UL and IL are directly 
proportional to the voltage U according to (4.13)and (4.14) the envelopes of 
current and voltage will be in-phase (see Figure 4.11). 

 
Figure 4.11. Changes in current and voltage envelopes due to operation of a flicker source 

placed above the monitoring point. The envelopes of voltage and current are in-phase. 
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Comparing the results from case 1 (Figure 4.9) and case 2 (Figure 4.11) one can 
conclude that information regarding the direction to a flicker source can be 
derived by analysing the current and voltage envelopes. In case 1, the current 
and voltage envelopes are 180° out-of-phase while in case 2 the envelopes for 
current and voltage are in-phase.  

4.3.2 Amplitude modulation 

Amplitude modulation (AM) is a type of modulation well known since the early 
era of radio broadcasting. In broadcasting the modulation of the carrier wave is 
intentional in order to transmit information. In power quality the amplitude 
modulation is unwanted and may lead mainly to light flicker. Even though the 
causes and consequences of amplitude modulation are completely different in 
broadcasting and power quality, the same underlying theory can be used. From 
Figure 4.9 and Figure 4.11 in the previous section it is obvious that the flicker 
phenomena can be described as amplitude modulation where the flicker signal is 
the modulating signal m(t) (i.e. the envelope of the AM-signal). A general 
expression of such a signal is  
 
 

(4.15) 
 
 
The first term in (4.15) is the carrier signal (i.e 50Hz or 60Hz current or voltage 
signal) and the second term contains the low frequency variations m(t) which 
forms the envelope of the amplitude modulated signal e(t) (see Figure 4.12). 
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Figure 4.12. Amplitude modulation is a combination of a carrier signal with a constant 

magnitude (i.e. 50Hz signal) and a low frequency modulating signal m(t) that forms the 

envelope of the amplitude modulated signal. 
 
The flicker information is carried in the modulating signal m(t) and must 
therefore be recovered (demodulated) from the amplitude modulated signal e(t) 
in equation (4.15). 
 
An alternative way of examining an amplitude modulated signal is to analyse 
(4.15) in the frequency domain. Since this is an introduction to amplitude 
modulation, we shall consider the modulating signal to be a single sinusoidal, 
Emcos(ωmt), rather than a complex signal. The principle is the same as compared 
to a more complex signal, but with a single tone modulation the results are 
easier to interpret in the frequency domain. Let m(t) = Emcos(ωmt) and use well 
known trigonometry identities to re-write (4.15) to 
 
 

(4.16)  
 

 
 
The last three terms in (4.16) show that the frequency spectrum of an amplitude 
modulated signal modulated with a single tone consists of the carrier signal and 
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two sideband signals (term 2 and term 3 in (4.16) placed on both sides of the 
carrier signal, at a frequency distance equal to the modulating frequency (see 
Figure 4.13)). 
 

 
Figure 4.13. Frequency spectrum of a single tone modulated AM-signal. The modulating 

signal is shown as a baseband signal. 

 
The amplitude modulated signal in Figure 4.12 constitutes the lower sideband, 
the carrier, and the upper sideband. The modulating signal m(t) is placed in the 
baseband before it is transposed to another part of the frequency spectrum by 
the modulating process. The information of interest to us is contained only in the 
sideband signals and the carrier signal contains no information of interest. By a 
demodulation process the modulating signal is transposed back to the baseband 
and m(t) is recovered. Later in this chapter we will discuss different 
demodulation principles. More information regarding amplitude modulation and 
demodulation techniques can be found in [64] and [65]. 
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4.3.3 Derivation of flicker power 

Consider a bus system consisting of one incoming line and N outgoing lines 
according to Figure 4.14. The system is assumed to be a balanced three-phase 
system so all computations are per phase. 

 
 

Figure 4.14. A one-line diagram of a bus consisting of one incoming line and 

 N outgoing lines. 

 
From the previous discussions, a flicker source creates an amplitude modulated 
signal in current and voltage according to expression (4.17): 
 

(4.17) 
 
where U0B is the amplitude of the carrier wave, mu(t) is the modulating signal 
originating from flicker sources connected to the system, ωc is the carrier 
angular frequency (rad/s) and finally βc is a phase shift (with respect to a defined 
reference phase). The currents (iin(t), i1(t),…., iN(t)) are amplitude modulated 
signals originating from the flicker sources connected to the outgoing lines. 
Thus, the flicker sources create modulating signals m1(t), m2(t), …, mN(t) in the 
current signals. To derive the new flicker power quantity we chose to analyse 
the outgoing line 1 carrying the current 
 

(4.18) 
 
where I1 is the amplitude of the carrier, m1(t) is the modulating signal, ωc is the 
carrier angular frequency and α1 is the phase shift (with respect to the same 
reference as in (4.17)). 
 
 
 
 
 
 
 

uB(t) iin(t) 

i1(t) iN(t) i2(t) 

( ) )cos()()( 0 ccuBB ttmUtu βω +⋅+=

( ) )cos()()( 1111 αω +⋅+= ttmIti c

Chapter 4: Flicker and Flicker Power Theory 

 

 68 

The active power, P1, flowing in line 1 is calculated by first multiplying and 
then integrating expressions (4.17) and (4.18) 
 
 
       
 
 

 
(4.19) 

 
After integration only two terms are left contributing to the active power flowing 
in line 1 since both ∫ ⋅ dttmU B )(10  and dttmI u∫ ⋅ )(1  are approximately zero if the 

integration time is long enough. The first of the remaining terms is 
 

 (4.20) 
 
 
and is known as the active power originating from the 50Hz (or 60Hz) voltage 
and current signals. The second term 
 
 

(4.21) 
 
 
is the interesting one and contains the definition of un-weighted flicker power 
defined as 
 

(4.22) 
 
 
Equation (4.22) expresses how much the low frequency variations contribute to 
the (total) active power flowing in line 1. Depending on if the modulating 
signals mu(t) and mi(t) are in-phase or 180° out-of-phase, the sign of (4.22) will 
either be positive or negative and thereby indicate the direction of un-weighted 
flicker power flow with respect to the active power P01. Normally, the reference 
for voltage and current is chosen so positive sign of P01 implies that the load 
absorbs energy and the power flow direction is from the generator toward the 
load. A negative sign means that power flows in the opposite direction. 
According to the flicker meter standard IEC 61000-4-15 the human sensitivity to 
flicker is a function of both modulating frequency and degree of modulation. 
This means the low frequency signals mu(t) and mi(t) must be filtered according 
to how the human responds to flicker. This is achieved by using the sensitivity 
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filter described in the IEC 61000-4-15. The filtered signals muΠ(t) and miΠ(t) 

indicate how an average human responds to flicker (see Figure 4.1). Finally, the 
quantity flicker power (Π or FP) is defined very similar to (4.22) but in order to 
conform to the flicker sensitivity curve of the human the filtered signals muΠ(t) 
and miΠ(t) should be used: 
 
 

     [W] (4.23) 
 
 
A block diagram for calculating of flicker power according to (4.23) is shown in 
Figure 4.15. The block diagram uses digital signal processing techniques so the 
input signals u[n] and i[n] are sampled versions of the original analogue signals 
u(t) and i(t). The signal processing block diagram consists of four blocks: 
demodulation, filtering, multiplying and integration. The same method for 
demodulation and filters is used for both voltage and current signals. The first 
block represents the demodulation process which transposes the low frequency 
variations, m[n], to the baseband (see Figure 4.13). The second block represents 
the bandpass filter that attenuates all frequencies outside the defined flicker 
frequency spectrum. Its transfer function is described in the IEC standard IEC 
61000-4-15. The third block is the multiplier (i.e. mixer) which multiplies the 
output signals from the voltage and current chains. The quantity of the signal at 
the output of the multiplier is called the instantaneous flicker power Π[n]. The 
fourth block is integration where Π[n] is integrated (i.e. low-pass filtered) and 
the output is the quantity flicker power Π. 
. 
 

 
Figure 4.15. Block diagram for calculation of flicker power Π 
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4.3.4 The validity range of the proposed method 

Before the proposed method in Figure 4.15 can be implemented in an instrument 
its validity must be checked. One way to check this is to study the switching of 
loads (i.e. square-wave modulation) that also change the power factor and then 
calculate the change in voltage that occurs between the two load states. An 
appropriate circuit model for this is shown in Figure 4.16. Consider a voltage 
source, delivering a voltage with constant frequency and magnitude U0 
regardless of the delivered current IL. Further, assume that the load (SL=PL+jQL) 
has two load states – one state with low active power consumption (P1) and one 
with high active power consumption (P2). For both load states, the reactive 
power can be changed arbitrarily. The switching frequency between the two load 
states is fm [Hz] which is within the flicker frequency window. Furthermore, 
assume that the switching frequency is so low that the duration of any transients 
due to the switching will be short compared to the switching period. This means 
that the circuit in Figure 4.16 is in steady state and the jω-method can be used. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.16. Circuit model used for validation of the proposed method for calculation of 

flicker power. 

 
Observing Figure 4.16 it is obvious that the voltage UL measured at busbar 2 
depends on a combination of the network strength and complex power 
consumption SL of the load. High power consumption means that high current IL 
will flow in the circuit and a voltage drop occurs across the network impedance 
ZT leading to a decrease in the voltage UL. A weak network will give a decrease 
in the voltage UL also when power consumption is moderate due to the high 
network impedance. The relation between voltage amplitude  UL as a function 
of the internal impedance and the load characteristics is given by the equations 
below, where U0, RT, XT, PL and QL are assumed to be known,  
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(4.24) 

 
Using (4.24) yields 
 
 

(4.25) 
 
 
The losses in the internal impedance ZT are:  
 

(4.26) 
 
 

(4.27) 
 
 
Combining (4.25), (4.26) and (4.27) result in 
 

(4.28) 
 

or 
 

(4.29) 
 
Equation (4.29) is a 4:th order equation in ILand only one of the four solutions 
will be the correct one. After IL is solved the voltage ULis determined from 
equation  
 
 

(4.30) 
 
 
From (4.30) one can observe that UL is a function of five different parameters. 
Three of them (RT, XT and U0) are system network parameters and can be 
considered constant. The other two (PL and QL) represents the power 
consumption of the load and are fluctuating if the load is a flicker source. To 
validate the method for calculation of flicker power it is neccessary to check 
how ULand ILare changing for different values of PL and QL with fixed 
values of RT, XT and U0. The principal result of such calculations is shown in the 
(UL-Q) and the (IL-Q) diagrams in Figure 4.17.  
 

2
0

22
2 )()(

U

QQPP
I LL
L

+∆++∆
=

2

LT IRP =∆

2

LT IXQ =∆

2222222222
0 2)(2)( LLLTLTLLLTLTL QQIXIXPPIRIRIU ++++⋅+=⋅

[ ] 0)(2)( 2222
01

422 =++⋅−++⋅+ LLLLTLTLT QPIUQXPRIXR
T

),,( 0

2222

UXRI

QP

I

QP
U

TTL

LL

L

LL

L

+
=

+
=

0

**
00

)(
)(

U

QQjPP
IQQjPPIUS LL
LLLL

+∆++∆
=→+∆++∆=⋅=

Chapter 4: Flicker and Flicker Power Theory 

 

 72 

 
 

Figure 4.17. (UL-Q)(upper diagram) and (IL-Q) (lower diagram) shows the voltage  
UL and the current  ILas a function of reactive power Q and two fixed values of active 

power PL1 (solid lines) and PL2 (dashed lines). PL2 > PL1. 

 
The upper diagram in Figure 4.17 shows normalized voltage magnitude UL as 
function of reactive power QL for two values of PL. The lower diagram is the 
corresponding diagram for current magnitude IL. Now, consider a flicker 
source SL=PL+jQL having two distinctive complex power consumption states 
SL1=PL1+jQL1 and SL2=PL2+jQL2. Also assume that PL2 > PL1 and QL2 > QL1. If the 
switching frequency between SL1 and SL2 is within the flicker frequency window, 
the flicker phenomenon occurs if ∆UL (i.e. the change in UL) is large 
enough. Furthermore, the power in Figure 4.17 is between -2P2 and 2P2 
corresponding to a power factor of load SL2 between PF2L=0.37(cap) and 
PF2L=0.37 (ind). The ratio between PL2 and PL1 is (in this case) 5 which means 
that the power factor for load SL1 is between PF1L=0.1(cap) and PF1L=0.1(ind) 
in the diagram. According to section 4.3.1, the voltage envelope and the current 
envelope shall be 180° out-of-phase when measuring on a downstream flicker 
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source. This is fulfilled for any load switching states SL1 and SL2 as long as an 
increase in the current magnitude results in a decrease in the voltage magnitude. 
We continue this discussion by making some work-through examples. All 
examples are based on the circuit model in Figure 4.16. 

Example 1: Flicker source connected to a low-voltage network with purely 

resistive source impedance 

The (UL-Q) and the (IL-Q) diagrams have been calculated for a downstream 
flicker source having the following two distinctive load states: 
SL1=25kW+j10kvar (per phase) and SL2=100kW+j100kvar (per phase). Phase-to-
phase voltage at bus 1 is 400V and the line impedance is ZT = RT =10 mΩ (per 
phase). The (UL-Q) and the (IL-Q) diagrams are shown in Figure 4.18. 

 

 
 

Figure 4.18. (UL-Q) and (IL-Q) diagrams for a flicker load connected to a LV network 
with pure resistive source impedance. 

Maximum voltage magnitude and minimum current magnitude are achieved for 
QL1= QL2=0. Increased reactive power (capacitive as well as inductive) results in 
increased current magnitude and decreased voltage magnitude. Figure 4.19 
shows the working region of the algorithm for the example in Figure 4.18 and 
with respect to the operational point SL2. As shown in Figure 4.19 changes in 
reactive power give only a small change in the voltage magnitude UL. When a 
drop in active power is associated with a rise in reactive power, such that the 
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current magnitude increases, the voltage magnitude still increases as well and 
the algorithm will give an incorrect sign of the flicker power. Such situation 
appears to the left of the vertical line A-A’ and to the right of the vertical line B-
B’. However, this is a minor disadvantage since the load characteristics outside 
the working region of the algorithm in this example are not realistic. 
 

 
Figure 4.19. The working region of the algorithm with respect to the operational point SL2. 

Example 2: Flicker source connected to a MV power network 

In this example we consider a short-circuit ratio SCR of 20, a XT/RT ratio of 3 
and Sh=150 MVA. The voltage U0 at bus 1 in Figure 4.16 is 10kV. Further 
assume that the load switches from a low state S1L=2MW+j1Mvar to a high state 
S2L=7.5MW+j5Mvar. The (UL-Q) and the (IL-Q) diagrams for such load 
characteristics are shown in Figure 4.20. 
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Figure 4.20. (UL-Q) and (IL-Q) diagrams for a flicker source connected to a MV network 

where the flicker load switches from SL1=PL1+jQL1 to SL2=PL2+jQL2 where PL2> PL1 and  

QL2 > QL1. 

 
As shown in Figure 4.20, the algorithm will give a correct result for any load 
changes SL1=PL1+jQL1 to SL2=PL2+jQL2 as long as PL2> PL1 and QL2 ≥ QL1. We 
can expect that this type of load change is very common. It can, however, 
theoretically happen that the active power switches from a relatively high level 
to a lower level at the same time as the reactive power changes from a low level 
to a higher level (i.e. SL2=PL2+jQL2 to SL1=PL1+jQL1 where PL1 < PL2 and QL1 > 
QL2). Such situation is shown in Figure 4.21 and the example is based on the 
same network parameters as used in Figure 4.20. 
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Figure 4.21. (UL-Q) and (IL-Q) diagrams for a flicker source connected to a MV network 

where the flicker load switches from SL2=PL2+jQL2 to another state, SL1, along the line B-B’ 

where PL1 < PL2 and QL1 > QL2. 

 
When examining Figure 4.21 we observe that the voltage magnitude UL is 
constant along the horizontal line A-A’ and that the current magnitude IL is 
constant along the horizontal line B-B’. Now, consider that the load 
SL2=PL2+jQL2 switches to a new state SL1=PL1+jQL1 where PL1 < PL2 and QL1 > 
QL2. As shown in Figure 4.21 the algorithm works perfectly well for any values 
of SL1 except for a small range of Q between the two vertical lines C-C’ and D-
D’. Between these two lines and with respect to the operational point SL2 both 
UL and ILare decreasing.  

4.4 Multiple sources of flicker 

4.4.1 Superposition of flicker power 

An important task to derive is how flicker powers from multiple sources of 
flicker superpose in a power network node. Assume, for simplicity, a power 
network node with one incoming line iin(t) and two outgoing lines i1(t) and i2(t) 
(see Figure 4.22) 
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Figure 4.22. Power network node with one incoming line and two 

outgoing lines. 
 

Furthermore suppose that the outgoing lines are producing flicker power that 
will propagate into the incoming line. The magnitudes of flicker power at the 
outgoing lines depend on the network impedance, ZT, (which influences the 
fluctuations of ub(t)), as well as the frequency and magnitude of the fluctuations 
of the outgoing currents. The magnitude of flicker power at the incoming line is 
dependent on the same parameters as for the outgoing lines but is also dependent 
on the phase difference between the fundamental currents at the outgoing lines 
as well as the ratio of I01 and I02. This is proofed by the following calculations: 
The busbar voltage ub(t) and the outgoing currents i1(t) and i2(t) are amplitude 
modulated due to present flicker sources and can be expressed as:  

 

(4.31) 
  

(4.32) 
 

(4.33) 
 
where α1 and α2 are phase differences of the carrier currents with respect to the 
voltage ub(t) and ωc is the angular frequency of the carrier signal. The current 
iin(t) of the incoming line is then 
 

(4.34) 
 
Use the following trigonometric identity on the two terms on the right side: 
 

(4.35) 
 
 
 

ub(t) 

iin(t) 

i1(t) i2(t) 

ZT 

)cos())(()( 0 ttmUtu cub ω⋅+=

)cos())(()( 11011 αω +⋅+= ttmIti c

)cos())(()( 22022 αω +⋅+= ttmIti c

)sin()sin()cos()cos()cos( yxyxyx ⋅−⋅=+

)cos())(()cos())(()( 22021101 αωαω +⋅+++⋅+= ttmIttmIti ccin

Chapter 4: Flicker and Flicker Power Theory 

 

 78 

This yields 

         

(4.36) 
 
Reorganising the right-hand side terms in (4.36) gives 
 
 
 

(4.37) 
 
 
Expression (4.37) shows that the superposed current iin(t) can be written as two 
AM-modulated signals with carrier signals that are orthogonal to each other. 
However, expression (4.37) can be re-written as a single AM-modulated signal 
by using the following trigonometric identity: 
 

(4.38) 
 
Identifying (4.37) with (4.38) gives 
 

(4.39) 
 
and 
 

(4.40) 
 
Squaring both sides of (4.39) and (4.40) and adding together results in 
 
 
 

(4.41)  
 
 
 
After using some well known trigonometric identities on (4.41) the amplitude 
X(t) can be written as 
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Expression (4.42) shows that if the phase difference (α1-α2) is equal to zero, the 
amplitude of the incoming current, X(t), will exactly be the superposed 
amplitudes of the two outgoing currents: 
 

(4.43) 
 
Also small phase differences between α1 and α2 will result in a flicker power 
value in the incoming line close to the algebraic sum of the flicker powers from 
the two outgoing lines. As the phase difference (α1-α2) increases there will be a 
difference between the results in (4.42) and (4.43). However, in many practical 
situations with small phase differences the flicker powers are yet superposed 
with acceptable accuracy. Expression (4.44) is derived from (4.42) and (4.43) 
and shows how the relative error (i.e. ((4.42)-(4.43))/(4.43)) develops for 
different load conditions. The expression is derived assuming I01>> m1(t) 
and I02>> m2(t) resulting in that both m1(t) and m2(t) can be neglected 
which will greatly simplify the expression but still give a reliable result. Setting 
I02 =k⋅ I01 (where k is a positive constant) the relative error derived from  
(4.42) and (4.43) is as follows: 
 
 

(4.44) 
 
 
The relative error in (4.44) can now be calculated for realistic load situations 
(i.e. different values of power factors cos(ϕ1), cos(ϕ2) and constant k). Table 4.1 
and Table 4.2 show the relative errors for five common load situations. 
Outgoing line 1 has power factor 0.8 and the power factor on outgoing line 2 
differs between 1.0 and 0.6. In Table 4.1 is the constant k chosen to 1 (i.e. 
I01=I02) and in Table 4.2 is k equal to 4 (i.e. I02=4⋅I01). 
  
k=1: 

cos(ϕ1) cos(ϕ2) (α1-α2) 

 
Rel. error 

[%] 
0.8 1.0 36.9° -5.13 
0.8 0.9 11.0° -0.46 
0.8 0.8 0° 0.00 
0.8 0.7 -8.7° -0.29 
0.8 0.6 -16.3° -1.01 

 

Table 4.1. Relative errors when flicker powers from the two lines are superposed  

compared to the flicker power calculated in the feeding line. k=1. 
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k=4: 

cos(ϕ1) cos(ϕ2) (α1-α2) 

 
Rel. error 

[%] 
0.8 1.0 36.9° -3.26 
 0.8 0.9 11.0° -0.30 
0.8 0.8 0° 0.00 
0.8 0.7 -8.7° -0.18 
0.8 0.6 -16.3° -0.64 

 

Table 4.2. Relative errors for five phase differences and with k=4. 

