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Abstract  

Pattern Recognition Methodology for Network-Based Diagnostics of Power Quality 
Problems 

 

by  Min Wang 

Chair of the Supervisory Committee 

Assistant Professor Alexander Mamishev 

Department of Electrical Engineering 

 

Advanced systems for automatic classification of power quality (PQ) disturbances 

are highly desired for both utilities and commercial customers. This dissertation presents 

a DSP-based system for classifying voltage and current waveform events that are related 

to a variety of PQ problems. The feature extraction process of disturbance waveforms is 

to project a PQ signal onto a low-dimension time-frequency representation (TFR), which 

is deliberately designed for maximizing the separability between classes. The technique 

of designing an optimized TFR from time-frequency ambiguity plane is for the first time 

applied to power engineering applications. A distinct TFR is designed for separating each 

individual class. The classifiers include a Heaviside-function linear classifier and neural 

networks with feedforward structures. The flexibility of this method allows classification 

of a very broad range of power quality events. 

The algorithm was implemented on a DSP-based hardware system and tested with 

860 real world waveform events that cover five classes, achieving an average recognition 

rate of 98%. A TI DSP processor TMS320VC5416 and ADC daughter card 



 

THS1206EVM are used. Significant optimization efforts have been under taken using C 

and assembly code to achieve real-time processing capability. 

Detection of incipient fault activities in power systems will enable better condition-

based maintenance and prevent catastrophic failures of power infrastructure. The 

dissertation presents a new detection algorithm based on wavelet decomposition and 

Wiener filter in wavelet-domain. Evaluation results based on the simulated tree contacts 

data from EPRI-PEAC show the promise of developing an intelligent system which 

monitors the heath status of system components and detects the causes of degradation. 

Based on the highly distributed characteristics of modern power systems, the 

dissertation proposes a new monitoring concept – ubiquitous and collaborative 

monitoring. The goal is to design a ubiquitous PQ monitoring framework, which requires 

a large number of small, low-cost, and easy-to-deploy PQ sensors at numerous locations 

and fuses distributed sensor information to provide highly accurate monitoring results. 

The architecture design of ubiquitous PQ sensor is presented. New usage models of 

individual and networked PQ sensors are also proposed. 

The dissertation also presents the development of a standard benchmark dataset for 

PQ event waveform classification, as well as a web-based diagnostic system for online 

monitoring service and real data exchange. 
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1. Introduction  
 

1.1 Background 

 

The quality of power supplied to the customers is judged by the ability to maintain 

voltage and current signals in power systems at a constant amplitude, a nearly sinusoidal 

shape, and a constant fundamental frequency at all times. The term “power quality 

problems” refers to any voltage or current deviations (from the perfect 60 Hz sinusoidal 

waveform) that result in failure or misoperation of customer equipment. One goal for 

utility companies is to provide customers with clean voltage waveforms and thus enable 

reliable operation of sensitive electronic equipment.  

Power quality issues have been important since the inception of power systems, 

although their nature changed over time. In 1930's, the main power quality problem was 

the light flicker due to mass-production machinery. In 1950's, the power quality problems 

came from air conditioners. Nowadays, the main problems exist with sensitive 

electronics, computers, and power electronics. 

Multiple factors have resulted in increased power quality problems and increased 

interest in monitoring and resolving these problems. The proliferation of highly sensitive 

computerized equipment places increasingly more stringent demands on the quality of 

electric power supplied to the customer [1]. To achieve higher energy efficiency, more 

nonlinear devices are adopted in energy systems. The power infrastructure network 

becomes more and more interconnected every day. As we move into the deregulation era, 

power quality is taking a more important role in the energy industry. First, power quality 

and, in a broader sense, reliability, is a very important feature of power suppliers’ 

product. Second, under an open transmission access environment of deregulation, it 

Chapter 
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becomes even more difficult to determine the cause and responsibility for a power quality 

disturbance. 

Various voltage disturbances are the most frequent cause of disruption in industrial 

and commercial power supply systems. Customers with power quality (PQ) sensitive 

equipment, such as variable-speed drives or robots, automated production lines or 

machine tools, programmable logic controllers, and standalone or networked computers, 

desire high quality power supply to ensure the proper and continued operation. PQ 

disturbances significantly affect many industries. Examples abound in semiconductor 

industry, chemical industry, automobile industry, paper manufacturing, and e-commerce. 