 
With above realistic values of k, cos(ϕ1) and cos(ϕ2) we certify that, during these 
normal load conditions, the flicker power on the incoming line is very close to 
the sum of the flicker powers from each outgoing line. Hence the flicker power 
can be considered as a conserved quantity for these load conditions. 
In above example only two outgoing lines are considered. However, as the 
number of outgoing lines grows it is instead preferably to obtain above 
calculations in a simulation environment. Therefore, in Chapter 5 is such an 
environment introduced where the flicker powers can be calculated based on a 
number of given parameters (amplitudes, type of modulation, modulation 
frequencies etc.). This will open up for a more in depth evaluation of the flicker 
power properties. 
 
Finally we derive an expression for the phase ψ(t) in (4.38) of the superposed 
carrier component. Dividing (4.40) with (4.39) and taking arctan of the quote 
gives: 
 
 

(4.45) 
 
 
From (4.45) we can conclude that superposition of two amplitude modulated 
flicker sources also results in frequency modulation of the superposed signal 
since the phase ψ(t) is time dependent. However with I01>>m1(t) and 
I02>>m2(t) the phase difference is considered constant and hence the 
frequency modulation is thereby automatically ignored:  
 
 

(4.46) 
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4.5 Implementation of flicker power algorithm 

4.5.1 A block diagram of the proposed flicker-power meter 

So far, we have described the details of the block diagram in general terms of 
computing flicker power (Figure 4.15). Next is to decide the content in each 
block to form a flicker power meter that can be implemented in a measurement 
system. Following the discussion in section 4.3.3, a proposed method is shown 
in Figure 4.23.  

 
Figure 4.23. A proposed block diagram for calculation of flicker power Π 

 
 
The input signals to the algorithm are u[n] and i[n] and are sampled versions of 
the measured (time continuous) voltage and current waveforms. The first two 
blocks (block 1 and block 2) are the demodulation of u[n] and i[n] followed by 
bandpass filterering (block 3). The signal on the output of block 3 is the low 
frequency variations in voltage and current, weighted by the bandpass filter 
described in the flickermeter standard IEC 61000-4-15. In block 4 the 
instantaneous flicker power Π[n] is calculated and, finally, block 5 calculates 
the flicker power Π  by integrating Π[n]. Below each individual block of the 
flicker power algorithm is described in more detail. 

4.5.2 Demodulation 

Block 1 and block 2 in Figure 4.23 perform the demodulation of the amplitude 
modulated flicker signal. Demodulation means retrieving the modulating signal 
m(t) in an amplitude modulated signal, e(t), to the baseband (see Figure 4.13). 
Amplitude modulated signals, which are of interest here, can be demodulated in 
different ways. The most commonly used methods are discussed in this section. 
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Bandpass 
filtering 

 

Integration 
Π 

 

Lowpass 
filtering 

Bandpass 
filtering 

 

Block 1 Block 2 Block 3 Block 4 Block 5 

u[n] 

i[n] 

Chapter 4: Flicker and Flicker Power Theory 

 

 82 

Square demodulation 

Square demodulation is a straight forward method through squaring of the 
amplitude modulated signal followed by a bandpass filter. Squaring is a non-
linear process which means new signal components will occur on the output of 
the square demodulator. One of these new signal components is proportional to 
the modulating signal m(t). The output signal of the square demodulator is  
 

(4.47) 
 
In order to show the principle behaviour of a square demodulator, let us analyse 
the output of the demodulator if the modulating signal is a sinusoidal (i.e. 
m(t)=Emcos(ωmt)): 
 
  
 
 
 
 
 
 
 

(4.48) 
 

Figure 4.24 shows the frequency spectrum of equation (4.48). Due to the non-
linearity of a squaring process two, in frequency, separated frequency spectrums 
will occur. One part of the spectrums is placed in the baseband region and 
contains a DC signal and two other signal components are placed at ωm and 2ωm. 
The other part of the spectrum is centred around 2ωc. Generally, the modulating 
signal is removed by using a bandpass filter centred at angular frequency ωm. 
Depending on the amplitude characteristics of the bandpass filter more or less of 
the signal component at 2ωm will pass and contribute to a distortion on the 
output of the filter. However, the unwanted second order term has little 
influence on voltage signals as the modulating signal in voltage is small Em<<Ec. 
However, the situation is different for current signals since the changes in 
current can be considerably high due to changes in power consumption of the 
flicker load. The changes in current are approximately proportional to the 
changes in power consumption if the power network is considered strong. 
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Figure 4.24. Frequency spectrum created by a square demodulation of a single tone 

amplitude modulated signal. 

 
If more than one frequency is contained in the modulating signal a band of 
frequency components will occur in the baseband and around 2ωm. Such a 
situation can considerably distort the output signal from the filter. 
The advantage of using square demodulation is that it is easy to implement. If 
the input signal is a sampled signal, square demodulation is obtained just by 
squaring each sample. Such an operation is quite easy to generate by software. 
 
Superposition of two amplitude modulated signals (consider that each signal is a 
single tone modulating signal at angular frequency ωm1 and ωm2 with the same 
carrier angular frequency ωc gives 
 

(4.49) 
 
A square demodulation of the superimposed signal in(4.49) is 
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The frequency spectrum of the first and the third term in (4.50) is known from 
Figure 4.24. Manipulating the second term one obtains 
 
 
 
 

(4.51) 
 

Extracting the baseband signals from (4.51) yields 
 
 
 
 

(4.52) 
 

Figure 4.25 shows the baseband frequency spectrum. 
 
 
 
 
 
 
 

 
 

 

 

 

 
 

 

Figure 4.25. Frequency spectrum created by a square demodulation of a superimposed signal 

with two modulating signals at the angular frequencies ωm1 and ωm2.  

 

A correct demodulation of a superimposed signal shall only contain a DC-signal 
and the two modulating signals Em1cos(ωm1) and Em2cos(ωm2). Figure 4.25 
clearly shows that this is not the case if using a square demodulation. A square 
demodulation generates other unwanted signal components. A practical 
consequence of the non-linear property of square demodulation is that the sum 
of flicker power measured from N outgoing lines will not be equal to the 
measured flicker power from the incoming line. This is not acceptable for flicker 
power analysis. Flicker power shall be a conserved quantity which means the 
sum of individual flicker power contributions in a node shall be equal to zero. 
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This will not be the case if using square demodulation due to the squaring 
process and therefore the square demodulation method should be avoided for 
flicker power analysis. 

Coherent phase demodulation 

A second method for retrieving a modulating signal is coherent phase 
demodulation. The principle of coherent phase demodulation is that an oscillator 
signal with the same frequency and phase as the carrier signal is multiplied with 
the amplitude modulated signal e(t) (see Figure 4.26). 
 

 
 

 

Figure 4.26. Block diagram of coherent phase demodulation method. 

 
As shown in Figure 4.26 the input signal e(t) is multiplied with an oscillator 
signal cos(ωosct+ϕ). Assume the amplitude modulated signal is 
 

(4.53) 
 
After multiplication, the output of the phase coherent detector is 
 
 
 

(4.54) 
 
If ωosc = ωc and ϕ = β  then 
 

(4.55) 
 
For single tone modulation  
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The frequency spectrum of equation (4.56) is shown in Figure 4.27. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.27. Frequency spectrum created by a phase coherent demodulation of a single tone 

amplitude modulated signal. 

 
Comparing the frequency spectra created by coherent phase detection and square 
demodulation shows that coherent phase detection is the better choice. No other 
signal frequencies than a DC signal and the modulating signal are created in the 
baseband. The signal levels when using coherent phase detection (proportional 
to Em and Ec) are also smaller compared to the signal levels created by square 
demodulation (proportional to Em

2 and Ec
2). However, the main disadvantage 

with coherent phase demodulation is that the method requires knowledge of 
exact frequency and phase of the carrier signal. This can be difficult to achieve 
in a real situation. 

Envelope demodulation 

As shown in Figure 4.12 the envelope of e(t) is formed by the modulating signal. 
A simple and straightforward method to demodulate e(t) and retrieve m(t) is 
therefore to filter out the envelope of e(t). Such a method is called envelope 
demodulation and consists of two blocks. The first block is a half-wave 
rectification of e(t). The second block is a lowpass filter with the modulating 
signal at its output (Figure 4.28). 
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Figure 4.28. The principle of envelope demodulation. 

 
The output from the rectification circuit can be expressed as 
 

(4.57) 
 

The Fourier series of a half-wave rectified sinusoidal, rectwavect 2/1)cos(ω , is  

 
 

(4.58) 
 
 
Equation (4.58) shows that the frequency spectrum of a half-wave rectified 
sinusoidal contains a DC component, a fundamental as well as (even) 
harmonics. Combining (4.57) and (4.58) the output of the envelope demodulator 
is  
 
 

(4.59) 
 
 
Signal components in (4.49) with an angular frequency ω ≥ ωc are removed by 
the lowpass and the bandpass filter used in the proposed method (see Figure 
4.23 and Figure 4.32) and can therefore be neglected in the following 
calculation.  
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With )cos()( tEtm mm ω=  the signal spectrum for the remaining signal is 

 
 
 
 
 

(4.60) 
The first term on the right hand side of (4.60) is also removed by the bandpass 
filter (Figure 4.32), the second term is the carrier signal which is highly 
attenuated by the lowpass and the bandpass filter. The third term is the desired 
modulation signal. Term 5 is also removed by the filters but term 4 is a signal 
component which is difficult to remove since it, depending on the frequency of 
the modulating signal, can appear within the flicker frequency range (see Figure 
4.29). In broadcasting this is not a problem since ωm << ωc, but in this 
application the flicker frequency range goes up to 25Hz or 30Hz. However, 
above 10Hz impact of voltage fluctuations on flicker diminishes quickly. If 
choosing the low pass filter in Figure 4.23 with a stop band from about 35Hz the 
the signal component at ωc-ωm.will be sufficiently attenuated and can thereby be 
omitted. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.29. Frequency spectrum created by envelope demodulation. No other signal 

components except the modulating signal and a DC component are created. 

 
Envelope demodulation is also a suitable method for demodulation of 
superimposed signals. Assume two superposed amplitude modulated signals  
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After half wave rectification and filtering (the signal component at ωc-ωm is 
omitted) only the terms in (4.62) will remain (see Figure 4.30) 
 
 

 

(4.62) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.30. Frequency spectrum of two superposed AM-signals  

(single tone modulation).  

 
Observing Figure 4.30 it is obvious that envelope demodulation is a good 
demodulation method for superimposed signals. Finally, there are at least three 
important advantages making envelope demodulation to be a good choice: 
 

• Envelope demodulation is easy to obtain, both in hardware and in 
software. 

• Envelope demodulation is not a phase sensitive method. 
• Envelope demodulation does not create inter-modulation products which 

makes the method suitable to demodulate superimposed signals. 
 
In summary, three different demodulation methods have been discussed in this 
paragraph. All of them have advantages and disadvantages. For example square 
demodulation is easy to achieve, but on the other hand it is a non-linear method 
and produces unwanted signal components within the flicker frequency window. 
Coherent phase detection is a really interesting choice that does not produce 
unwanted signal components. However, it requires knowledge of exact 
frequency and phase of the carrier signal, which can be difficult to obtain in a 
real situation. Envelope demodulation seems therefore to be the best choice 
since it is easy to achieve and does not generate unwanted signal components 
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within the flicker frequency window (except for a DC component and highly 

attenuated lower sideband components at frequencies close to the carrier 

frequency) and is therefore suitable for demodulation of superimposed signals.  

4.5.3 Filtering 

Block 3 in Figure 4.23 performs the bandpass filtering of the demodulated signal 
and is a digital equivalent to the analogue bandpass filter described in the 
standard IEC 61000-4-15 and gives the perception curve for the eyes of the 
humans (see [37]). The analogue transfer function of the filter is 
 

(4.63)  
 
where 
 

k=1,748 02 λ=2π⋅4,059 81 
ω1=2π⋅9,154 94 ω3=2π⋅1,225 35 
ω2=2π⋅2,279 79 ω4=2π⋅21,9 

 
Table 4.3. Filter coefficients for the transfer function given in (4.63). 

 

The frequency response of the filter in (4.63) is shown in Figure 4.31. As shown 
in the diagram the human eye is most sensitive for fluctuating signals with 
frequencies around 9 Hz.  
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Figure 4.31. Frequency response of the transfer function given in (4.63) and Table 4.3. 

 It simulates the frequency response of a 60W / 230V filament lamp combined with the 

sensitivity curve of the human eye. 

 

 

Observing Figure 4.31 it is obvious that the bandpass filter does not attenuate 
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demodulation will be achieved with a high attenuation at 50Hz/60Hz (see Figure 
4.32). According to Figure 4.32, up to about 30 Hz the lowpass filter does not 
influence the amplitude characteristics of the flicker bandpass filter. 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

Figure 4.32. Frequency response of lowpass and bandpass filter in cascade (solid line) and 

the IEC 61000-4-15 bandpass filter frequency response (dashed line). 

 
The discrete time transfer function of a cascade realization of the lowpass and 
bandpass filter is (sampling frequency fs=400Hz) 
 
 

 

(4.64) 

 
The first row in (4.64) shows the transfer function of the 6:th order lowpass 
filter and the second row shows the transfer function of the bandpass filter. 
However, implementation in a real instrument the transfer function (4.64) should 
be split into three 2nd order filters in cascade in order to guarantee good stability. 

4.5.4 Multiplication and integration 

The output signals from block 3 in Figure 4.23 are multiplied in order to obtain 
the instantaneous flicker power Π[n]. Finally, the flicker power Π is achieved 
after integration of Π[n]. The integrating filter is a first order lowpass filter with 
a time constant of τ = 1 minute according to IEC 61000-4-15. The transfer 
function of the integrating filter (fs = 400Hz) is given by (4.65) 
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Chapter 5  
 

Validation of Flicker Power 

Theory  

 
5.1 Introduction 
In the previous chapter the quantity of flicker power has been introduced. Also 
the main properties of flicker power were discussed and a block diagram of a 
flicker power meter was introduced. This chapter aims to validate that the results 
obtained from the proposed flicker power meter are consistent with the flicker 
power theory. This was obtained by making flicker power simulations in 
MATLAB as well as two flicker power measurements in real power networks. 
In all tests the used flicker power meter is exactly the one proposed in the 
previous chapter.  
 
 
 
 
 
 
 
 
 
 
 
 
 

Chapter 5: Validation of Flicker Power Theory 

 

 94 

5.2 Simulations 
Figure 5.1 shows the one-line diagram of a simple but representative system that 
has been modelled in MATLAB. 

 
Figure 5.1. A one-line diagram showing the simulation environment containing 4 flicker 

sources, where SiL and SiH denote the low and high power consumptions, and fmi is the flicker 

modulating frequency. 

 
During these simulations flicker power flow is calculated in the incoming and 
the four outgoing lines. The simulation is conducted in two different modes. One 
mode is with constant power factor on each outgoing line and a second mode is 
when the load switching consists of two loads with arbitrary load characteristics. 
The following input parameters are common to both modes: voltage U0 of the 
independent voltage source, power frequency fc, sampling frequency fs, the 
internal impedance ZT and the modulating frequencies (fm1 – fm4). Below are the 
remaining input parameters given that differ between the two modes: 
 

• Mode 1: Amplitudes of carrier currents I01 - I04, amplitudes of modulating 
currents Im1 – Im4 and modulating frequencies (fm1 – fm4). Finally, the 
modulating signal can be chosen either as sinusoidal or square-wave. 
 

• Mode 2: Complex power consumption states SiL = PiL+jQiL (represents low 
power consumption) and SiH = PiH+jQiH (represents high power 
consumption). 

 

uB(t) 

iin(t) 

i1(t) i4(t) i2(t) 

ZT 

Uo, fc 

I01, I1m, fm1 
S1L, S1H 

G 

i3(t) 

Incoming line 

I02, I2m, fm2 
S2L, S2H 

I03, I3m, fm3 
S3L, S3H 

I04, I4m, fm4 
S4L, S4H 
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5.2.1 Simulation results 

Four simulations were conducted in order to validate the flicker power theory. 
Below are these simulations described and Table 5.1 to Table 5.5 together with 
Figure 5.2 and Figure 5.3 shows the results. 

Simulation 1: Two outgoing lines with constant power factor and sinusoidal 

modulation 

The aim with this first simulation was to check that the proposed definition of 
flicker power superposes flicker powers according to the results given Table 4.1 
and Table 4.2 in paragraph 4.4.1. In order to simulate these two situations two 
outgoing lines carrying flicker were simulated and the other two outgoing lines 
in Figure 5.1 were disconnected. Two tests were obtained in order to simulate 
different current carrier amplitudes (i.e. I01=I02 and I01=4⋅I02). Since the power 
factors on both outgoing lines in these tests were constant, the simulations were 
performed for mode 1. Furthermore, the modulated signal was chosen to be 
sinusoidal. Finally, the additional input parameters are given in Table 5.1. The 
relative error in column 6 of Table 5.1 is calculated as follows: 
 

(5.1) 
 

and shows how much the sum of flicker powers in the outgoing lines differs 
from the flicker power calculated in the incoming line. The relative error in 
column 7 shows corresponding theoretical values calculated from equation 
(4.44). 
 
U0=230⋅√2∠0° V, ZT=10 mΩ/phase, fm1=fm2=9 Hz, 
I01=I02=√2⋅100 A, Im1=Im2=√2⋅20A. 
Sinusoidal modulation. 
cos(ϕ1) cos(ϕ2) FP1 

[W] 
(line 1) 

FP2 
[W] 

(line 2) 

FPin  
[W] 

(inc.line) 

Rel.error 
[%] 

(simulation) 

Rel. error 
[%] 

(theoretical) 
0.8 1.0 -66.94 -66.79 -126.87 -5.41 -5.13 
0.8 0.9 -60.30 -60.90 -120.91 -0.24 -0.46 
0.8 0.8 -55.35 -55.35 -110.70 0.00 0.00 
0.8 0.7 -50.72 -51.23 -101.95 0.00 -0.29 
0.8 0.6 -46.25 -46.25 -92.50 0.00 -1.01 
0.8 0.5 -41.92 -42.29 -82.83 -1.64 -2.03 

 
Table 5.1. Flicker powers calculated from the incoming line (FPin) and from the two 

outgoing lines (FP1 and FP2) when I01 = I02. 

 

%100
)21(

Rel.errorsimulation ⋅
−+

=
FPin

FPinFPFP
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U0=230⋅√2∠0° V, ZT=10 mΩ/phase, fm1=fm2=9 Hz,  
I01=√2⋅100 A, I02=√2⋅25 A, Im1=Im2=√2⋅20A.  
Sinusoidal modulation 
cos(ϕ1) cos(ϕ2) FP1 

[W] 
(line 1) 

FP2[W] 
(line 2) 

FPin  
[W] 

(inc.line) 

Rel.error 
[%] 

(simulation) 

Rel. error 
[%] 

(theoretical) 
0.8 1.0 -66.94 -66.78 -126.86 -5.41 -3.25 
0.8 0.9 -60.30 -60.90 -120.85 -0.29 -0.30 
0.8 0.8 -55.35 -55.35 -110.70 0.00 0.00 
0.8 0.7 -50.72 -51.23 -101.95 0.00 -0.18 
0.8 0.6 -46.26 -46.26 -92.52 0.00 -0.64 
0.8 0.5 -41.92 -42.29 -82.83 -1.64 -1.29 

 

Table 5.2. Same load characteristics as in Table 5.1 but with I01=4⋅I02. 
 
We can conclude from the results in Table 5.1 and Table 5.2 that the flicker 
power meter gives expected results. The small differences between the 
simulated results and corresponding theoretical results are mainly due to the 
filter chains in the flicker power meter implementation, which are not ideal. 
Same tests as above have also been conducted when using other input 
parameters than those in Table 5.1 and Table 5.2. However the same 
conclusions remain regarding the relative errors. 
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Simulation 2: Two outgoing lines having constant power factor and square-

wave modulation. 

The modulating signal in a real situation looks often more like a square-wave 
than a sinusoidal signal. Therefore it is interesting to investigate if a square-
wave modulated signal will give significantly different results compared to the 
sinusoidal modulation in Table 5.1 and Table 5.2. Test 2 will give the answers. 
 

U0=230⋅√2∠0° V, ZT=10 mΩ/phase, fm1=fm2=9 Hz, 
I01=I02=√2⋅100 A, Im1=Im2=√2⋅20A.  
Square-wave modulation. 
cos(ϕ1) cos(ϕ2) FP1 

[W] 
(line 1) 

FP2 
[W] 

(line 2) 

FPin  
[W] 

(inc.line) 

Rel.error 
[%] 

(simulation) 
0.8 1.0 -109.90 -109.69 -208.56 -5.02 
0.8 0.9 -99.35 -100.35 -199.23 -0.23 
0.8 0.8 -91.37 -91.37 -182.74 0.00 
0.8 0.7 -83.87 -84.68 -168.55 0.00 
0.8 0.6 -76.63 -76.61 -153.24 0.00 
0.8 0.5 -69.59 -70.15 -137.49 -1.61 

 

Table 5.3. Same load characteristics as in Table 5.1but with square-wave modulation. 

 
U0=230⋅√2∠0° V, ZT=10 mΩ/phase, fm1=fm2=9 Hz,  
I01=√2⋅100 A, I02=√2⋅25 A, Im1=Im2=√2⋅20A.  
Square-wave modulation 
cos(ϕ1) cos(ϕ2) FP1 

[W] 
(line 1) 

FP2 
[W] 

(line 2) 

FPin  
[W] 

(inc.line) 

Rel.error 
[%] 

(simulation) 
0.8 1.0 -109.90 -109.69 -208.56 -5.02 
0.8 0.9 -99.35 -100.35 -198.98 -0.36 
0.8 0.8 -91.37 -91.37 -182.74 -0.00 
0.8 0.7 -83.87 -84.68 -168.55 0.00 
0.8 0.6 -76.63 -76.60 -153.24 0.00 
0.8 0.5 -69.59 -70.15 -137.49 -1.61 

 

Table 5.4. Same load characteristics as in  

Table 5.2 but with square-wave modulation. 

 
Square-wave modulation gives higher flicker power values compared to 
sinusoidal modulation. This is also the expected result since the square-wave is a 
sum of sinusoidals where each sinusoidal gives a contribution to the flicker 
power value as long as the frequency of these sinusoidals are within the flicker 
frequency window. Another observation is that the sinusoidal modulation and 
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square-wave modulation give very similar relative errors. This is also expected 
and proofed by the theoretical derivations (see equation (4.44)) giving that the 
relative error is independent of modulation type. 

Simulation 3: Comparing simulation result with measurement 

The aim of this test was to verify that a simulation gives the same value of 
flicker power as obtained from a real measurement. This was done by simulating 
the load condition measured at a manufacturing plant (see section 5.3.1). 
According to the results from the measurement at site, the load switches 
between two complex power states: Shigh=115kW + j70kvar and Slow=20kW + 
j10kvar (see Figure 5.7). The repetition period is approximately 0.9s. 
Furthermore, the generator voltage in the simulation is set to the voltage 
measured at site during low load and is approximately 232V according to Figure 
5.7. Finally the internal impedance was reported to be ZT=9.9+j1.7 mΩ/phase. 
The flicker power calculated by the simulation with given load conditions is 
given in Figure 5.2 and shall be compared with the flicker power obtained from 
the real measurement which is given within the dashed frame in Figure 5.9. The 
simulation result gave approximately -60W as an average compared to  
-50W for the real measurement. Since the input parameters used in the 
simulation were only (good) approximations, we can conclude that the result 
was satisfying and that the results from the simulation and from the real 
measurement show good conformity. 
 

 
Figure 5.2. Flicker power calculated by the simulation to be compared with the 

corresponding flicker power from the real measurement (see dashed frame in Figure 5.9).  



Chapter 5: Validation of Flicker Power Theory 

 

 99 

Simulation 4: Four outgoing lines carrying flicker sources with different 

modulation frequencies and load states (LV network).  

The aim of this simulation was to determine the accuracy in superposition when 
all four outgoing lines carry flicker sources. The outgoing lines had all different 
modulating frequencies as well as different load states (see Table 5.5). 
 

Line 
No 

High (SH) and low (SL) complex power 
consumptions, power factors (PFH, PFL) 

and modulating frequencies (fm) 
S1H  = 100kW+j80kvar;  PF1H = 0.78 
S1L  =  50kW+j51kvar;  PF1L = 0.70 

 
1 

fm1  =   8Hz 
S2H  =  75kW+j10kvar;  PF2H = 0.99 
S2L  =  50kW+j37.5kvar; PF2L = 0.80 

 
2 

fm2  = 3Hz 
S3H  = 50kW+j30kvar;  PF2H = 0.86 
S3L  =  25kW+j8.2kvar;  PF2H = 0.95 

 
3 

fm3  = 12Hz 
S4H  = 35kW+j20kvar;  PF2H = 0.87 
S4L  = 5kW+j2.5kvar;  PF2H = 0.89 

 
4 

fm4  = 6Hz 

 
Table 5.5. Switching of flicker sources with different load characteristics on line 1 to line 4. 

The sum of flicker power for line 1 to line 4 shall be equal to the flicker power flowing in the 

incoming line. The result is given in Figure 5.3. 
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Figure 5.3. Test results from simulation no 4. Figure f) indicates a good accuracy  

(rel error of approx. 1%) also for four outgoing lines with different modulating frequencies 

and different load states (see Table 5.5). 

 

From the result given in Figure 5.3 we conclude that also when the flicker 
sources have different load characteristics and modulating frequencies, the 
superposed flicker power at the incoming line remains very close to the sum of 
the individual flicker powers from each outgoing line (rel.error of approx. 1%). 
The result shows that high accuracy is obtained also for four outgoing lines. 
Furthermore, it is obvious that the flicker source installed at branch 1 is the 
dominating one since it produces highest level of flicker power. The flicker 
power then propagates into the incoming line. 
 
 
 
 
 
 
 

a) b) 

c) d) 

e) f) 
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5.3 Validation of the flicker power theory by field 
tests 

Two field tests have been conducted in order to verify the flicker power theory. 
One field test was conducted at a manufacturing plant having major welding 
processes and the other one was conducted in a 130kV substation feeding an arc 
furnace, a village and major industrial facilities. The results from these field 
tests show that the flicker power theory is working properly. 

5.3.1 Field test conducted at a manufacturing plant 

The first field test was conducted with a manufacturer of large quantities of 
welded products like welded mesh (iron rods welded into grids), protective 
screens for fans etc. Their production line uses large electric welding machines 
(see Figure 5.4) which are the origins of high level flicker in the are surrounding 
the plant. In order to investigate the flicker power flow from this plant a 
measurement has been made at the incoming feeder.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.4. Automatic fixture welding machine installed at manufacturing plant. 

 
The one-line diagram of the incoming feeder is shown in Figure 5.5. The 
transformer (10kV/0.4kV) has a rated apparent power of Sn=800 kvar. The 
connection between the transformer and the plant is 60 meter long and consists 
of four 240 mm2 cables in parallel. The cable impedance for the four cables in 
parallel is (9.9+j1.7) mΩ/phase according to available network data. The 
measuring equipment was installed at the monitoring point M in Figure 5.5 and 
recorded the voltage and current waveforms of the three phases at a sampling 
rate of 400Hz. 
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Figure 5.5. One-line diagram showing the installation at the incoming of  

the manufacturing plant 

 
From the recorded waveform data, active power, reactive power and the rms 
voltage at phase A are calculated. The diagrams in Figure 5.6 and Figure 5.7 
show a small fraction (50 seconds) of these data. Since the data appear similar 
for the entire measurement, the information shown in Figure 5.6 and Figure 5.7 
gives a good understanding of the manufacturing process. It is obvious that the 
welding machines make a load pattern very close to an on-off load. 
 

 
Figure 5.6. Diagrams showing active and reactive power consumption and busbar voltage. 

The area within the dashed frame box is zoomed and shown in Figure 5.7. 

(9.9 +j1.7) mΩ / phase 
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An even better picture of the welding process is achieved if the area within the 
dashed frame in Figure 5.6 is zoomed and shown in Figure 5.7. Figure 5.7 gives 
that the modulating frequency fm of the welding process is just above 1Hz. This 
means, the process is operating within the flicker frequency window. 
Furthermore in Figure 5.7 the four parameters P1, P2, Q1, Q2 for input to the (UL-
Q)-diagram are determined. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.7. Zoomed area of the dashed frame in Figure 5.6. 

 
 
The (UL-Q)-diagram in Figure 5.8 is based on inputs from Figure 5.7. The two 
on-off power states (P1, Q1 and P2, Q2) of the welding process are marked in the 
diagram in Figure 5.7. Comparing U1 and U2 in Figure 5.7 with corresponding 
U1 and U2 in Figure 4.9 shows a remarkably identical result. The conclusion is 
that the circuit model and the calculation methods are valid. Another expected 
result is that the proposed flicker power algorithm is working for this 
measurement since the voltage magnitude ULdrops when the current 
magnitude IL increases. 
 

41 42 43 44 45 46 47 48 49 50
0

5

10

15

x 10
4 Active power phase A

A
c
ti
v
e
 p

o
w

e
r 

[W
]

41 42 43 44 45 46 47 48 49 50
0

5

10

15

x 10
4 Reactive power phase A

R
e
a
c
ti
v
e
 p

o
w

e
r 

[v
a
r]

41 42 43 44 45 46 47 48 49 50
200

210

220

230

240

Voltage phase A

V
o
lt
a
g
e
 [

V
]

Time [s]

P1=20 kW 

Q1=10 kvar 

U1=232V U2=226V 

P2=115 kW 

Q2=70 kvar 

Chapter 5: Validation of Flicker Power Theory 

 

 104

 
Figure 5.8. A (UL-Q)-diagram showing the two power consumption states originating from 

the welding process at the manufacturing plant. 

 
A comment to Figure 5.8 is that the voltage drop is approximately 5V (!) 
corresponding to a modulation of 1.3%. It is worth to notice that flicker severity 
curve in IEC 61000-4-15 states IFL = 1.0 if the modulation degree is 0.471% 
with 1Hz modulating frequency (rectangular voltage fluctuations). A rectangular 
modulation of 1.3% at fm = 1 Hz, will result in a PST value of 1.97. 

Corresponding flicker power calculation 

Finally the flicker power is calculated for the same time period as the 
measurement shown in Figure 5.6 in order to prove the reliability of the 
proposed method. According to the information in Figure 5.6 and Figure 5.7 the 
flicker power must be negative since the voltage UL decreases when the power 
consumption (i.e. the load current) increases. The welding machine is operating 
with high intensity during the first 17 seconds, followed by a period of less 
welding. And finally during the last 10 seconds of the observation duration, the 
welding machine is working with high intensity again. During the high intensity 
periods, a repetitive load pattern is achieved and, thus, negative flicker power is 
expected. The calculated flicker power is shown in the lower diagram of Figure 
5.9 and is negative (except for the first two seconds when the algorithm still is in 
a starting-up phase). The method used for calculating the flicker power is the 
one described in section 4.5.1 and implemented in MATLAB. 

115 kW loadline 

20 kW loadline 
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Figure 5.9. Active and reactive power consumption (upper and middle diagrams) with 

corresponding flicker power (lower diagram). Note a very good correlation between the 

quantities (i.e. flicker power is created when the consumption of active and reactive power is 

switching on and off regularly).  
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5.3.2 Field test performed in a 130kV substation 

A field test has been performed in a 130 kV substation located in Sandviken, 
Sweden. The aim of the measurement was like the measurement at the 
manufacturing plant in section 5.3.1 to verify the flicker power theory. The one-
line diagram of the substation is shown in Figure 5.10.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.10. One-line diagram of the 130 kV substation in Sandviken. The substation consists 

of two incoming and five outgoing lines. The monitoring points are marked with M1 to M7. 

The substation consists of two incoming and five outgoing lines. Two of the 
outgoing lines are feeding a 65 MW arc furnace via step-down transformers. 
Another outgoing line is feeding the village of Hofors and industrial facilities 
approximately 25 km away from the substation. One major customer at that line 
is another steel-plant with arc-furnace situated in Hofors. The remaining two 
outgoing lines are feeding major industrial facilities in the area close to the 
substation via step-down transformers. The voltage and current waveforms were 
recorded simultaneously at phase A on all incoming and outgoing lines (i.e. 
monitoring points M1-M7). Since an arc furnace is known to be a major flicker 
source and the measurement was conducted during one melting cycle of the arc 
furnace there was no doubt which was the dominating flicker source. According 
to the theory given in previous sections negative flicker power is expected at the 
two lines feeding the arc furnace since the flicker source (i.e. arc furnace) is 
located below the monitoring points M5 and M6. Negative flicker power is also 
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expected at the two incoming lines since the arc furnace is placed below the 
monitoring points M1 and M2. The flicker power measured from the remaining 
lines is expected to be positive since the flicker source is placed above the 
monitoring points M3, M4 and M7. The expected flicker power flow directions 
are shown as black arrows in Figure 5.10. The result of the measurement is 
shown in Figure 5.11 and Figure 5.12. The result is very much as expected. As 
shown in Figure 5.11 the correlation between produced flicker power from the 
arc-furnace and the flicker power propagated to the incoming lines from 
Forsbacka (M1) and Stackbo (M2) is significant. The results in Figure 5.12 are 
also the expected ones since positive flicker power is measured at the 
monitoring points M3 and M4 which means the flicker power flow direction is 
from the bus into the two lines. Even more interesting is to look at the flicker 
power measured at the outgoing line to Hofors. Figure 5.12c shows a quite 
fluctuating flicker power between 4 and 10 minutes having partly negative 
flicker power during that time. In order to explain this, some more information 
must be included in the analysis: As mentioned earlier the outgoing line to 
Hofors is also feeding an arc-furnace at a steel-plant situated in Hofors. This 
means the flicker power measured at monitoring point M7 will be a result of 
interaction from two arc-furnaces. Looking at the rms current in Figure 5.13 it is 
most certain that the arc furnace in Hofors starts to operate after 6 minutes due 
to the heavy fluctuations in the rms current. At the same time the arc furnace at 
Sandvik is producing only a small amount of flicker power and the resulting 
flicker power at monitoring M7 is negative (i.e. the arc furnace in Hofors is 
contributing to the voltage flicker at the buss). When the rms current stabilizes, 
the flicker power measured at M7 will also stabilize.  

The measurement was performed by using the 8-channel data acquisition system 
‘Unipower Recorder’ supplied by Unipower AB. 
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Figure 5.11. Measurement results from monitoring points giving negative flicker power. 

Diagram a) and b) shows the flicker power measured at the lines feeding the arc furnace and 

diagram c) and d) shows the flicker power flowing in the incoming lines. All four diagrams 

are giving results in accordance with the flicker power theory. 
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Figure 5.12. Measurement results from monitoring points producing mainly positive flicker 

power. The flicker power in diagram c) (i.e. the outgoing line to Hofors) is fluctuating heavily 

when the produced flicker power at the arc furnace in Sandvik is low and fluctuating. The 

reason for fluctuations in flicker power is that the arc furnace in Hofors is operating at the 

same time and contributes to the total flicker power level at monitoring point M7 (see current 

rms plot in Figure 5.13).   
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Figure 5.13. rms current plot of the outgoing line to Hofors (M7). The heavy fluctuation that 

starts after 6 minutes is certainly due to the operation of the arc furnace located in Hofors. 

The fluctuations in current will result in the fluctuations in flicker power shown in Figure 

5.12 c. 