Revenue losses are usually caused by interrupted manufacturing processes and computer 

network downtime.  

Without a battery backup, one cycle of outage or two cycles of a 25% voltage sag 

can make unprotected microprocessors malfunction, and one cycle of voltage sag can 

make a silicon device worthless during the manufacturing cycle. For semiconductor 

manufacturers such as Intel, shutting down a silicon fabrication facility, even for a short 

time, could threaten the overall operation of the company and lead to delays up to a few 

days to get the production back online. An Associated Press report disclosed that a power 

outage forced a five-hour shutdown of an Intel manufacturing plant in New Mexico and 

ruined a number of computer chips [2]. In Bellingham, Washington, a Georgia-Pacific 

paper plant faced total silence when electronic controls shut down all the machinery, 

costing thousands of dollars an hour for 2 or 3 hours [2]. Millions of dollars worth of 

business on e-commerce sites can disappear in one second of a power outage.  

A report by CEIDS (Consortium for Electric Infrastructure to Support a Digital 

Society) shows that the U.S. economy is losing between $104 billion and $164 billion a 

year due to outages and another $15 billion to $24 billion due to PQ phenomena [3]. 

According to the Electric Power Research Institute (EPRI)'s estimation, the cost of EPRI 

power quality research is $2 million per year; the sales of the protecting devices for 

desktop machines is $2.2 billion and has a 22% growth per year; utility cost for 

monitoring an alleged power quality problem is $30,000 per event [4]. According to 

recent strategic research by Frost & Sullivan, the US power quality protection product 

market had revenues of $2.1 billion in 1996 and is expected to reach $8.37 billion in 2003 
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[5]. Figure 1.1 shows the trend of a dramatic increase on power quality protection product 

cost in the United States for the decades of 1970s to 1990s. Today's PQ problem is no 

longer just an issue for utility engineers who investigate unusual interaction problems 

between the power system and customer facilities. It becomes a problem related to basic 

system design issues, system maintenance issues, investments that are required to protect 

equipment within customer facilities, and the implementation of new technologies. 

Nowadays, PQ monitoring becomes an essential service many utilities perform for their 

commercial customers. 
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Figure 1.1. Increase in the cost of power quality problems in the United States [6]. 
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1.2 Problem Statement 

 

PQ disturbances are generated by various power system events or event combinations, 

such as power system faults, capacitor switching, large non-linear load switching, 

transformer inrush, and natural disruptions (e.g., lightning strikes). Generic solutions do 

not exist for these problems. Discrimination of different PQ events in real-time is often 

elusive. Identifying the disturbance pattern, finding its root causes, and localizing the 

problem in the system are essential steps before any systematic mitigation measures can 

be taken.  

The principal methods used by utilities for power quality monitoring are primarily 

based on visual inspection of voltage and current waveforms by power quality engineers, 

which is laborious and error-prone. Moreover, it is practically impossible for human eyes 

to capture many types of spread over time and frequency events. Highly automated 

monitoring software and hardware systems are needed in order to provide adequate 

coverage of the entire system, understand the causes of these disturbances, and localize 

the problem source. Based on the diagnosis result, the problems can usually be resolved 

by adjusting the system configuration or adding a suitable control apparatus. Future 

problems from similar sources could also be avoided. The diagnostic process should be 

finished in real-time to trigger the mitigation system, before the problem causes 

widespread customer complaints, equipment malfunction, and even equipment failures.  

 

1.3 State of the Art 

 

Today, monitoring and resolving power quality problems have attracted joint research 

and development efforts from multiple disciplines, including power systems, power 

electronics, signal processing, pattern recognition, communication networks, database 

systems, and instrumentation. This section reviews the state of the art of research and 

development efforts in the area of power quality event detection, identification, 

localization, and monitoring. Recent work on developing new signal processing 

algorithms is first reviewed. Existing software and hardware systems are then introduced. 
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1.3.1 Algorithm Research 
 

Recently, power quality and fault location problems at both transmission and distribution 

levels have been investigated by employing signal processing and pattern recognition 

techniques. The embedded waveform processing algorithm is the core for a PQ 

monitoring system. Traditional PQ monitoring based on RMS measurements and 

spectrogram analysis is highly constrained by its accuracy. Approaches for automated 

detection and classification of PQ disturbances proposed recently are based on wavelet 

analysis, artificial neural networks, hidden Markov models, and bispectra (e.g., [7-11]). 