(UL-Q) and (IL-Q) diagrams at monitoring point M5 

The following network parameters are reported for the busbar at Sandviken: Ssc 
=3250 MVA and XT/RT =15. Furthermore, the arc-furnace is fed equally from the 
two outgoing lines lines at M5 and M6 in Figure 5.10. The power demand of the 
arc-furnace is fluctuating and has a maximum active power demand of 
approximately 65 MW. This means that the active power monitored at M5 is 
approximately 32 MW and fluctuating during a melting process. A realistic 
range of fluctuation could be 32 MW to 10 MW. With given values of Ssc and 
XT/RT and with U0=132 kV the source impedance is calculated to ZT=0.36+j5.4 
Ω/phase. Figure 5.14 shows the (UL-Q) and (IL-Q) diagrams at monitoring 
point M5 based on above given network parameters. 
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Figure 5.14. (UL-Q) and (IL-Q) diagrams at monitoring point M5 based on  

given network parameters. 
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Chapter 6  
 

Machine learning and 

Classification 

 
6.1 Introduction 

6.1.1 What is machine learning? 

The Encyclopædia Britannica’s [66] definition of the word Learning is “the 
alteration of behaviour as a result of individual experience”. Or in other words, 
when an organism or a process changes its behaviour due to new knowledge or 
deeper understanding, it is said to learn. Normally we associate the word 
learning with a process related to an animal or human. However, the concept of 
learning can be extended in a broader sense which is shown in this chapter 
where we focus on learning in machines. A machine is, in the case of machine 
learning, associated with a learning algorithm that changes its behaviour – which 
hopefully results in improved performance – as new knowledge is brought into 
the system. As an example, when a learning machine used for classification of 
voltage disturbances improves after new sample data have been included in the 
learning machine it is justified to say that the machine has learned. Thus, there is 
a parallel between human learning and machine learning and both fall within the 
definition of learning. Machine learning is often associated with artificial 
intelligence (AI) systems. Changes made to the AI system in order to improve 
the performance might also be counted as learning. 
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 There are several reasons why machine learning is an attractive concept and 
why the number of successful machine learning applications is rapidly growing. 
Some of these reasons are [67]: 

• Many situations in real life cannot be defined with accuracy except by 
example. With an example we mean that a specific input information will 
produce a specific output without knowing the exact mathematical 
relationship between the inputs and the outputs.  

• New knowledge about tasks is constantly discovered. For example, a new 
type of disturbance is discovered in the power network which is of 
importance to track in the future. Instead of making a complete redesign 
an existing disturbance tracking system, a machine learning method will 
instead smoothly add this new disturbance type to its knowledge. 

• Important relationships can be hidden by large amount of data (for 
example data stored in a database or data as datastreams on internet). A 
machine learning method is excellent to discover these relationships. To 
discover SPAM messages, is one example where a lot of information 
must be processed and where a machine learning method is just excellent 
to trace these SPAM patterns. 

 
Machine learning has its origin in different disciplines. For example we can find 
the following disciplines contribute to the development of machine learning 
[67]: 
  
Statistics: Example of a method based on statistics and used in machine learning 
is Bayes decision theory for density estimation used to separate two classes. 
Bayes decision theory is a fundamental statistical approach to the problem of 
pattern recognition [82].  
 

Biological models: Models of biological neurons have been modelled as non-
linear elements with weighted inputs and have been studied by researchers 
including Rosenblatt, McCullogh and Pitts [82]. A Neural network is an 
important machine learning method based on such non-linear elements. 
 
Control theory: Within control theory one studies the problem of controlling a 
system with unknown parameters that must be estimated during operation. A 
machine learning method could be used in such a case as it can change its 
behaviour when the input parameters change. 
 

Artificial Intelligence (AI): As mentioned before, machine learning is well 
associated with the AI concept. AI researchers are implementing machine 
learning methods in their AI systems to enhance the performance. 
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Finally, what is to be learned by the machine? When browsing books and 
articles devoted to machine learning we can conclude that the concept of 
machine learning is very often focused to determine if a specific input 
information to the machine learning algorithm belongs to one class or another. 
Thus the learning machine shall be used to classify the information into one 
class or another. Thus, we use the learning machine as a classifier. That is 
exactly what we are doing in the research conducted in this work. The aim was 
to classify a number of different voltage disturbances that occur in the power 
network by developing an accurate and efficient disturbance classification 
system based on machine learning. The machine learning method used will be 
discussed in detail in Chapter 7. The complete disturbance classification system 
together with experimental results will be presented in Chapter 8. Another type 
of machine learning is the one used for regression (curve fitting). Machine 
learning methods used for regression are not utilized in this research work and 
will therefore not be discussed further.  

6.2 Learning the input-output relations 
As mentioned in previous section one important reason for using machine 
learning is that the mathematical relation between input examples and 
corresponding outputs are unknown. In other words, we need an alternative 
method to describe the input- / output relation of our process, which in our case, 
is established by the machine learning method. First we start to define a 
terminology and working conditions for the learning method. The task for the 
learning machine is, with as good accuracy as possible, to guess an existing 
function q also referred to as the target function. In order to do that, the learning 
machine selects a hypothesis function f (also referred to as the decision function) 
from a class of functions that belong to a hypothesis space H which contains a 
number of possible functions fi, i=1,…,n. The selected function f from the 
hypothesis space H and the target function q shall of course be as close as 
possible to each other in order to obtain high accuracy. Both f and q are 
normally functions of a vector-valued input x = (x1, x2,…,xi,…,xn) where x ∈ Rn. 
The hypothesis function f is selected based on the result of a training process 
obtained by using a training set Θ of m training vectors xi ∈ Rn and i=1,…,m. 
The performance of the machine learning method is very much dependent on the 
information contained in the training vectors and the assumptions stated when 
they were defined.  
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Figure 6.1 shows a principal block diagram of the learning machine in terms of 
relations between the hypothesis space H, the hypothesis function f, the training 
set Θ and the input vector x. 

 
Figure 6.1. The input – output relation of a learning machine. The hypothesis space H is 

formed by the information contained in the training set Θ . The learning machine selects the 
hypothesis function f from hypothesis space H which is closest to the target function q and 

generate, for a given input vector x, the output signal y=f(x).  

6.2.1 Supervised and unsupervised learning 

In principle, there are two major categories of methods used in training a 
learning machine: supervised learning and unsupervised learning. 

Supervised learning 

Supervised learning means that each training vector x in the training set Θ is 
associated with an output value (often referred to as a class label or simply a 
label). This output value shall of course be chosen as close as possible to the 
corresponding output value of the target function q. However, it shall be noticed 
that sometimes the output value of the target function is only approximately 
known for a given input vector. This implies that undesired noise has been 
added to the learning process which can influence the performance of the 
learning machine. The goal is therefore to find hypothesis functions f in the 
hypothesis space H that are as close as possible to the target function q for as 
many of the training vectors as possible.  
 
Classification is one example of supervised learning with the aim to distinguish 
between different classes of data. As an example, assume that we have a large 
number of three dimensional training data x where x ∈ R3 and these data are 
belonging either to class 1 (white dots in Figure 6.2) or to class 2 (black dots in 
Figure 6.2). In classification is our goal to select a hypothesis function f, drawn 
from the hypothesis space H, which will separate the training data correctly into 
the two classes. If this is achieved we say that the hypothesis function f is equal 

Hypothesis space H 
f ∈ H 

Training set Θ 
[x1, x2,...,xi ,..., xm] 

Input vector x 
[x1, x2,..., xi,..., xn] 

Decision space 
y=f(x) ≈≈≈≈ q(x) 
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to the target function q. Figure 6.2 shows the result of a successful separation 
between these two classes and the hypothesis function f is a hyperplane. 

 

Figure 6.2. Classification of 3-dimensional data into two classes. The two classes are fully 

separable by the hypothesis function f, which in this case is a hyperplane. 

 
In the case of learning to distinguish between only two different classes (as the 
example in Figure 6.2), a simple true/false label can be associated with each 
training vector and in such case it is convenient to interpret the true/false output 
with the output yi, where yi ∈ {-1, 1}. A learning machine with only two output 
values is often referred to as a binary classifier. In classification applications 
with multiple outputs (also referred to as a multiple-class classifier) the simple 
binary classifier is replaced or extended [85]. One example how to build a multi-
class application is by using m individual trained binary classifiers connected in 
a binary tree configuration (Figure 6.3). In each node nk in the binary tree is a 
classifier Ck which is trained to classify a specific task (for example a single-
phase disturbance). The input vector x is first fed to the input of classifier C1. If 
x belongs to the class that C1 is trained for, the classifier system indicates that 
input vector x belongs to class 1 and the classification stops. If not, x is fed to 
the next classifier (C2) and checked if it belongs to class 2. This checking 
procedure continues until x is classified to one of the m classes or until x has 
been fed to all m classifiers without successful result (x is than unclassified). 
More information how to use a binary tree in multiple-class classifications is 
given in [86]. 
 
 

x1 x2 

x3 
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Figure 6.3. A typical binary tree structure for multi-class classification. The classification is 

based on m individual trained binary classifiers. 

Unsupervised learning 

Unsupervised learning considers the case where there is no output label 
associated with training vectors. Hence the hypothesis functions fi, i=1,…, n  
which approximate the target function q will be even more difficult to find in 
such cases. One might also wonder why anyone is interested in such an 
unpromising problem and whether or not it is possible to learn anything without 
having class labels. According to [82] different reasons exist why unsupervised 
learning is of interest. One important reason is that collecting and labeling large 
amount of data can be time-consuming and expensive. Solving this type of 
learning strategy will often include density estimation or clustering of the 
training data in order to find an appropriate hypothesis space H that approximate 
the target function q.   

6.2.2 Feature vectors 

The input to a learning machine is normally information stored in a n-
dimentional feature vector x = [x1,…, xi,…,xn] (alternative names of the feature 
vector are input vector, pattern vector or sample value). The feature vector x 
shall contain such information in its components, xi, that describes the objects 
with good precision. It is also important to select such features that distinguish 
the objects from each other as much as possible. The components, xi, of the 
feature vector are called features or sometimes also attributes, input variables or 
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components. The values of the features are of three main types. They are either 
real-valued numbers, discrete valued numbers or categorical values. As an 
example of categorical values we can think of a car categorized by the features 
size, colour, and prize. For a particular car these categorical features are then 
translated into some numbers according to a defined scheme. 

6.2.3 Output values 

The output value(s) yi of a learning machine is either a number or a categorical 
value. In the case of a categorical output value, the learning machine is called a 
classifier or a recognizer and the output itself is called a label, class or a 
category. Classifiers are an important sub-class of learning machines with 
applications in a lot of recognition tasks like recognition of SPAM messages, 
recognition of hand-written information, recognition of power quality 
disturbances in power networks, etc [81].   

6.2.4 Noise 

There are always some uncertainties in the information used by the training 
process. Such uncertainties can be considered as noise which can influence the 
performance of the learning machine. Noise can originate from training data if 
features alter random, or if selected features do not conform to the underlying 
target function in a correct manner. Noise can also be added to the learning 
machine if the target function is changing its properties without any notice. 

6.2.5 Generalization 

Generalization is an important issue when discussing the performance of a 
learning machine. Generalization performance is a measure of the ability for a 
trained learning machine to classify unseen data correctly. A hypothesis function 
f is said to have a good generalization performance when it classifies well on 
unseen data. The generalization performance is very much determined by the 
training process. If the training process provides a situation where the learning 
machine seems to be “tuned” to the particular training samples rather than to 
some underlying characteristics or to the true model one can expect low 
generalization performance. This leads to a overly complex decision boundary 
which is able to classify each training sample correctly, but will classify unseen 
data poorly. Such situation is known as overfitting (one of the most important 
research areas in statistical pattern classification is how to adjust the complexity 
of the model in order to avoid overfitting but still perform well on unseen data) 
[82]. An example of a possible overfitting and a situation where the learning 
machine probably performs well is shown in the two diagrams of Figure 6.4 and 
is explained as follows: Assume that the training vectors xi (i=1,…,m) to the 
classifier have a two dimensional feature space xi = {x1,x2} and are labeled 
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either to class 1 (white circles in Figure 6.4) or class 2 (black circles in Figure 
6.4). 

 

 

Figure 6.4. Left hand diagram shows a decision boundary that will probably, due to its 

complexity, show low performance when classifying unseen data. A more preferably decision 

boundary is shown in the right hand diagram. Even if there are two miss-classifications, this 

decision boundary will probably perform better when classifying unseen data.  

 
The diagram to the left in Figure 6.4 shows the results from a training process 
that leads to a overly complex decision boundary. Even if the decision boundary 
correctly separates the training data from the two classes, one cannot expect the 
same success for unseen data due to the complexity of the decision boundary. A 
better approach is to train the learning machine to get a more ‘smooth’ decision 
boundary. Such boundary will normally perform better on unseen data. 
Moreover, from Figure 6.4, we can also conclude that it is possible to calculate 
decision boundaries other than the two given in Figure 6.4 that also give an 
acceptable classification performance to unseen data. However, a general rule is 
to select the decision boundary that is the simplest (like the right hand decision 
boundary in Figure 6.4) among those performed satisfactorily on the training set 
(like the left hand decision boundary in Figure 6.4). To choose the simplest 
solution, one may follow the principle of Occam’s razor which prefers simple 
solutions instead of more complex ones (William of Occam was a 14th-century 
English logician which stated “entia non sunt multiplicanda praeter 
necessitatem” or “entities should not be multiplied beyond necessity”[68]). 

6.3 Training of a classification system 
The training of a classification system involves normally activities similar to the 
blocks given in Figure 6.5.  
 

x1 x1 

x2 x2 
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Figure 6.5. A typical training cycle used in the design of a classification system. The process 

is typically iterative and requires in many cases that one or more of the involved activities 

must be changed or re-tuned before a satisfied training result is achieved. 

 
First, training data must be collected which is sometimes a (surprisingly) 
difficult task. This implies that some classes can be difficult to categorize due to 
lack of training data (this is actually the case in this work for some types of rare 
power network disturbances). Lack of training data raises the demand of training 
the classifier system by using pure synthetic training data (more discussion 
regarding classification based on synthetic data is given in Chapter 8). 
 
Second, the choice of features is critical when designing a classifier system. A 
priori knowledge of data to be classified is highly in demand. Using unique 
features leads to the pleasant situation that the training vectors from different 
classes will be well separated in the feature space. This, in turn, leads to a 
decision boundary which has a more simple geometry and the principle of 
Occam’s razor is thereby fulfilled. This results in reduced risk for overfitting.  
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Third, is the choice of classifier (i.e. the type of learning machine). A number of 
different classifiers have been developed during the past decades. Some of them 
are quite difficult (like the artificial neural network) to get functioning properly 
and others (like the k-nearest neighbour classifier) are easy to get functioning 
and to implement. There are no definitive design rules how to choose the best 
classifier for a particular application but computational complexity, fastness and 
easy to train and easy to implement are factors that must be considered. One can 
also see trends and new developments within this topic; one example is the 
Support Vector Machine (SVM). SVM is a learning machine (or method) that 
has become increasingly popular during the past years. More discussions 
regarding SVM’s will be given in Chapter 7. 
 
Fourth, training of the classifier shall result in a situation where the trained 
classifier is able to select a hypothesis function f which is as close as possible to 
the target function q.  
 
Fifth, evaluation of the classifier system involves checking the classification 
performance in term of generalization performance. Cross-validation is a well-
known method for estimating the generalization error of a classifier to the 
unseen data. Too high generalization error can originate e.g. from poorly chosen 
features or from overfitting due to a poorly trained classifier. However, as long 
as the classifier system doesn’t fulfil our requirements, we shall iteratively 
modify the classifier system until satisfactory results have been achieved.  

6.4 Design steps of a classification system 
In previous sections we have described the concept of a learning machine in 
general terms and also the terminology used. However, the learning machine 
(classifier) itself is only one (but important) part of a classification system. 
Therefore, in this section, we will discuss other steps that are also needed in 
order to get a classification system working. We relate these discussions to the 
conducted research work and describe the classification from the application 
point of view.  
 
One way to classify voltage disturbances is to use a rule-based system. It means 
that the disturbances to be classified are characterized by a (large) set of static 
rules and thresholds where each rule describes some characteristics of the 
disturbance. However, to define a set of fixed deterministic thresholds for the 
rules that are working generally is difficult since individual variances in the 
characteristics of the disturbances exist. Another way to classify disturbances is 
instead to use the machine learning concept and develop a classification system. 
If we have the access to enough amounts of high quality training data that 
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characterize the disturbances properly, we can expect good performance for 
such classification system also in those cases where individual variances exist in 
the data that characterize the disturbances.  
 
There are a number of learning machine methods that can be used for this 
particular task and some of them are 
 

• learning machines using linear discriminants 
• probability distribution–based Bayesian classifiers and Neyman-Pearson 

hypothesis tests 
• multi-layer neural networks 
• statistical learning theory-based Support Vector Machines [81]  

 
These methods and other methods are described more in detail in [81][82]. A 
block-diagram of a typical classification system is given in Figure 6.6 and 
consists of the following parts: pre-processing, feature extraction, feature 
optimization and finally classification. Each of these parts is briefly described 
below.  
 

 
Figure 6.6. Block diagram of a typical classification system. 
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6.4.1 Pre-processing 

For power system disturbance data, the input signals to the classification system 
are normally recorded waveforms of the three phases. Both time duration and 
amplitudes of these signals may differ because they often originate from 
different instruments with different settings connected to transformers (VT’s and 
CT’s) having different output levels etc. A first step in the classification process 
is therefore to convert the input signals to a common format. For example the 
amplitudes of the input signals are scaled to 1 pu. Thereafter, the rms 
representation is calculated from the scaled versions of the input signals since 
the rms representation is good to discover any abrupt changes in the voltage 
level. It shall be noticed that the rms representation can be based on different 
integration lengths and overlapping windows in order to discover a sudden 
change properly.  
Preprocessing involves normally also a segmentation process which means that 
the input signal is divided into a number of smaller parts (segments). Only those 
parts that contain quasi-stationary disturbance information are used for feature 
extraction. Figure 6.7 shows an example of such a part that contains a 
disturbance. The upper diagram shows the waveform representation of the 
disturbance and the lower diagram is its rms representation. The rms 
representation is based on one cycle integration time and updated each sample. 
As shown in the lower diagram, this particular disturbance can be divided into 
five different segments (I-V).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6.7. Segmentation of a voltage disturbance where features are extracted from  

segment III 

 
Segment I is the pre-disturbance segment which occurs before the triggering of 
the disturbance. Segment II is the first transition segment, which occurs just 
after the triggering has occurred. The voltage during event segment III is 
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stationary; it is followed by a second transition segment (segment IV) at the end 
of the disturbance. Finally segment V starts after the voltage has returned to 
about its pre-disturbance level. In segment II and segment IV the voltage signal 
is non-stationary and hence no features are extracted from these segments 
(except for rms values). Also segment I and segment V are of limited interest in 
terms of feature extraction since the disturbance has not yet started or has 
passed. Hence the remaining segment used for feature extraction is segment III 
where the voltage disturbance is in its most stationary phase. This segment 
normally contains information that is unique enough to distinguish between 
different types of disturbances. 