Methods overviewed in this section are based on wavelet analysis, fractal techniques, 

Markov chains, artificial neural networks, and distributed synchronized sampling 

techniques. 

 

1.3.1.1 Wavelet Analysis 
 
Wavelet techniques, which have received considerable interests in signal processing, 

image compression, subband coding, and computer vision, are proposed as an effective 

means of analyzing voltage and current waveforms recorded during power system 

disturbances. A wavelet is defined, nonrigorously, as a function that is oscillatory, has a 

zero mean (i.e., no dc component), and decays quickly to zero.  Compared to Fourier 

analysis with a single basis function, wavelet analysis uses basis functions of a wide 

functional form. Wavelets can be chosen with very desirable frequency and time 

characteristics. The basic concept in wavelet analysis is to select an appropriate wavelet 

function, called mother wavelet, and then perform an analysis using shifted and dilated 

versions of the mother wavelet. Wavelet analysis has many advantages over the 

conventional Fourier analysis [12].  

Power quality disturbances that are not periodic require a more powerful 

mathematical technique than the Fourier series analysis. The wavelet transform has 

recently filtered over to power engineering from a newly sprung stirring in the arena of 

mathematical transforms. The wavelet analysis is a measure of similarity between the 

basis functions and the original function. The calculated coefficients indicate how close 
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the function is to the daughter wavelet at the particular scale. Wavelet transform is well 

suited to wide-band signals that may not be periodic and may contain both sinusoidal and 

harmonic components, as in a typical power system fault.  

Therefore, it became a powerful tool for the detection and classification of power 

quality events, especially for the feature extraction process. When applying wavelet 

transform to the voltage or current signals, the disturbed components of the original 

signals are kept in the wavelet coefficients at different levels, depending on the frequency 

characteristic of the individual disturbance. 

Ribeiro is generally credited with suggesting wavelet analysis for power quality 

analysis. Ribeiro's main contribution apart from the fundamental suggestion of wavelets 

in power engineering is in the area of signal reconstruction. A voltage signal containing a 

transient distortion is represented as a sum of wavelets. For example, a square non-

recurring pulse can be conveniently represented as a sum of as few as five wavelets. Galli 

and Heydt suggested a general method for the use of wavelets for identification of power 

system transients [12]. The basic idea of this technique is to decompose the transient 

signal into a number of levels, which basically contain the high and low frequency 

components of the signal. By analyzing the decomposed transient signal at different 

levels, not only do we get information regarding the frequency content of the transient 

but also the time at which each of these transients occurred, which helps in distinguishing 

transients occurring due to different reasons. New methods, such as [13], are recently 

proposed using wavelets to capture and report power system disturbances and resolve 

power quality conflicts. Extensive research on the application of wavelet analysis in 

detection and measurement of power system transients has been conducted during the 

past several years [10-12,14-20]. 

Various wavelet-transform-based algorithms for the identification of harmonics in 

power system waveforms have been developed [21-23]. Pham and Wang's algorithm can 

simultaneously identify all harmonics including integer, noninteger, and subharmonics. In 

the first step of the approach, the frequency spectrum of the waveform is decomposed 

into subbands using discrete wavelet packet transform filter banks. Methods have been 

developed to alleviate the problem of images produced by the filter banks and to quantify 

accurately the harmonic frequencies, amplitudes, and phases. The subband decomposition 
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process using modified discrete wavelet packet transform filter banks can readily be 

incorporated into existing harmonic measurement instruments to speed up the analysis 

and accurately identify particular harmonics or harmonic subbands of interest. In the 

second step, continuous wavelet transform is applied to nonzero subbands to evaluate the 

harmonics content. This algorithm is shown to be robust and powerful in practice. Wang's 

algorithm is a protection algorithm based on a transient analysis tool by wavelet 

transforms and a decision helper by artificial neural networks. By projecting the 

amplitude of the time-varying harmonics onto the subspace spanned by wavelet and 

scaling functions, this approach transforms the time-varying amplitude estimation into 

constant coefficient estimation, and achieves the time-varying harmonics measurement 

using the least mean squares algorithm (LMS). Meanwhile, the recursive algorithm 

realizes the on-line tracking for harmonics. Neural networks permit the diagnostic of this 

analysis to distinguish the faulty signal between all the perturbed signals of the network 

when a fault occurs.  