6.4.2 Feature extraction 

It is impractical and even undesirable to use the complete input signal waveform 
without making any reduction in the recorded information. In the preprocessing 
block there is already a first reduction of the input signal: the disturbed 
waveform is extracted and the signal immediately before and after the 
disturbance is removed. In the next step the information is further reduced by 
extracting a set of features that characterize a particular disturbance. Selecting a 
proper set of features is a challenge for any designer of classification systems 
and is crucial for a successful classification. It is important that the selected 
features characterize the disturbances correctly and selected in such a way that 
they distinguish between different types of disturbances. It is also desirable that 
the total number of features is as small as possible in order not to get an overly 
complex classifier which can result in a low performance of the classifier 
system. There are a number of parameters that can be extracted from the input 
signal and can be used as features for classifying voltage disturbances. Some 
examples of such parameters are: 
 

• voltage rms profile of the three phases (slopes, number of transition  
segments etc.) 

• harmonic- and inter harmonic frequency components in terms of 
amplitudes and phases 

• harmonic spectrum in term of the frequency range  
• total harmonic distortion level 
• time duration of the disturbance 
• symmetrical components 
• frequency content and time duration of an oscillatory transient 
• phase jumps 

 
The actual list of possible features can be much longer than the above and, 
however, it is the responsibility for the designer of the classification system to 
use his/her previous knowledge to select such types of features that will 
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characterize the disturbances in a proper way. Selecting high quality features is 
crucial for the performance of a classifier. Therefore, a number of articles have 
been published focusing on feature selection and feature extraction. For example 
[83] discusses the use for shifting the feature selection from human experts to 
machine learning algorithms. Another work [84] proposes a method to extract 
only the most important features from a feature set in order to increase the 
computational efficiency but without the loss of generalization performance.  

6.4.3 Feature optimization, normalization and dimension 
reduction 

For each test data we extract a set of predefined features as discussed in the 
previous section. The test data may probably belong to different classes (e.g. 
they can be categorized into classes such as voltage dips, transformer 
energizing, interruption). For a training set we assume that we can pre-label each 
recorded disturbance into one of these classes (see supervised learning section 
6.2.1). Assume a total of N training examples of which Nj of the training 

samples belong to the jth class, ∑
=

=
L

j

jNN
1

for a total of L classes. We can 

calculate the mean features and the variance of the features for each class. 
Obviously if the mean features from the classes are well separated in the feature 
space we can expect that the classifier can distinguish between the classes. 
Further if the variances of features from each class are small we can also expect 
less misclassifications because the features are than clustered together in 
‘clouds’ and are not spread out in the feature space. The conclusion is that we 
shall strive to find features that are as much separated as possible in the feature 
space. 
 
Another operation conducted on the features is the normalization which is 
applied to ensure that each feature in a feature vector is unbiased and properly 
scaled. This reduces the risk that feature components with large dynamic range 
dominate those having smaller ranges. This means that different features are 
equally weighted in a classifier which is desirable if there is no a priori 
information telling us that some features are more important than others. Let C1, 
C2, …,CL denote L classes of features and x = [x1,x2,…,xm]T be a m-dimensional 
feature vector that belongs to one of the L classes.  Feature normalisation of 
feature xi is done follows 
 

(6.1) 

 

where µi and σi are the mean and the standard deviation of the ith feature set in 
the training data. After normalization each feature has a zero mean and unit 
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variance, that is ∑
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number of feature vectors. 
 
Further feature optimization can be achieved by trying to make a dimension 
reduction (i.e reducing the size of the feature vector) [81]. Usually, it is good 
trying to keep the dimensions of the input space low, since a high input 
dimension increases the complexity of the classifier – a phenomenon that 
sometimes is referred to as the curse of dimensionality; which means that the 
required number of training data for designing a classifier grows exponentially 
with the increasing dimensionality of the input space. A low input dimension is 
also advantageous for the computation speed, the generalization performance 
and also for avoiding overfitting. To check whether a feature is a candidate to be 
removed from the feature vector or not is to measure the degree of correlation 
between features.  
This is performed by calculating the normalized cross-correlation ρij between 
any two features by using the formula 
 
 

(6.2) 
 
 
where E(⋅) is the expectation value computed from the features over all training 
data. Highly correlated features (i.e. those with large ρ) add little new 
information and hence can be removed or be decorrelated by applying a 
decorrelation transformation like, for example, the Karhunen – Loéve 
transformation. Further discussions regarding decorrelation of features are given 
in [81]. 

6.4.4 Classification 

The aim of the classification block in Figure 6.6 is to assign the object (i.e. the 
test data) being classified into the correct category (class). This is achieved by 
feeding the extracted feature vector xi to the input of a trained classifier. The 
classifier can formally be divided into three different spaces according to Figure 
6.8. The relationships between these spaces are given by some mapping 
functions produced in the training process. 
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Figure 6.8. The three spaces that form a classifier. Left hand diagram is the input space 

where the information in the feature vector xi is placed. The middle diagram is the feature 

space where xi is mapped into according to a given mapping function. Right hand diagram is 

the decision space with its hypothesis function f which is the decision boundary that separates 

the two classes. 

 
The classification of test data according to the three spaces can be described as 
follows: Assume a binary classifier with the output signal y where y ∈∈∈∈ {C1, C2} 
which means that the input feature vector xi (extracted from the object to be 
classified) is categorized either to class C1 or class C2. The feature vector xi is 
first fed to the input space of the classifier. Unfortunately, in many practical 
classification applications and due to the complexity of the information 
contained in xi, it is difficult or even impossible to categorize xi directly from the 
input space. Therefore, xi is usually mapped into a new space - the feature space 
- (i.e. xi→Φ(xi)) where the test data is better separated compared to the situation 
in the input space. Finally, by applying some decision rules, the information in 
the feature space, Φ(xi), is mapped into the decision space (i.e. Φ(xi) → y = 
f(Φ(xi))). The decision space is, in the case of binary classification, separated 
into two regions (R1 and R2 in Figure 6.8) by the hypothesis function f(⋅) and 
where one region defines class C1 and the other one defines class C2. 
 
A number of different classifiers with different architectures or topologies have 
been developed during the past decades. It is not obvious which one is the most 
optimal to use for a particular application. However, for a real-world application 
it is important that the classifier is easy to maintain in terms of updating the 
classification system with new classes as well as re-training the classification 
system with new training data. Also the time it takes to train a classifier and the 
time it takes from feeding the input signal until the classifier generates the 
output are of importance in many applications.  

x1 

x2 

Φ (x1) 

xi Φ (xi) y = f (Φ (xi)) 

Φ (x2) y = C2 y = C1 

Input space Feature space Decision space 

f (⋅) 

R1 

R2 
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Examples of some classifiers are listed here (more information regarding 
different classifiers can be found in the large number of books devoted to pattern 
recognition): 
 

• Artificial neural networks 
• Linear discriminant learning machines 
• Bayesian classifiers 
• Kernel machines 
• Support Vector Machines 
• k- nearest neighbour classifiers 
• Fuzzy classifiers 
• Rule-based classifiers 

6.5 Estimating and increasing the performance of 
the classifier 

The usefulness of a classification system should be very limited if we couldn’t 
estimate the performance of the classification system in term of generalization 
error (i.e. the classification error on the test set). However, there exist several 
methods that can be used for both estimating the generalization error and for 
improving the performance of the classifier. One popular method is cross-
validation [73] [74] and is used as follows: The training data set is divided into k 
equal subsets, where k-1 of the subsets are used to train the classifier and the 
remaining subset is used as a test data set. Then, classification is performed on 
test data set followed by calculation of the classification error. This process is 
repeated until all k folders have been used as test data set once. That means, 
after the kth classification we have k calculated classification errors and the 
average of these classification errors is the estimated generalization error. 
Furthermore, the performance of the classifier can be improved by excluding 
from the training set the data from those folders that show high classification 
error during the cross-validation process. However, in most cases not all of the 
data in a folder is responsible for the high classification error. Therefore, instead 
of removing all the data from a folder that show high classification error, it is 
better to check each training data by making a ‘leave-one-out’ cross-validation 
[75]. In that case one sample xi is excluded from N given samples and the 
network is trained on the remaining N-1 samples. The sample xi is then used to 
test the classifier after it has been trained on the N-1 samples. This operation is 
repeated N times. Then, the leave-one-out cross- validation error is defined as 
the average error from all N training processes. 
Thereby only those training data that give high classification error (also called 
outliers) are traced and can thereby be removed. After the cross-validation 
process is finished (and the outliers are removed), the classifier is re-trained by 
the whole refined training set 
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Chapter 7  
 

Support Vector Machines 

  
7.1 Introduction 
In Chapter 6 we discussed machine learning from a general perspective. In this 
chapter we describe a specific machine learning method called Support Vector 
Machines (SVM). The SVM method is gaining popularity due to some attractive 
characteristics [72] [79] like: i) the SVM theory relies on solid theoretical 
foundation; ii) shows good generalization performance on many real-life 
applications; iii) shows stable solution of quadratic optimization problem. 
Furthermore, the SVM relies on the structural risk minimization principle 
(SRM) which has shown to be superior to the traditional empirical risk 
minimization principle (ERM) used by neural networks (see section 7.2.1).  
 
The history of Support Vector Machines is somewhat ambiguous and it is 
difficult to name one single paper that introduced the concept. Large margin 
hyperplanes in the input space were discussed for example by Duda and Hart 
[95], Cover [96] and Vapnik [97] in the 1960s an 1970s. The use of kernels was 
proposed by for example Aronszajn [98], Whaba [99] and Poggio [100]. The 
introduction of kernels as inner products in feature space was proposed by 
Aizermann et al. [101], and the introduction of slack variables to overcome the 
problem of noisy data and linear non-separability was introduced by Smith in 
the 1960s [102]. However, it was not until 1992 all these theories were put 
together to form the basic Support Vector Machine developed by Boser, Guyon 
and Vapnik [103]. The soft-margin SVM was then introduced in 1995 by Cortes 
and Vapnik [104]. Finally, the books Statistical Learning Theory [70] by Vapnik 
and An introduction to Support VectorMachines and other kernel-based 
learning methods [71] by Cristianini et al. give comprehensive theoretical 
foundations of statistical learning theory and also discusses the concept of 
Support Vector Machines. 
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7.2 Theoretical foundations of Support Vector 
Machines 

In this section we emphasize the theoretical foundations of (binary) Support 
Vector Machines. We will discuss the underlying theory of Support Vector 
Machines by introducing the concept of structural risk minimization which is 
one part of the statistical learning theory. Therafter, we describe three different 
Support Vector Machine methods. Furthermore, wherever it is possible, we will 
use mathematical terminologies and expressions introduced in Chapter 6. 

7.2.1 Structural risk minimization 

The task of the binary SVM is the same as for other binary classifiers: to find a 
hypothesis function f (or rule), which, based on external observations, assign 
unseen data to one of two possible classes [69]. 
Mathematically, the task of finding the hypothesis function f for the binary SVM 
can be formulated as follows: Assume n input-output observations (x1,y1), …, 
(xn,yn) where each observation consists of a training data vector xi ∈ RN , i=1,..,n 
and an associated output value yi, where yi ∈ {-1, 1}. Furthermore, the input-
output pairs are generated i.i.d (independently drawn and identically distributed) 
from an unknown probability distribution P(x,y) such that the chosen hypothesis 
function f will classify unseen data (x,y) correctly.  
 
Unseen data is assigned to the class +1 if f(x) ≥ 0 and otherwise to the class -1. 
The unseen samples are assumed to be generated from the same probability 
distribution P(x,y) as the training samples. The best hypothesis function f that 
can be obtained is the one that minimizes the generalization error or the 
expected error R[f] and is defined as 
 

(7.1) 

  
where  
 

(7.2) 
 
in (7.1) is referred to as the loss. The binary classifier can only take the values 0 
and 1 since both y and f(x) generate either -1 or +1. 
 
The expected risk in (7.1) is however not very useful as long as the probability 
distribution P(x,y) is unknown. Instead we have to estimate a hypothesis 
function f which is close to the one that gives low expected error but is based on 
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available information (i.e. independent of P(x,y)). Therefore, we approximate 
(7.1) by defining the empirical risk  
 
 

(7.3) 
 
 
which is calculated from the n training data pairs. The empirical risk Remp[f] is 
defined just to be the measured mean error rate on the training set and no 
probability distribution P(x,y) is needed since we have the input-output relations 
available.  
It is possible to give conditions to the learning machine in such way that the 
empirical risk Remp[f] asymptotically converges towards the expected risk R[f] 
for large values of n. However, minimizing Remp[f] for small values of n might 
result in an overly complex hypothesis function f with large deviations between 
Remp[f] and R[f] with overfitting and low generalization performance as a result. 
One possible way to avoid overfitting and increase the generalization 
performance is to restrict the degree of complexity that the hypothesis functions 
can have, and instead search for more “simple” hypothesis functions f (Occam’s 
razor).  
One way of controlling the complexity of a hypothesis space H is given by the 
Vapnik-Chervonenkis VC theory and the structural risk minimization (SRM) 
[70][71][76][77][78]. Here, the complexity is measured by the VC dimension h 
of the hypothesis space H, from which the hypothesis function f is chosen. 
Roughly speaking, the VC dimension for a set of functions is the maximum 
number of training points that can be separated (shattered) by these functions. 
For a given VC dimension h there exists at least one set of h training points that 
can be separated, but in general not every set of h training data in a training set 
can be separated.  
The VC dimension concept is related to the minimizing of the generalization 
error as follows: Assume a family of nested hypothesis spaces H1⊂, …, ⊂Hk 
with increasing VC-dimensions as shown in Figure 7.1.  
 
 
 
 

[ ] ∑
=

−=
n

i

iiemp fy
n

fR
1

)(
2

11
x

Chapter 7: Support Vector Machines 

 

136 

 
Figure 7.1. Nested hypothesis spaces with increasing VC-dimensions (i.e. h1<h2…<hk). 

Structural risk minimization (SRM) means to minimize the generalization error by choosing 

the hypothesis space Hi with its corresponding hypothesis function fi that minimizes the 

generalization error [70].  

 

Furthermore let f1, …, fk be the hypothesis functions from each hypothesis space 
H1,…,Hk that gave the lowest empirical risk from (7.3). Then, SRM chooses the 
hypothes space Hi and the corresponding hypothesis function fi such that the 
upper bound of the generalization error is minimized. It is calculated from the 
following formula  
 
 

(7.4) 
 
We observe from (7.4) that the equality in (7.1) has been changed to inequality 
and the expected risk is less than the sum of the empirical risk Remp[f] and a 
second term which is the complexity term (also called the VC confidence). This 
new term gives a measure of the complexity of the classifier. The inequality in 
(7.4) holds with probability 1-δ. Furthermore h is the VC dimension of the 
hypothesis space H and n is the number of training data in the training set. A 
low value of h indicates a simple classifier (like the linear separable one) 
whereas a high value indicates a more complex classifier.  
 
From (7.4) we can observe three important things:  

i) Left hand side of (7.4) is difficult to calculate since the probability 
distribution P(x,y) is unknown.  

ii) The bound in (7.4) is independent of a probability distribution P(x,y) 
and assumes only that both training data and unseen data are drawn 
independently according to some P(x,y).  

iii) Right hand side of (7.4) is easy to calculate if h is known. Thus, given 
several different hypothesis functions f, we choose the one that gives 
the lowest value on the right hand side in (7.4). In other words: we 
choose f that gives the lowest upper bound of the actual risk.  
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We also observe that Remp[f] is calculated independently of the complexity term 
in (7.4). This implies that minimizing the right hand side can be achieved also 
by minimizing the sum of the right hand terms in (7.4). Two extremes arise:  
 

i) a very small hypothesis space H (i.e. a small value of VC-dimension h) 
leading to a small value of the complexity term in (7.4) but a large 
value of Remp[f] might remain. 

ii) using a hypothesis function f from a hypothesis space H with a large 
VC dimension h might result in a small value of Remp[f] but a large 
complexity term. The best hypothesis space H* to choose is the one 
between the extremes (see Figure 7.2). 

 

 
 

Figure 7.2. Schematic illustration of Eq. (7.4). Low complexity of the hypothesis space implies 

a more ‘simple’ classifier with limited classification capability that can result in high 

empirical error. High complexity gives lower empirical error but an increasing VC dimension 

resulting in an increased generalization error bound. Thus, best performance of a classifier 

can be expected if the hypothesis function is chosen from a hypothesis space H* with VC-

dimension h* somewhere between H1 and Hk. 
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We can now summarize the principle of structural risk minimization as follows: 
The complexity term in (7.4) depends on the class of functions in the chosen 
hypothesis space H* whereas the empirical risk depends on the particular 
hypothesis function f chosen by the training procedure. Our aim is to find the 
particular hypothesis space H* of nested hypothesis spaces H1⊂…⊂Hk that 
gives the lowest bound on the generalization error. This can be obtained by 
training a series of SVMs from each hypothesis space, and choose the 
hypothesis function fi from each hypothesis space Hi that has the lowest 
empirical risk. Finally, among these k trained SVMs we select the particular one 
whose sum of empirical error and VC confidence is minimal [70]. 
 
The Support Vector Machine is related to the SRM principle. It seeks the best 
hypothesis function f from a possible set of hypothesis spaces H that gives the 
lowest bound in (7.4). In the sections 7.2.2 - 7.2.3 we will discuss the SVM 
principle in more details.  

7.2.2 Case 1: Support Vector Machines for linearly 
separable classes  

We will start to explore the Support Vector Machine by examining the simplest 
case: a machine which is trained on a set of linearly separable training data.  
Assume a pre-labeled training set (x1, y1),…, (xn, yn), yi ∈ {-1, 1} and xi ∈RN. 
Furthermore assume that we have a linearly separating hyperplane (i.e. 
hypothesis function f) 
 

(7.5) 
 
which separates the positive and negative samples into two regions ℜ1 and ℜ2. 
The points x which lie on the hyperplane satisfy f(x) = (w⋅x)+b = 0, where w is 

the normal vector to the hyperplane, and 
w

b
is the perpendicular distance from 

the hyperplane to the origin, and w  is the Euclidian norm of w. Furthermore, 

let d+ (d-) be the distance from the separating hyperplane to the closest positive 
(negative) training data pair. The margin of a separating hyperplane is given as 
the distance between these two training data pairs (i.e. d+ + d-). 
Figure 7.3 shows this principle for the case with a 2-dimensional training vector 
xi ∈R2. 
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Figure 7.3. A linear Support Vector Machine classifier is defined by its hyperplane (thick 

line) with a normal vector w and an offset b. The hyperplane separates the training data into 

two regions (ℜ1 and ℜ2) corresponding to the two classes.  

 
A Support Vector Machine seeks for the hyperplane that maximizes the margin. 
This is the reason why the Support Vector Machine classifiers are sometimes 
referred to as a maximum margin classifier. For a linearly separable Support 
Vector Machine where all training pairs are separated correctly, this can be 
formulated by fulfilling the following constraints: 
 

(7.6) 
 

(7.7) 
 
The inequalities in (7.6) and (7.7) can be combined into one set of inequalities  
 

(7.8) 
 
It is worth mentioning that xi can either be a feature vector or a signal sample. 
However, as mentioned earlier, the goal of learning is to find the separating 
hyperplane f(⋅) defined in (7.5) that minimizes the upper bound of the right hand 
side of (7.4). It is known that for a linear classifier, the VC-dimension h of the 
set of hyperplanes in a m0 dimensional space is bounded by  
 

(7.9) 
 
where R is the radius of a hypersphare enclosing all the data points, and ⋅ is the 
smallest integer greater than or equal to the number enclosed within ⋅. Hence 
minimizing 2

w is equivalent to minimizing the VC confidence term in (7.4). 

From a mathematical point of view, this can be formulated as a standard 

w 

separating hyperplane  
f(x) = (w⋅x)+b 
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Quadratic Programming optimization problem (also referred to as QP 
optimization) [80] 
 

(7.10) 
 
Minimizing (7.10) is also equivalent to maximize the margin of the classifier 
and is understood by considering the following: Assume that x1 and x2 are 
training samples from different classes, fulfilling  
 

(7.11) 
 

(7.12) 
 
then the maximum distance between the two training samples perpendicular to 
the hyperplane is given by 
 
 

(7.13) 
 
 
Hence from (7.13) it follows that the distance d(w,b) is maximized by 
minimizing the Euclidian norm w  which has the same solution as the QP 

problem in (7.10). The solution of (7.10) under the constraints in (7.8) can be re-
formulated by introducing the Lagrangian functional in equation (7.14) [71] 
[80]. The reasons for doing this is 
 

i) The constraints in (7.8) will be replaced by the Lagrange multipliers, 
αi, (see (7.14)) which are easier to handle. 

ii) The training data will only appear in the form of inner products 
between vectors. This reason is a really important property since it 
opens up for the derivation of the Support Vector Machine using 
kernel functions (see paragraph 7.2.3).  

 
The optimal solution of the reformulated problem is given if the Karush-Kuhn-
Tucker (KKT) conditions [70][71][80] are fulfilled which is equivalent to find 
the saddle point of the Lagrangian functional  
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where αi ≥ 0, i = 1,…,n, are the Lagrange multipliers. The saddle point is 
determined by minimizing L(w,b,α) in (7.14) with respect to w and b and 
maximized with respect to αi. Hence (7.14) is re-formulated to  
 

(7.15) 
 
(7.15) is called the dual formulation of (7.14). The minimum with respect of w 
and b of L(w,b,α) in (7.14) is given by 
 

(7.16) 
 
 

(7.17) 
 
 
Substituting (7.16) and (7.17) into the expression on the right hand side in (7.14) 
gives 
 

(7.18) 
 
As seen in (7.18) the normal vector w is substituted and the offset term b is 
equal to zero. Finally the Lagrange multipliers αi, i=1,.., n can be calculated by 
substituting (7.18) into (7.15) and solving the dual quadratic optimization 
problem: 
 

(7.19) 
 
with constraints  
 

(7.20) 
 
By solving (7.19) with constraints in (7.20) we can substitute the normal vector 
w in (7.5) and a decision function determined from the separating hyperplane in 
(7.5) is given by 
  
 

(7.21) 
 
 
Furthermore, the Karush-Kuhn-Tucker conditions states also the following 
 

(7.22) 
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giving that only those data points xi which satisfy  
 

(7.23) 
 
have non-zero Lagrange multipliers. Thus, only those training samples xi 
corresponding to non-zero Lagrange multipliers αi are needed to calculate the 
separating hyperplane f(x) in (7.21). These training points are placed on the 
margin and called the Support Vectors (SV) and are just a small subset of the 
entire training set. The rest of the training samples can be removed from the 
training set.  
 
Finally, the offset b can easily be determined from (7.23) by choosing any i for 
which αi ≠ 0. However, a numerically better value of the offset is to calculate 
the mean b* resulting from all equations in (7.23) for which αi ≠ 0: 
 

(7.24) 
 
where N is the number of support vectors. 

Case 2: Soft-margin Support Vector Machines for linearly non-separable 

classes 

In many real-world applications there will in general be no linear separation 
between classes. However, as will be shown in this section, the Support Vector 
Machine ideas can be extended also to handle linearly non-separable cases. This 
is obtained by slightly changing the object function in (7.10) by introducing 
non-negative slack variables ξi that relaxes (soften) the hard constraint in (7.8): 
  

(7.25) 
 
subject to  
 

(7.26) 
 
where C≥0 in (7.25) is the regularization parameter that determines the trade 
off between the upper bound on the complexity term and the empirical error in 
(7.4), and is specified by the user during the training process. The solution 
method for the linearly non-separable case follows the same strategy as for the 
linearly separable case and we introduce the primal form of the Lagrangian 
optimization problem as 
 

(7.27) 
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The solution to the optimization problem in (7.25) subject to the constraint in 
(7.26) is given by the saddle point of the Lagrangian in (7.27) where αi and µi 
are non-negative Lagrange multipliers. This means, the Lagrangian (7.27) has to 
be minimized with respect to w, b, ξi and maximized with respect to αi and µi. 
As for the linearly separable case, the primal formulation of the problem given 
in (7.25) is re-formulated to its dual problem as 
 

(7.28) 
 
The minimum with respect to w, b, ξi is given by 
 

(7.29) 
 
 

(7.30) 
 
 

(7.31) 
 
Substituting (7.29), (7.30) and (7.31) into (7.27) gives  
 

 
(7.32) 

 
By substituting (7.32) into (7.28) the dual problem is formulated as 
 
 

(7.33) 
 
 
subject to constraints derived from (7.29) and (7.31): 
 

 
(7.34) 

 
and 

(7.35) 
 
The solution to this optimization problem is the same as for the linearly 
separable case except for the modification of the bounds of the Lagrange 
multipliers in (7.35), which is a result from the condition given in (7.31). 
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The hypothesis function f(x) for the linearly non-separable case is shown to be 
the same as that for the linearly separable case in (7.21): 
 
 

(7.36) 
 
 
Finally, the offset parameter b is calculated in the same way as for the linearly 
separable case by using (7.26). 

7.2.3 Support Vector Machines using kernel functions 

In previous two cases (section 7.2.2) the hypothesis function f(x) is a linear 
function of the data (see (7.21) and (7.36)). However, in those cases where such 
a hypothesis function is inappropriate, the SVM method can be generalized to a 
case where the hypothesis function f(x) is not a linear function of the data. Such 
case is discussed in this section.  
Notice that the only way in which the data appears in the optimization problems 
((7.20) and (7.33)) and in the hypothesis functions ((7.21) and (7.36)) is in the 
form of inner products <xi,xj>. Now suppose we first map the m-dimensional 
data x onto some high dimensional feature space F using a mapping function Φ : 

 

(7.37) 
 
where Rm is the dimension of the input space. The reason for such a mapping is 
that in the high dimensional feature space the mapped data become more 
linearly separable compared to the input space (see section 6.4.4 and Figure 6.8). 
In practice, such a mapping will slightly change the optimization problem in 
(7.33)-(7.35) and will instead become as follows: 
 
 
 

(7.38) 
 
subject to the same constraints as given in (7.34) and (7.35). K in (7.38) is the 
kernel function that performs the non-linear mapping so that K(xi⋅⋅xj)= 
<Φ(xi),Φ(xj)>. This means, we would only need to use the kernel function K in 
the algorithm and would never need to explicitly know what Φ is. The choice of 
kernel function K is vital for the performance of a classifier and must satisfy 
Mercer’s conditions [70] [71]. Roughly speaking, Mercer’s conditions states for 
which kernel function K there exists (or not exists) a pair {F, Φ }, or whether a 
kernel is a inner product in some feature space F [81]. There exist a number of 
kernel functions which can be used in practical situations. Table 7.1 are from 
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[81] and shows examples of some frequently used kernels. It is worth 
mentioning that a kernel function is normally associated with one or more user-
defined parameters that must be tuned in order to achieve high accuracy 
classification results. The tuning process is performed, for example, by making a 
cross-validation [73][74] during the training of the classifier.  
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Table 7.1. Some kernel functions used in SVMs [81]. 

 
The hypothesis function f(x) for nonlinear SVMs includes the kernel function 
and is as follows: 
 

(7.39) 
 
where x is the feature vector associated with the test data. Finally, a block 
diagram of a SVM classifier using a kernel function is given in Figure 7.4 and is 
from [81].  
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Figure 7.4. Block diagram of a non-linear SVM. 
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Chapter 8  
 

Classification of Voltage 

Disturbances using the 

Support Vector Machine 

Method 

 
8.1 Introduction 
The work described in this chapter will 

i) propose a classification system, based on the SVM method introduced 
in Chapter 7, that can be used for classification of an unlimited 
number of disturbance types. 

ii) train, test and evaluate the performance of the proposed classification 
system on some common disturbance types that originate from real 
power networks.  

iii) investigate the performance of the classification system when the 
classifier was trained on synthetic generated training samples. 

 
Especially item iii) is of interest. If the classification system can show high 
classification accuracy when it is trained on pure synthetic data, no training data 
that originate from real disturbances are needed. All types of disturbances could 
thereby be generated synthetically – also those rare ones that should be difficult 
to acquire in large numbers from real recordings. 
 
The chapter starts with highlighting som examples of earlier work within the 
research area. Thereafter, is a section that characterizes those voltage 
disturbances the classification system is trained to classify. The knowledge 
gained from this section is then used for selecting robust features for the 
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classification system. Methods for detection of the starting point of a disturbance 
are discussed in section 8.4 and the proposed classification system is introduced 
in section 8.5. Finally, experimental tests and results are given in sections 8.6 to 
8.8. 

8.2 Earlier works  
A number of works based on different techniques for detection and classification 
of voltage disturbances and other power quality phenomena have been published 
over the past years. Theoretical foundations of voltage disturbances are for 
example described in [81][87]-[91]. Classification methods of power quality 
disturbances based on wavelet techniques are reported in [129]-[134], based on 
the statistical maximum-liklihood method in [108] and expert systems in 
[92][124]-[128]. Classification of disturbances based on different types of 
artificial neural networks (ANN) are discussed in [105]-[107][120][122][123]. 
During the last years the SVM method has been increasingly popular and 
examples of works within power delivery and power systems using SVM are 
reported in [93][94][110]-[119]. A more comprehensive survey of articles 
focused on artificial intelligence and advanced mathematical tools for power 
quality applications is given in [121].  

Examples of classification systems based on the Support Vector Machine 

method 

• P. Janik and T. Lobos propose a method for classification of six types of 
power quality parameters (pure sinusoid, sag, swell, harmonics, flicker 
and oscillatory transients) based on SVMs [112]. In order to construct 
distinctive patterns the idea of space phasors was used and the features 
were extracted from information contained in the space phasors. For 
detection of the starting point of sags and swells a multiresolutional 
analysis was applied using wavelets. Furthermore, for performance 
comparison, a classifier based on the radial basis function (RBF) neural 
network was used in parallel with the proposed SVM classifier. The SVM 
classifier showed higher accuracy in all tests compared to the RBF 
network (57.8% - 100% for the SVM compared to 42.2%-100% for the 
RBF classifier). All data used in this work were generated synthetically. 
 

• K. Vivek, M. Gopal and B. Pinigrahi investigate the performance of a 
SVM used for classification of sags, swells, spikes, notches, momentary 
interruptions and transients [116]. A total of 300 disturbances were 
synthetically generated and features were extracted by using the S-
transform (which is a transformation technique that converts the time 
domain signal to a time-frequency contour). Four features were extracted 
from the S-transform matrix and the overall detection rate was reported to 
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be 94.8%. As a comparison, a multi layer ANN was used in parallel and 
its detection rate were reported to be 93.3%. 

 
• G. Hu, J. Xie and F. Zhu propose a classification system using a fuzzy-

SVM [115]. The fuzzy-SVM is a variant of the original SVM method that 
takes into account that some training points are more important than 
others. For each training point is therefore a fuzzy factor si introduced (0< 
si < 1) and can be regarded as the attitude of the corresponding training 
point toward one class in the classification problem. Correspondently to 
the value si, the value (1-si) can be regarded as the attitude of meaningless. 
In this work were eight different power quality phenomenon (sags, swells, 
interruption, harmonics, transients, impulse, flicker and notches) 
synthetically generated from MATLAB. The overall accuracy of the 
classifier was reported to be 98% with the highest detection rate for swells 
(99%) and lowest for notches (96%). 

 
• Another method for classification of pure sinusoidals, sags, swells, 

harmonics, fluctuations and transients were reported by P. Gao and W. 
Wu in [114]. The classification rates were reported to be between 88.8% 
and 100% when 500 training samples were used. For comparison, a back 
progation neural network with 13 input nodes, 6 output nodes and 15 
nodes in a hidden layer were used in parallel. For this classifer slightly 
lower detection rates (85.1%-100%) were reported when using the same 
training samples and test samples. All data used by the classifiers were 
synthetically generated. 

 
• The use of SVMs as a powerful tool for substation diagnosis and fault 

location identification has been reported by D. Thukaram, H. Khincha and 
B. Ravikumar in [113]. The paper proposes a strategy to prevent 
cascading trippings when a fault occurs in power systems. In each 
substation is a SVM classifer installed in order to indicate the faulted 
cable as well as the distance to the fault. When a fault occurs, these SVMs 
report their fault information to a central energy control center (ECC) 
before any tripping has been initiated. Since the ECC now has needed 
fault information from the substations only the faulted line will be 
disconnected. Thereby is the risk for tripping of non-affected lines 
reduced. The performance of the proposed SVM system was investigated 
by simulating a 24 bus network. Training data were recorded for faults 
located at 5%, 15%,…, 95% of the total cable length and test data were 
recorded at fault distances of 20%, 40% and 70% of the cable length. 
Both polynomial and RBF kernels were used by the SVMs in the 
performance tests. The conducted tests showed an accuracy of >99.9% for 
detection of correct cable and correct distance to the fault. 
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Examples of classification systems based on other classifiers than SVMs 

• A. Gosh and D. Lubkeman propose a power system disturbance 
classification system based on a neural network [105]. The performance 
of two different neural networks, the Feed-Forward Neural Network 
(FFNN) and the Time–Delay Neural Network (TDNN) were investigated. 
The proposed system was designed to classify five types of disturbances 
(impulses, voltage sags, current distorsion, voltage distorsion and outage). 
Both training data and test data were synthetic generated from the EMTP 
program. The classification rates were reported to be 72% for the FFNN 
classifier, 57% for the original TDNN classifier and 93% for the modified 
TDNN classifier.  

 
• W. Kanitpanyacharoean and S. Premrudeepreechacharn propose a 

classification system based on two steps; a first step where features are 
extracted by using the Wavelet transform to perform a multiresolutional 
analysis (MRA) and a second step were the information from the MRA 
analysis is fed to an Artifical Neural Network [106]. The classification 
system classifies harmonic distorsion, sag, swell, notching, interruption 
and impulsive transients. The system was trained on 28056 synthetic 
generated training data and tested on 200 randomly generated test data 
from each disturbance type. The classification rate was reported to be 
between 98.9% (without noise in the input signal) and 98.1% (with noise 
in the input signal). 

 
• Z-W Gaing proposes a similar strategy for classification of disturbances 

as in previous work (i.e. multiresolutional analysis followed by neural 
network classification) [107]. However, in this work a probabilistic neural 
network (PNN) is used as classifier due to some important advantages 
such as no need to set the initial weights of the network and also because 
the PNN is very fast. The basic principle of the PNN is that the data are 
classified according to their distribution values of a given probabilistic 
density function (PDF) and the PNN is guaranteed to converge to a 
Baysian classifier provided that it is given enough training data. The 
proposed classification system is able to classify seven types of 
disturbances and the detection rates was 80% when using 35 training 
samples and 90% when using 70 training samples. Also in this work all 
data were synthetic. 

 
• I. Gu, N. Ernberg, E. Styvaktakis and M. Bollen proposes a statistical 

based method for fast online detection of fault induced voltage dips [108]. 
The method uses as sequence of detectors based on the Neyman-Pearson 
criterion so that the detection probability is maximized under the 
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constraint that the false alarm probability is under a predetermined 
threshold. The proposed classification method is trained to detect both 
fault induced events and transformer energizing events. The detection 
rates differ depending on the size of the analysis window which was 
between 1/8 and 3/4 of a fundamental cycle. 

 
• E. Styvaktakis proposes a classification system based on an expert system 

that uses a set of pre-defined static rules to classify disturbances [92]. The 
expert system consists of a user-interface (where the test data is fed to the 
expert system and where the results are presented), an inference engine 
(performes the reasoning with the expert system knowledge and the data 
from a particular problem), an explanation system (explains the reasoning 
to a user) and a knowledge-base (contains all the rules). 

8.3 Characterization of voltage disturbances 
This section describes the disturbance types that are classified by the disturbance 
classification system proposed in section 8.5. We start with a short general 
discussion about voltage events and voltage dips followed by a description of 
each individual disturbance type. The classification system classifies eight 
different types of voltage disturbances referred to as disturbance types D1 to D8 
(see Table 8.1).  

Voltage events and voltage dips 

As discussed in Chapter 2, a voltage event is a sudden change in the voltage 
magnitude, frequency and/or waveform. The events of most concern to both 
network operators and customers are those associated with a sudden change in 
the voltage magnitude. The term “rms variations” is sometimes used for these 
events as the voltage magnitude is typically characterized through the rms 
voltage. Voltage dips are short duration reductions in voltage magnitude, with 
duration typically between about 50 ms and about 1 second. Voltage dips are 
due to short-duration increases incurrent magnitude, often elsewhere in the 
power system. The most severe dips are the ones due to short circuits and earth 
faults which are understood by examining the circuit in Figure 8.1: Consider a 
fault with a fault impedance ZF occurs at one of the outgoing lines The current in 
the faulty line and in the incoming line will rise and cause an (additional) 
voltage drop across the source impedance ZS. The voltage UB at PCC drops and 
customers connected to that PCC observe a drop in voltage magnitude.  
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Figure 8.1. Circuit model for calculation of the voltage UB due to a fault. 

 
The voltage UB during the fault duration can approximately be derived from the 
following equation: 
 

(8.1) 
 
The quantities in equation (8.1) are complex which states that both voltage 
amplitude UB and phase ∠UB will change as a fault occur. For example, a low 
fault impedance ZF. (with respect to ZS) results in a low voltage magnitude UB 
at the PCC during the fault duration whilst a high value may not influence UB 
at all. This means, different types of fault will give different magnitude patterns 
in the voltage. The phase angle of UB will also shift from one value to another 
during the duration of the fault and is calculated from the following formula 
 

(8.2) 
 
 
Expressions (8.1) and (8.2) have been derived for a single-phase model and are 
thus strictly speaking only valid for dips due to symmetrical three-phase faults. 
These will be discussed in section 8.3.1. Dips due to non-symmetrical faults 
give differently looking dips than those due to symmetrical faults. Also phase-
angle jumps for non-symmetrical faults are different compared to symmetrical 
faults. 
 