Wavelet theory has also been employed for the fault detection of power distribution 

systems. Algorithms for developing a feature extractor suitable for training an Artificial 

Neural Network (ANN) for fault diagnosis using wavelet transform have been presented 

[24]. The feature extractor exhibits a superior set of features (patterns) as compared to 

feature extractors in the time domain and frequency domain. Future work includes 

modifying the ANN clustering algorithm to handle larger feature extraction points, and to 

perform comparative analysis of the performance of the wavelet transform feature 

extractor against the time domain and fast Fourier transform feature extractors. The 

existing ANN Clustering Algorithm fault diagnosis tool's accuracy will improve with the 

implementation of the wavelet transform feature extractor. Also, the algorithms for high 

impedance fault detection utilizing the wavelet transform have been proposed [23,25].  

In [23], a wavelet transform approach using Morlet basis function was applied to 

detect high impedance fault generated signals. With the time-frequency localization 

characteristics embedded in wavelets, the time and frequency information of a waveform 

can be presented as a visualized scheme. Wavelet transform approach is more efficient 

than fast Fourier transform in monitoring fault signals as time varies. The proposed 

method has been applied to discriminate the high impedance faults from the normal 
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switching events, and to examine the faults under various grounds, including Portland 

cement, wet soil, and grass. Testing results have demonstrated the practicality and 

advantages of the proposed method for the application. In [26], a new algorithm based on 

wavelet transform has been used to analyze transformer inrush current generated by 

PSCAD and proved to be effective and feasible. A mother wavelet suitable for processing 

transient signals of power system is constructed according to theory of the wavelet 

analysis, and the improved recursive wavelet transform is presented in order to meet the 

real-time demands of analyzing power system signals. This algorithm overcomes the 

shortcomings of the transformer differential protection using the second harmonic 

restraint, and can distinguish transformer inrush current from the internal fault current 

fast. 

1.3.1.2 Fractal Techniques 
 
Fractal geometry, commonly used in recent years for quantization of chaotic behavior of 

nonlinear systems, has been employed to analyze chaotic properties of high impedance 

faults [27]. High impedance faults are generally difficult or impossible to be detected 

with conventional overcurrent protection devices because the fault current may not be 

large enough to activate them [28]. The effective impedance constantly and randomly 

changes as the fault's arcing behavior melts conductor and displaces contact soil. 

Therefore, the fault current magnitude is very chaotic. It is especially difficult to 

discriminate between fault current and normal load current in a multi-grounded 

distribution system. One approach utilizing fractal techniques is based on the chaotic 

characteristic of the phase currents and voltages in a distribution power system when high 

impedance faults occur [27]. For data sets containing tens of thousands of data points, 

estimation of fractal dimensions can be performed quite reliably. Studies of estimation of 

fractal dimensions on small data sets (several hundred data points) have been performed 

recently. Corresponding pattern recognition algorithms suited for analysis of relatively 

small data sets have been developed. 

In [27], an algorithm for pattern recognition and detection of high impedance faults 

was presented. It is based on techniques suited for analysis of relatively small data sets. It 
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lies between strict fractal dimension calculation algorithms and statistical estimation of 

the randomness in changing current values in the system.  

The proposed algorithm has been demonstrated in 3 example cases, which are caused 

by a 7.2 kV downed conductor on grass, oilfield pump jacks, and an unsuccessful starting 

of a large electric motor. Not only can it correctly identify the fault in a short time, but it 

can also distinguish the switching transients from faults successfully. By changing 

several key parameters of the algorithm, one can adjust the sensitivity the algorithm to 

different aspects of chaotic changes. 

1.3.1.3 Markov Chains 
 
The stochastic nature of power system harmonics has been widely recognized in the 

literature. It has been the focus of numerous investigations since the early work on 

summation of harmonics with random phase angles. Some probabilistic models by 

Markov chains for characterization of dynamics of power system harmonics have also 

been proposed [29]. The basic modeling assumption has been that harmonic indices of 

interest contain a stochastic component generated by an ergodic, finite-dimensional 

Markov chain, in addition to a deterministic component. The proposed model builds on 

the non-stationary behavior, seasonal variations of the power system harmonics, and 

correlation among harmonics generated by various harmonic-generating components and 

loads.  