By studying the changes in amplitude and phase angle that occur on the three 
phases due to different types of faults, different types of voltage disturbances 
can be identified. This observation has been formalized in a method for 
characterizing dips due to symmetrical and non-symmetrical faults called ABC-
classification. This method is introduced by M. Bollen and described (for 
example) in [81][87]-[91]. The method characterizes a particular voltage 
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disturbance due to a fault into one of seven disturbance types (type A to type G) 
depending on the change in amplitude and phase angle. The basic types of dips 
due to non-symmetrical faults are the ones referred to as type C and type D in 
the ABC classification. 

8.3.1 Symmetrical faults 

Symmetrical faults initiate a sudden drop in the voltage at the PCC which is 
equal on all phases. A typical pattern for such type of fault is shown in Figure 
8.2. Both the waveforms and the rms representation (one-cycle rms updated 
each sample) are shown in the diagrams on the left hand side in Figure 8.2. This 
disturbance type is referred to as type A disturbance in the ABC-classification 
(see section 8.3.2). The corresponding phasor-diagram is shown on the right 
hand side in Figure 8.2. Note that the waveform and rms reprsentation are given 
for a measured disturbance, whereas the phasor-diagram is purely synthetic.The 
dashed lines represent pre-fault phasors and the solid lines are the phasors 
during the duration of the fault. As shown in the phasor diagram, a symmetrical 
fault initiates the same voltage drop on all. In the classification system (see 
section 8.5) the disturbance type in Figure 8.2 is referred to as type D3. 
 

 
Figure 8.2. Characterization of a voltage disturbance due to a symmetrical fault. Left 

diagrams show the waveform representation and corresponding voltage rms representation. 

Right is the phasor representation of the fault. 

 
The phasor diagram in Figure 8.2 holds for a dip with zero phase-angle jump, 
∠UB =0° in (8.2). Such dips occur mainly due to faults at transmission level. For 
faults at distribution level phase-angle jumps up to 60° may occur. The phasor 
diagram for a dip due to a symmetrical fault including phase-angle jump is 
shown in Figure 8.3. The magnitudes of the three voltages are independent of 
the phase-angle jump. 

Dip type A 
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Figure 8.3. Phasor-diagram (solid lines) for a symmetrical fault including phase-angle jump. 

8.3.2 Nonsymmetrical faults 

Nonsymmetrical faults initiate voltages on the three phases that differ in 
magnitude. Depending on the type of fault, one or two of the phases show 
change in the voltage magnitude compared to pre-fault. Dip type B in the ABC-
classification is a main voltage drop in one phase, whereas type C is a main drop 
between two phases. A measured type B dip with corresponding (synthetic) 
phasor diagram is shown in Figure 8.4. Corresponding information for a type C 
dip is shown in Figure 8.5.  

One faulty phase  

 
Figure 8.4. Characterization of a voltage disturbance due to a single phase fault. 

 
In the classification system (see section 8.5) the disturbance type in Figure 8.4 is 
referred to as type D1. 

Dip type B 
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Two faulty phases 

 
Figure 8.5. Characterization of a voltage drop in two phases. 

 
In the classification system (see section 8.5) the disturbance type in Figure 8.5 is 
referred to as type D2. 
 
The phasor diagrams in Figure 8.4 and Figure 8.5 are valid only in the case the 
phase angle according to (8.2) is zero. In case this angle is non-zero a phase-
angle jump also occurs for dips due to non-symmetrical faults. Contrary to dip 
type A, this phase-angle jump does not affect all three voltages. Instead the 
phase jump appears in the voltage that is most affected by the fault: the phase-
to-neutral voltage for dip type D and the phase-to-phase voltage for type C. 
Measured examples and corresponding phasor diagrams for dips introducing 
non-zero phase angle jump according to (8.2) are shown in Figure 8.6 and 
Figure 8.7.  
 
 

Dip type C 
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Figure 8.6. Voltage dip of type C: Voltage waveform (upper diagram); half-cycle rms voltage 

(middle diagram); phase angle (bottom diagram) and corresponding phasor diagram (right). 

 

 
Figure 8.7. Voltage dip of type D: Voltage waveform (upper diagram); half-cycle rms voltage 

(middle diagram); phase angle (bottom diagram) and corresponding phasor diagram (right) 

 
The phase-angle jump in (8.2) affects the rms voltages as well resulting in three 
different rms voltages. This difference is used in [91] to reconstruct the phasor 
diagram from the three rms voltages only. When observing rms voltages only, 
unbalanced dips with a phase jump appear as a fourth type next to the ones 
shown in Figure 8.2, Figure 8.4, and Figure 8.5. Such a classification is also 
used in [136] and [137]. 

. 

Dip type C 

Dip type D 
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The proposed classification system classifies type C with non-zero phase-jumps 
(see Figure 8.6) and type D disturbances to the same class referred to as ‘Two 
faulty phases with one phase more affected’. In the classification system (see 
section 8.5) this disturbance type is referred to as type D4. 

8.3.3 Transformer energizing 

The energizing of a transformer results in large current amplitudes, related to the 
saturation of the core flux, which results in a sudden and sharp voltage drop 
immediately after the energizing followed by a gradually voltage recovery as 
the transformer enters its normal working condition state. As the saturation 
differs in the three phases, the current level will also differ resulting in an 
unbalanced dip (i.e. different voltage magnitudes on the three phases during the 
energizing time period). The saturation is further associated with an increased 
level of harmonics (especially 2nd and 4th even harmonics). Figure 8.8 shows a 
typical rms pattern (single phase) of a transformer energizing sequence with its 
corresponding frequency spectrum. In the classification system (see section 8.5) 
the disturbance type in Figure 8.8 is referred to as type D5. 
 
 

 
Figure 8.8. Upper diagram shows the rms signature of a voltage disturbance due to 

transformer energizing with its corresponding frequency domain representation (lower 

diagram). Observe the high magnitudes of even harmonics (100Hz and 200 Hz). The DFT 

calculation was based on 512 waveform samples at a sampling rate of 12800 Hz. 
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8.3.4 Load switching and transformer tap changer 
operation 

The switching of large loads and the operation of a transformer tap changer 
gives a sudden change in the voltage amplitude, but without recovery after a 
short time duration like for the voltage disturbance due to a fault. Normally, this 
type of event shows equal drop in the three phases. Figure 8.9 shows a typical 
rms pattern of such type of voltage disturbance. In the classification system (see 
section 8.5) the disturbance type in Figure 8.9 is referred to as type D6 and D7. 
 

 
Figure 8.9. Change in the voltage waveform (upper diagram) and corresponding rms 

representation (lower diagram) due to switching of a large load or due to the operation of a 

tap changer. 

8.3.5 Interruption 

An interruption is simply a sudden voltage drop on the three phases from a pre-
fault level to a level close to zero and it will not recover (close to zero is by the 
IEC defined as <1% of declared voltage and <10% of declared voltage 
according to IEEE [87]). Interruption is typically initiated by faults which 
trigger the system protection devices. In the classification system (see section 
8.5) the disturbance type in Figure 8.10 is referred to as type D8. 
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Figure 8.10. Change in the voltage waveform (upper diagram) and corresponding rms 

representation (lower diagram) due to interruption. 

 

8.4 Transition segment detection 
One obvious way to discover the starting point of a voltage disturbance is to 
detect sudden changes in the voltage amplitude and to split the recorded data 
into segments (see paragraph 6.4.1). The segments can be divided into two 
subgroups; transition segment which indicates a sudden change in the recorded 
voltage waveform and event segment which is the segment in between two 
transition segments. Transition segments are detected by a transition segment 
detector which is a (more or less) a threshold function that indicates the starting 
point of a transition segment. Poorly designed transition segment detectors that 
fail to indicate a staring point of a transition segment or that indicate a transition 
segment that does not exist will significantly degrade the performance of the 
classification system. Therefore the design of the segment detector is crucial for 
the overall performance of the classification system and must be designed with 
care. A transition segment detector can be designed in different ways Two 
examples of segment detectors that have performed well in practical situations 
are presented below [92]-[94]. 

8.4.1 Transition segment detector based on residuals from 
the data model 

One way to detect transition segments in a given disturbance recording is to use 
the model residuals, for example, the residuals from a sinusoidal model, or AR 
model. The basic idea behind this method is that when a sudden disturbance 
appears, there will be a mismatch in the model, which leads to a large error (or 
residual). Consider the harmonic model to describe the voltage waveform: 
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(8.3) 

 

where 
f

k
f

f
kf 0=  is the kth harmonic frequency, f0 is assumed to be the power 

system frequency (i.e. 50 Hz or 60 Hz), fs is the sampling frequency, ϕ(t) the 
phase and v(n) white Gaussian noise. Here, the order N of the model should be 
selected according to how many harmonics are required to represent the 
stationary signal. 
To detect the starting point of a segment the following measure of change is 
defined and used to extract the average Kalman filter residual )(ˆ)()( nznzne −=  
within a short window of size w as follows: 
 
 

(8.4) 
 
 
 
where )(ˆ nz is the estimate of )(nz  from the Kalman filter. If d(n) is prominent, 
there is a mismatch between the signal and the model and a (transition) segment 
is assumed to be have been detected. 
The detection d(n) is obtained by using the residuals of three Kalman filters (one 
for each phase). Then the three detection indices are combined into one by 
considering at each time instant the largest of the three indices. The order of 
Kalman filters is selected as being able to accommodate the harmonics that are 
caused by events like transformer energizing or arcing faults. A more in detail 
discussion regarding using Kalman filter to detect transitions segments is given 
in [92]. 

8.4.2 Transition segment detector based on time-dependent 
rms sequences 

Another way to detect the starting point of a new segment is to use a time-
dependent rms sequence as input to the segment detector followed by derivation 
(see below). A time-dependent rms sequence is defined as: 
 

 
(8.5) 

 
where )( ktv is the voltage/current sample, and N is the size of the sliding-window 

used for calculation of the rms and is usually one period of the fundamental of 
the signal. The time difference between two consecutive tk is user specified and 
can be chosen from one sample period ts = 1/fs or more. The performance of the 
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rms detector is very much depending on the update rate of the rms sequences 
(too low update rate may result in too low sensitivity and too high update rate 
may require too high computational capacity). However, it is an issue for the 
designer to find an acceptable trade off between these two demands. The rms 
sequence-based segmentation uses a similar strategy as the previous discussed 
method, however, the measure of change is computed from the derivatives of 
the rms values. Finally the decision whether a change is a starting point of a 
segment or not is decided by comparing the derivative with a fixed threshold. 
These two steps are described more in detail below. 

 (1) Computing the first order derivatives 

A straightforward way to detect the starting point of a segment is from the 
changes of rms values, for example, computing the first order derivative 
 

 
(8.6) 

 
 
where j=a, b, c indicate the three phases. Consider either single-phase or three-

phase measurement; the measure of changes )( k

j

RMS

k

tv
dt

d
in the rms sequence is 

defined by 
 

 
 

(8.7) 
 
 
 
where the upper term in the right hand side of (8.7) is for one phase 
measurements and the lower term is for three-phase measurements. 

(2) Threshold detection  

The final decision whether a change in (8.7) is a starting point of a segment or 
not is obtained by making the following hypothesis test: 
 
H0 (event-segment):  

(8.8) 
H1 (event-segment):  
 
where δ is the user specified threshold value. A transition segment starts at the 
first tk for which H1 in (8.8) is satisfied and ends at the first tk for which H0 in 
(8.8) is satisfied. 
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8.4.3 Disturbances categorized by the number of transition 
segments 

The disturbance types discussed in section 8.3 generate one or more transition 
segments and consequently a first categorization can be achieved according to 
the number of transition segments. For example, disturbances due to transformer 
energizing, switching of loads or interruption have only one transition segment 
whilst disturbances due to faults have normally two transition segments. 
However, disturbances due to a fault can sometimes have transition segment(s) 
in between the start and end transition segments. This occurs, for example, in 
meshed grids if circuit breakers on both sides of the fault open at different time 
instants. In such case there will be three transitions segments; one at the starting 
point of the disturbance; a second when the first circuit breaker opens and 
finally a third transition segment when the second breaker opens.  
As shown in the next section, the transition segment detector, which is a vital 
part of the classifier system, detects the number of transition segments as well as 
the starting point of each such segment. Figure 8.11 shows a typical three phase 
balanced voltage disturbance with its two transition segments. In the lowest 
diagram of Figure 8.11 the output signal of the transition segment detector is 
shown together with the threshold level of the detector. As shown in the 
diagram, the two transition segments were easily detected by the detector. 

 
Figure 8.11. Example of a two transition segments voltage disturbance. The upper diagram 

shows the waveforms of the three phases, the middle diagram shows corresponding rms 

representation and the lower diagram shows the output signals of the transition segment 

detector. 
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8.5 Description of the classification system 

The proposed classification system is implemented in MATLAB version 7.1 
and is based on the contents given in Chapter 6, Chapter 7 and in sections 8.3 
and 8.4 of this chapter. The block diagram of the classification system is shown 
in Figure 8.12. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8.12. Block diagram of the voltage disturbance classification system which is based on 

classification in two steps. First is the number of transition segments determined by the 

transition segment detector and thereafter are features extracted followed by the 

classification itself. 

 
The classification system is based on two steps; detection of transition segments 
in the first step followed by feature extraction and the classification itself in the 
second step using individually trained SVMs connected in a binary decision tree 
configuration (see Figure 6.3).  
 
First, the waveform of the disturbance is fed to the scaling block (Figure 8.12 
block (a)) which normalizes the signal to a common format in order to make the 
information fit the remaining blocks. Next (Figure 8.12 block (b)) is the 
segmentation block. As the disturbance types to be classified become more 
complicated the number of transition segments will increase and the optimal 
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features to be extracted will also differ. Dividing the disturbance types into 
subgroups depending on the number of transition segments opens up for 
flexibility in terms of feature extraction since different feature sets can be 
defined for each group. Another advantage with grouping the events by the 
number of transition segments is that the classification system can easily be 
extended with new groups without interfering with already existing groups.  
 
The transition segment detector (Figure 8.12 block (b)) can be designed in 
different ways as described in section 8.4; however from an implementation 
point of view it must be both accurate and fast. The detector based on rms 
sequences followed by a derivation (see section 8.4.2) fulfils these requirements 
and was therefore chosen to be used in the classification system. Furthermore, 
performance tests conducted on this type of detector showed an overall detection 
rate of 96.8%, which was also satisfying. However, since the classification 
system is quite modular, it would be easy to replace the rms sequence detector 
with another type of detector if desired.  
 
Extracted features are finally fed to the input of the SVM classifier. Since each 
group includes a number of different disturbances, a multi class classification 
must be obtained. Since the SVM classifiers used in this work are binary 
classifiers, there must be one SVM trained for each disturbance type. 
Furthermore, and as mentioned above, these individually trained SVMs are then 
connected in a binary decision tree configuration according to Figure 6.3. 
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8.6 Experimental tests and results 
A commercially available classification system must (of course) be reliable and 
show high accuracy. At the same time the system must be trained on data that 
works globally and with global settings since customers can not be responsible 
to train their own classification system. Therefore, some important tests were 
performed in order to investigate the performance of the classification system 
when training data and test data originated from different sources. However, the 
final goal is to offer a high performance classification system that is trained 
purely on synthetic training generated from a power network analysis and 
modelling software like EMTP, SimPowerSystems for MATLAB etc. This 
opens up for a great flexibility in terms of producing training data for a large 
number of disturbance types and, which is equally important, the classification 
system will be independent of training data that originate from real disturbances. 
 
Two experiments (referred to as Experiment #1 and Experiment #2) were 
conducted in order to investigate the performance of the proposed classification 
system. The aim of the first was to investigate the performance of the SVM 
classifiers when training data and test data originated from real disturbances and 
from synthetically generated data.  
 
The second experiment aimed to investigate the performance of the complete 
classification system shown in Figure 8.12. Furthermore, in this experiment was 
only synthetic training data used for training of the classifiers.  

8.6.1 Description of the data used in the experiments 

As mentioned above, conducted experiments were based on data originated both 
from real disturbances as well as from synthetic data.  

Data originated from real power networks  

Available disturbance data from real recordings originate from two power 
networks in different countries in Europe (referred to as power network A and 
power network B in Table 8.1). The disturbances were recorded by power 
quality monitors and disturbance recorders installed at various locations on MV 
and LV levels. Each disturbance recording consists of 3 phases of voltage 
waveforms. The recordings include a short pre-fault waveform (approximately 2 
cycles long) followed by the actual disturbance. The nominal frequency of the 
power networks was 50 Hz and sampling frequencies of the instruments were 
1000 Hz, 2000 Hz, 4800 Hz or 6400 Hz.  
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Synthetic generated data 

Figure 8.13 shows the one-line diagram of the simulated network which was 
designed from the power network simulation toolbox SimPowerSystems in 
MATLAB The model was a 11kV/0.4 kV network consisting of a generator, a 
11 kV line followed by a 11kV/0.4kV ∆/Y transformer. The LV part of the 
network consisted of four outgoing lines via a common busbar (PCC) and the 
disturbances were generated on one of these lines. In order to simulate different 
waveforms the lengths of all lines (outgoing lines as well as incoming line) the 
characteristics of the loads, time duration and the starting point of the 
disturbances were randomly generated within given limits. Also the fault 
impedance was randomly generated within given limits. Furthermore, in order to 
emulate the voltage of a real power network voltage fluctuations and harmonic 
components were added to the voltage source of the model. Finally the voltage 
disturbances were measured at the 0.4 kV busbar at a sampling rate of 6400 Hz.  
 

 
Figure 8.13. One-line diagram of the simulated power network 

 
Table 8.1 shows necessary information regarding which type of disturbances 
that can be classified by the classification system as well as the number of 
available disturbances per disturbance type. The rms representation of these 
disturbance types was given in section 8.3. The disturbance types are referred to 
as the disturbance type D1 to D8 in the following text. 
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Dist. 
type 
 

Disturbance type 
description 

# of disturbances 
from Power 
network A 

# of disturbances 
from Power  
network A 

# of disturbances 
from synthetic 
generated data 

D1 One faulty phase 
(see Figure 8.4) 

141 475 225 

D2 Two faulty 
phases 

(see Figure 8.5) 

 
181 

 
125 

 
225 

D3 Three faulty 
phases 

(see Figure 8.2) 

 
251 

 
196 

 
223 

D4 Two faulty 
phases with one 

phase more 
affected  

(see Figure 8.6 
and Figure 8.7) 

 
 

127 

 
 

67 

 
 

250 

D5 Transformer 
energizing 

(see Figure 8.8) 

 
214 

 
0 

 
250 

D6 Step-change 
(positive) 

(see Figure 8.9) 

 
0 

 
0 

 
300 

D7 Step-change 
(negative) 

(see Figure 8.9) 

 
0 

 
0 

 
300 

D8 Interruption 
(see Figure 8.10) 

 
0 
 

 
0 

 
300 

 

Table 8.1. Type of disturbances that are classified by the classification system together with 

number of available data per disturbance type. 

8.6.2 The training process and feature extraction 

The training process involved in the two sets of experiments follows the 
discussions that were given in sections 6.3, 6.4 and 6.5. Furthermore, both 
experiments are based on a SVM classifer using the RBF-kernel. Further, a 3-
folded cross-validation process is used to tune kernel parameter C 
(regularization parameter) and kernel parameter γ  in order to ensure low 
generalization error. 
 