In this approach, the power system under consideration is represented by a finite or 

countable state space that contains all the possible operational harmonic generation 

patterns of the system. This mathematically tractable approach enables a power system 

analyst to study dynamics of harmonics, while accommodating the possibility that the 

underlying stochastic process may have a finite memory. The uncorrelatedness (“white”) 

assumption is removed by the suggested framework for the temporal evolution of 

harmonics, which is often not supported by actual measurements. Mathematical formulas 

to compute the first and second moments of the resulting random waveforms are 

presented for practically relevant case of finite-dimensional discrete-time Markov chains. 

Mathematical expressions derived from this approach permit calculation of both long-

term averages and shot-term dynamics. This novel and useful tool enables a power 
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system analyst to model and quantify effects of harmonics generated by random 

processes with memory.  

1.3.1.4 Artificial Neural Networks 
 
Intelligent systems, such as neural networks, play an important role in economics and 

reliability of the restructured power industry [30]. Recently, more fault detection and 

identification methods based on neural networks have been proposed [11,14,31,32]. The 

neural network based detection provides reliable and accurate detection because of its 

ability to match patterns and tolerate noise. This scheme also provides potential for online 

training and customization using actual field data.  

Artificial neural network (ANN, commonly just “neural network” or “neural net”) is 

a network of many very simple processors (“units” or “neurons”), each possibly having a 

small amount of local memory. The units are connected by unidirectional communication 

channels (“connections”), which carry numeric (as opposed to symbolic) data. The units 

operate only on their local data and on the inputs they receive via the connections. A 

neural network is a processing device, either an algorithm, or actual hardware, whose 

design was inspired by the biological functioning of human brain.  

Neural networks are used very successfully in pattern recognition. With proper 

training, neural networks are used to perform high impedance fault detection [33]. In the 

proposed detection system, a neural network simulates a complex learning process. The 

non-biological class of NN perceptions is a single layer network whose weights and 

biases can be trained to produce a correct target vector when presented with the 

corresponding input vector. The advantage of perceptions lies in their use as calculation 

tools. Networks are trained by feeding them with input vectors and corresponding target 

vectors. In [33], input vector can consist of magnitudes and phases of low order 

harmonics, which are considered to be able to reveal the presence of high impedance 

faults, one of the most difficult type of faults to detect in power systems. 
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1.3.1.5 Synchronized Sampling 
 
Fault location methods based on synchronized sampling techniques and transmission line 

models have been proposed recently [34-37]. A traveling wave based approach for fault 

analysis was presented using synchronized sampling method [34]. The source data is 

supplied by digital fault recorders (DFR), which are equipped with Global Positioning 

Systems (GPS) satellite receivers. Synchronized samples from two ends of the line are 

taken to detect, classify, and localize a fault. Considered a major enhancement from 

traditional traveling wave based fault detection, the proposed method considers the 

distributed parameter transmission line model and adopts an accurate fault location 

technique. The fault location algorithm is based on time domain solution of transmission 

line equations obtained by directly solving the equations for each sampling instant. The 

system performance is evaluated with EMTP simulations. The major advantages of the 

proposed method include extremely fast response time, selective and accurate fault 

analysis, and low sensitivity to system noise. 

In [37], the lossless line model was modified to account for the series losses in the 

line. Testing results show its capability of locating faults within or outside the mutually 

coupled sections of transmission lines. A novel concept of integrating multiple analysis 

tasks of power system into one unified software framework was presented in [36]. The 

framework includes power system modeling classifying and characterizing of power 

quality events, studying equipment sensitivity to the event disturbance, and locating point 

of event occurrence. 

 

1.3.2 Software and Hardware Systems 
 

A number of research institutions and companies are putting significant research and 

development efforts towards a proactive, reliable, and intelligent power quality 

monitoring system. Example industrial companies include Dranetz-BMI Inc., Electrotek 

Inc., SoftSwitching Technologies, and EPRI-PEAC. 

A few power quality monitoring software and hardware systems are being widely 

used by utilities and energy customers. Example existing systems include: PQView 
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(software for producing and storing indices and statistics from power quality monitors),  

PQWeb (software for viewing power quality data over the internet) by Electrotek 

Concepts Inc., and PQNode (portable instrument for monitoring power flow, power 

quality, or harmonics) by Dranetz-BMI [38,39]. 