Extracted features differ between the two experiments and are therefore 
described in the sections that discuss each experiment (i.e. section 8.7 and 
section 8.8). 
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8.7 Experiment #1 
Experiment #1 included six different performance tests conducted according to 
Table 8.2. 
 

Test 
# 

Training data 
originate from: 

Test data 
originate from: 

1 Network A Network A 
2 Network A Network B 
3 Network B Network A 
4 Network B Synthetic data 
5 Synthetic data Network B 
6 75% synthetic data 

+  
25 % network A 

Network B 

 

Table 8.2. Conducted tests in Experiment #1 

 
The philosophy behind the experiments is as follows: Test 1 was to ensure that 
the classifier system worked properly, which was confirmed by making a 
classification when training data and test data originated from the same source 
(i.e. from power network A). Tests 2-5 were the more important ones since in 
these experiments, training data and test data originated from different sources. 
Finally test 6 was conducted to evaluate if the classification accuracy was 
increased (with respect to test 5) if some amount of real data were added to the 
synthetic training data.  

Extracted features for experiment #1 

The following features are defined and extracted for experiment #1: 
 

• 60 equally distanced rms values (i.e. 20 features per phase) extracted with 
start at the triggering point of the disturbance. The rms calculation is 
based on one cycle integration time which is updated each 1/8th cycle. 

• The 2nd harmonics magnitude is chosen as a feature due to the discussion 
in section 8.3.3 regarding even harmonic contents in the voltage 
waveforms during a transformer energizing.  

• 5th and 9th odd harmonic magnitudes  representing one lower and one 
higher frequency component 

• Total harmonic distortion (THD) with respect to the fundamental  
 

This gives a feature vector of 72 components for each 3-phase recording (i.e. 24 
features per phase). The frequency domain features (i.e. the harmonics 
magnitudes and the THD) were extracted with start immediately after the first 
transition segment.  
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8.7.1 Classification results 

The results of the conducted tests are given in Table 8.3 to Table 8.8. The tables 
contain the classification results in terms of number of correct classifications 
(diagonal elements) and misclassifications (the numbers outside the diagonal 
elements). Those test data that failed to be classified into any of the classes D1-
D5 are found in column NC (Not Classified). Further the overall detection rate 
(i.e. the number of correct classified disturbances divided by the total number of 
disturbances) is also given in the tables. 

The classification result for test 1: 

 
 D1 D2 D3 D4 D5 NC Detection rate 

D1 63 0 1 3 0 4 88.7 % 
D2 0 84 4 0 0 3 92.3 % 
D3 5 3 113 0 0 5 89.7 % 
D4 0 0 0 63 1 0 98.4 % 
D5 0 0 0 0 103 4 96.3 % 

Overall detection rate: 93.1 % 
 
 

Table 8.3. Classification result for test 1. Both test data and training data originate  

from power network A. Half of the available data were used for training and the other half 

were test data. 

The classification result for test 2: 

 
 D1 D2 D3 D4 NC Detection rate (%) 

D1 463 1 0 1 10 97.5 % 
D2 0 118 0 0 7 94.4 % 

D3 0 1 187 0 8 95.4 % 
D4 10 5 0 52 0 77.6 % 

Overall detection rate: 91.2 % 
 

Table 8.4. Classification result for test 2. Test data originate from power network B and the 

same training data is used as for test 1 and with the same parameter settings of C and γ. 
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The classification result for test 3: 

 
 D1 D2 D3 D4 NC Detection rate (%) 

D1 137 0 2 1 1 97.2 % 
D2 0 154 16 0 11 85.1 % 

D3 10 1 232 0 8 92.4 % 
D4 4 1 1 121 0 95.2 % 

Overall detection rate: 92.5 % 

 
Table 8.5. Classification result for test 3. Test data originate from power network A. Training 

data are the available data D1-D4 from power network B. 

The classification result for test 4: 

 
 D1 D2 D3 D4 NC Detection rate (%) 

D1 225 0 0 0 0 100 % 
D2 0 225 0 0 0 100 % 
D3 0 0 223 0 0 100 % 
D4 3 7 0 212 28 84.4 % 

Overall detection rate: 96.2 % 

 
Table 8.6. Classification result for test 4. Test data are from synthetic data. Training data and 

parameter settings of C and γ are the same as for test 3. 

The classification result for test 5: 

 
 D1 D2 D3 D4 NC Detection rate (%) 

D1 431 1 14 0 29 90.7 % 

D2 0 98 0 0 27 78.4 % 

D3 0 1 172 0 23 87.8 % 

D4 19 24 0 13 11 19.4 % 

Overall detection rate: 69.1 % 

 
Table 8.7. Classification result for test 5. Test data originate from power network B.  

Training data are the available data D1-D4 from synthetic data. 
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The classification result for test 6: 

 
 D1 D2 D3 D4 NC Detection rate (%) 

D1 473 1 0 0 1 99.5 % 
D2 0 122 2 0 1 97.6 % 
D3 0 0 187 0 9 95.4 % 
D4 15 31 0 14 7 20.9 % 

Overall detection rate: 78.4 % 

 
Table 8.8. Classification result for test 6. Test data originate from power network B. Training 

data originate from synthetic data (75%) and from power network A (25%).  

 

8.7.2 Comments to experiment #1 

The performed tests are divided into two categories: 
 

i) Tests 1-3 involve data purely originating from recorded disturbances. 
ii)  Tests 4-6 also involve synthetic data.  

 

In test 1 both training data and testing data originated from the same power 
network. The available data was therefore split into two equal parts. One part 
was used for training and the other was used as test data to validate the 
classifier. The individual detection rates and the overall detection rate for test 1 
are sufficiently high, validating that the SVM classifier works properly. Test 1 
was also the only one where the performance in classifying disturbance D5 
(transformer energizing) could be evaluated since power network B and the 
synthetic data did not include type D5 disturbances. In test 2 and test 3 training 
data and test data originated from different power networks. Despite that, high 
overall detection rates were achieved. An especially encouraging result is that 
high detection rates are preserved when training data and test data were shifted, 
indicating that the selected features are robust. The remaining tests included 
synthetic data. Test 4 shows excellent detection rate (96.2%) when the classifier 
was trained on real data, and test data set was purely synthetic. Hence the 
classifier shows high generalization performance as the synthetic data show 
somewhat different characteristics compared to the data originated from the 
power network. The remaining two tests were performed in order to evaluate the 
classification accuracy when the classifier was trained on synthetic data. It is 
important to notice that the variance between the feature components for 
synthetic data is less than the variance for a real power network. As a 
consequence, the generalization performance is therefore believed to be 
somewhat less compared to the classifier trained on real data. Test 5 also 
confirmed this. Lower individual detection rates as well as lower overall 
detection rate were achieved. It should also be noticed that the classifier failed to 
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classify type D4 in test 5. As seen in Table 8.7 the classifier classified 
disturbance type D4 mainly to type D1 or type D2 (and some to NC as well). 
The reason is that the synthetic training data of type D4 is not good enough to 
distinguish from the synthetic training data of type D1 and D2. There are at least 
two ways to solve such a situation. One is to refine the simulation model and the 
other is to add some amount of training data from a real power network to the 
synthetic training data. The latter was conducted in test 6 where 25% data from 
power network A was added to the synthetic training data. As a result, the 
number of misclassifications decreased significantly for disturbance types D1-
D3 due to the increased variance in the training data. This approach did not 
significantly increase the detection rate for disturbance type D4. 

8.8 Experiment #2 
One aim of experiment #2 is to investigate the accuracy when the classification 
is obtained in two steps; first detection of transition segments in the first step 
followed by the classification itself in the second step. Another aim is to 
increase the detection rate by modifying the feature set in relations to the feature 
set used in the previous experiment. Finally, since we strive to develop a 
classification system that is independent of real measurement data (see section 
8.1), this experiment is therefore based on purely synthetic training data. In all 
three tests the classifiers have been trained on 200 synthetic data per disturbance 
type. 
It shall be noticed that in this experiment only one and two transition segment(s) 
disturbances have been used. However, it is rather straightforward to extend the 
classification system with new disturbance types that have three or more 
transition segments (see block diagram inTable 8.6). Furthermore the same pool 
of data was used in this experiment as in the previous one but disturbances 
having more than two transition segments were excluded. Also the same type of 
SVM classifier was used (i.e. non-linear SVM using the RBF-kernel). 

Extracted features for experiment #2 

All features are extracted with the beginning immediately after the first 
transition segment. The following features are extracted: 
 

• 11 rms values per phase equally spread in time. The rms calculation is 
based on one cycle integration time which is updated each 1/8th cycle. 

• The fundamental, 2nd, 3rd , 5th  and 9th  harmonic voltage magnitude. 
• Total harmonic distortion (THD) with respect to the fundamental. 
• The symmetrical components. 
• The time duration of the event.  

 
 



Chapter 8: Classification of Voltage Disturbances using the Support Vector Machine method 

 

173 

This results in a feature vector of 55 components. Compared to the feature set 
used in previous experiment, symmetrical components and the time duration of 
the disturbance have been added in this experiment. The number of rms values 
has been reduced from 20 to 11. 

8.8.1 Classification results 

The results of the conducted tests are given in Table 8.8 to Table 8.11. The 
disturbances used in the three tests are organized as follows: Test 1 and test 2 
include disturbances with two transition segments and test 3 includes one 
transition segment disturbances. Disturbances used in test 1 originated from 
power network A, and disturbances used in test 2 originate from power network 
B. Disturbances used in test 3 originate from power network A (D5) and from 
synthetically generated data (D6, D7, D8). 

The classification result for test 1: 

 

 

 

 

 

 

 

 
Table 8.9. Classification results from test 1. The voltage disturbances have two transition 

segments and test data originate from power network A. 

The classification result for test 2: 

 
 
 
 
 
 
 
 
 
 
 
 
 

Table 8.10. Classification results from test 2. The voltage events have two transition segments 

and test data originate from power network B. 

 

 

 

 

 

 

 

 D1 D2 D3 NC Detection rate (%) 
 

D1 93 0 14 9 80.2% 
D2 6 133 0 13 87.5% 
D3 4 0 85 24 75.2% 

Overall detection rate: 81.6% 

 D1 D2 D3 NC Detection rate (%) 
 

D1 393 0 2 23 94.0% 
D2 3 80 0 9 87.0% 
D3 2 0 126 14 88.7% 

Overall detection rate: 91.9% 

Chapter 8: Classification of Voltage Disturbances using the Support Vector Machine method 

 

174 

The classification result for test 3: 

 
 D5 D6 D7 D8 NC Detection rate (%) 

 
D5 156 0 0 0 2 98.7% 

D6 0 100 0 0 0 100% 

D7 0 0 100 0 0 100% 

D8 0 0 0 100 0 100% 

Overall detection rate: 99.5% 

 

Table 8.11. Classification result for voltage events with one transition segment and test data 

originate from power network A (D5) and from synthetic data (D6-D8). 

 

8.8.2 Comments to experiment #2 

We observe that the overall detection rates are high for test 2 (Table 8.10) and 
for test 3 (Table 8.11) and slightly lower for test 1 (Table 8.9). However, most 
interesting is to compare the tests conducted in experiment #2 with 
corresponding tests from experiment #1, in order to investigate whether the 
classifiers in experiment #2 show higher accuracy compared to the classifiers in 
experiment #1. First, we compare test 2 (Table 8.10) in experiment #2 with test 
4 (Table 8.6) in experiment #1 since they are fully comparable. We conclude 
that the individual detection rates for all disturbance types (i.e. D1, D2 and D3) 
are higher in experiment #2 compared to experiment #1. This implies that the 
feature set in the experiment #2 is more effective compared to the feature set in 
experiment #1. Furthermore, comparing test 2 (Table 8.10) in experiment #2 
with test 2 (Table 8.4) in experiment #1 we can also conclude that the synthetic 
training data used in experiment #2 gives just slightly lower accuracy than for a 
classifier that are trained on real data. Also encouraging is that test 3 in 
experiment #2 (Table 8.11) classifies disturbances due to transformer energizing 
(D5) with higher detection rate (98.7%) compared to corresponding 
classification in experiment #1 (Table 8.3). Furthermore we can also conclude 
when comparing test 1 (Table 8.9) in experiment #1 with test 1 (Table 8.3) in 
experiment #2 that we will get slightly higher detection rates if training data and 
test data originate from the same source. Experiment #2 clearly shows that 
synthetically generated training data can be used to classify real disturbances. 
However, further work must be conducted to refine the power network models 
that generate synthetic data in such way that they produce disturbance data with 
characteristics sufficiently close to the characteristics of real data.  
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Chapter 9  
 

Conclusions and Future 

Work 
 
 
 
The research work described in this thesis consists of two parts: The first part 
was the development of a measurement method that gives information how 
voltage flicker propagates (with respect to a monitoring point) and how to trace 
a flicker source by introducing the new quantity flicker power. The second part 
was the development of a flexible and easy-to-extend voltage disturbance 
classification system based on the Support Vector Machine method. 

9.1 Flicker power 
A load having repeated variations in the power consumption causes amplitude 
modulation in the voltage and current waveform feeding the load. This 
observation forms the basis for the method developed in this part of the work for 
determining how flicker propagates and for tracing a flicker source. Necessary 
information used for this purpose is contained in the low frequency variations of 
the magnitude of the voltage and current waveforms. A new quantity, flicker 
power (FP or Π), has been defined and based on this low frequency magnitude 
variation. The method developed in this part of the work for calculation of the 
flicker power consists of the following blocks: i) demodulation ii) filtering of the 
low frequency signals in accordence with the flickermeter standard IEC-61000-
4-15 iii) multiplication of the filtered signals followed by averaging. The output 
is the flicker power which has both magnitude and flow direction. The 
magnitude of flicker power shows the degree of correlation between the 
magnitude variations in voltage and current weighted by the filters defined in the 
flickermeter standard. This means, by calculating the flicker power on several 
outgoing lines simultaneously with the same voltage as reference, the outgoing 
line that contributes most to the actual flicker value (i.e. high correlation 
between the magnitude variations in the voltage and current) is immediately 
traced as the one with the highest flicker power value. This implies also that the 
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outgoing line with a lower flicker power magnitude contributes less to the actual 
flicker value. The flow direction of flicker power gives information whether a 
flicker source is placed upstream or downstream with respect to a monitoring 
point. 
 
The validity range of the proposed method has been investigated by using (UL-

Q) and (IL-Q) diagrams. These diagrams show how voltage magnitude UL and 
current magnitude IL are changing for different load switchings as function of 
the reactive power Q. The diagrams show that the algorithm always gives a 
correct result when a load switches from SL1=PL1+jQL1 to SL2=PL2+jQL2 as long 
as PL2> PL1 and QL2 ≥ QL1. However, the algorithm can give an incorrect value 
of the sign of the flicker power when active power decreases at the same time as 
the reactive power increases. Such load switching situations are however rare.  
 
Another possible load situation where the sign of flicker power may lead to 
incorrect conclusions concerns a load with constant active power consumption at 
the time associated with flicker (a few cycles through several seconds). In such 
case, a drop in the voltage magnitude that originates from the power network 
side will result in an increase of the current fed to the load in order to keep the 
active power constant. Such a load would give increased voltage fluctuations 
and is thus contributing to flicker. However this load is not the cause of flicker.  
 
The superposition of several flicker signals with the same voltage as reference 
was derived theoretically. This showed that, for normal load conditions, the 
superposed flicker power is, with good approximation, equal to the sum of 
flicker powers from the individual flicker sources. However, it should be noticed 
that the superposition principle of flicker power is not valid generally since the 
result depends on the phase differences between the fundamental current as well 
as on the ratio of the fundamental carrier magnitudes. 
 
Voltage fluctuations leading to light flicker create a frequency spectrum centred 
close to the frequency of the carrier signal (i.e. 50 Hz). This means that the 
flicker power can be calculated with high accuracy also when measured via 
existing voltage and current transformers since these are designed to be accurate 
at frequencies close to the power frequency. 
 
Two field tests have been performed using the proposed flicker power method. 
The first field test was conducted at the low-voltage level in a manufacturing 
plant having major welding processes that cause flicker. The second field test 
was conducted in a 130-kV substation having one major flicker source which 
was an arc furnace. Both measurements showed flicker power results that were 
in line with the theory. Especially interesting was to compare the results from 
the manufacturing plant with a corresponding simulation (simulation 3 section 
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5.2.1). The simulation showed a result very close to the result from the real 
measurement.  
 
The conclusion of this part of the work is that flicker power, in most practical 
situations, can be used for efficient tracing of a flicker source and to determine 
how flicker propagates throughout the power network. Next step in development 
is to implement the flicker power algorithm in a power quality monitoring 
system.  
 
A future research oriented work is to investigate the correlation between 
fluctuations in active and reactive power loads within the flicker frequency 
window for different types of loads. Thus, the main question to answer is: Does 
an increase in active power also always results in an increase in reactive power 
for an arbritary load that has power fluctuation? 

9.2 Classification of voltage disturbances 
The framework for a voltage disturbance classification system has been 
developed based on classification in two steps; first detection of transition 
segments followed by the classification itself using Support Vector Machines 
(SVMs). Both steps have been validated through the use of large amounts of 
field data as well as synthetic data obtained from power-system simulations. The 
results from several tests conducted in two different sets of experiments showed 
high classification accuracy for most types of disturbances, implying that the 
proposed classification technique is an attractive choice for classification of this 
type of data.  
The accuracy of the proposed method depends on the selected features used by 
the classifier. The work has shown that by using features extracted both from 
time-domain and frequency-domain, the SVM classifier yields high 
performance. The proposed classification system is also shown to be effective 
by first categorizing the disturbance with respect to the number of transition 
segments and thereafter using individually trained SVMs as nodes in a binary 
decision tree for multiple class classification.  
Data from two different power networks as well as synthetically generated data 
were used in order to evaluate the performance of the SVM classifier. High 
performance was achieved when the training data were originated from the 
power network. Lower accuracy was achieved when the classifier was trained on 
synthetic data. However, by adding training data originated from a real power 
network to the synthetic training data set the classification performance 
increased significantly. From a product-development standpoint, it is highly 
desirable that the classifier is based purely on synthetic data since synthetic data 
is easier to obtain than real data, especially for rare events. 
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The proposed classification system is very modular in its structure. It is easy to 
maintain and easy to extend to include new types of disturbances. For example, 
when a new type of disturbance shall be added, only that particular transition 
segment branch that includes the new disturbance type is needed to be re-
trained. Also to extend the classification system with more transition segment 
branches is a straight forward process.  
 
This work does not include classification of all possible dip types nor of 
transients (i.e. voltage disturbances with time duration less or much less than 
one period). This could, as a future work, be included in the classification 
system. Further extension could be to make use of more information embedded 
in the waveforms than just voltage magnitude and spectrum.  
 

The conclusion of this part of the work is that the proposed classification system 
works well and shows sufficiently high accuracy when trained on data that 
originate from real disturbances. However, a future work could include 
generating synthetic data that has characteristics more close to real disturbances. 
Such synthetic data can be used as training data instead of training data from 
real disturbances. 
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