PQView is a database-based software that can store and analyze large quantities of 

power quality-related disturbance data. It is designed to organize data from a variety of 

instruments (e.g., PQ monitors, digital fault recorders), and support a wide range of 

applications, including event viewing, data trending, protection analysis, benchmarking, 

statistical analysis, and report writing. These systems have demonstrated benefits of the 

PQ monitoring methodology to utility companies. 

PQWeb enables monitoring data exchange through the internet. Power quality 

disturbance data can be downloaded and characterized through common web tools. Users 

can select sites and view specific events of interest. PQWeb is usually used with PQView 

and acts as a web interface for PQView. 

Signature SystemTM, a web-based power information management system recently 

developed by Dranetz-BMI, Electrotek Concepts, EPRI, and TVA, integrates a network 

of monitoring software and hardware [40], as shown in Figure 1.2. It incorporates many 

internet-related features and motivates multiple future directions in PQ monitoring. The 

system can be used for process and production management, energy management, as well 

as data centers. Figure 1.2 shows the architecture of Signature System. The term 

“DataNode” refers to a variety of data-recording instrument. The role of DataNode is to 

supply raw measurement data. The term “InfoNode” refers to the intelligent system 

module (also called Answer Modules) which translates raw data into knowledge of the 

system, as well as the database server and web interface that render users immediate 

access to identified events. 

Another web-enabled near-real-time power quality and reliability monitoring system 

– I-GridTM has been developed recently by SoftSwitching Technologies [41]. This system 

is created based on the insight that lack of historical power quality data becomes a 

significant barrier for improving power quality. In cooperation with DoE (Depart of 

Energy) and EPRI, SoftSwitching has started a nationwide deployment of ultralow-cost 

power quality monitors since 2001. The goal is to deploy 50,000 monitors across the U.S. 
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and Canada over the next two to four years. These sensors can communicate through 

telephone lines. Many potential applications can be built on top of the databases 

accumulated through the nationwide monitoring network. 
 

 
Figure 1.2. Signature SystemTM architecture [40]. 

 

1.4 An Ideal PQ Monitoring System 

 

Although recently proposed methods provide improved detection and classification 

performance, they are not yet sufficient for supporting a robust PQ monitoring system. 

The new algorithm proposed in this dissertation offers an additional step towards this 

goal.  

Wavelet transform on a power quality disturbance signal produces a multi-resolution 

decomposition (MRD) matrix, which contains time domain information of the signal at 

different scales. This property has made wavelets a promising tool for detecting and 

extracting disturbance features of various types of PQ events [8,10,11]. However, there 

are still many issues to be resolved in wavelet-based methods. First, while PQ 
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disturbances cover a wide frequency range, a very small subset of the MRD matrix (e.g., 

five scales in [11]) may not be a sufficient or optimized selection for capturing features of 

all different types of PQ events. This feature selection scheme may filter off important 

information for classification and potentially degrade the recognition rates. Second, the 

wavelet-based methods require more training examples than the algorithm developed in 

this dissertation. This need for training data results in more efforts or difficulties when 

adapting the algorithm to a new system. There is also novel and interesting work done 

which classifies power quality disturbances based on wavelet packet-based hidden 

Markov model. This approach provides improved recognition rates [7], however, post-

processing procedures define the value of the final results. In [7], the post-processing 

steps are not very exactly defined in terms of implementation. The ambiguity makes it 

hard to judge whether this method can achieve comparable performance on other power 

systems. 

To build an ideal PQ monitoring system, the following issues have to be addressed in 

the classification algorithm. First, new algorithms need to be able to classify voltage or 

current transients due to different power system events, such as motor starting, 

transformer inrush currents, capacitor switching, and high impedance faults. Transient 

identification problems, which require higher frequency waveform recording devices and 

more robust classification methods, are rarely addressed in the literature, with the 

exception of [42]. Second, new methods need to be capable of implementing cause-based 

classifications, in addition to phenomenon-based classifications. For example, for a 

voltage sag event, it is desirable to know not only that it is voltage sag, but also whether it 

is caused by the switching of a large load, a line-to-ground fault, or other reasons. Third, 

new methods should be able to localize a PQ event, which indirectly leads to a solution 

for the detected PQ problem. Decisions may be made according to the measurements 

from multiple monitoring nodes. The number of PQ monitors and their layout in a power 

system need to be optimized. The new methods should also have the reduced 

computational complexity mode to support real-time on-line monitoring.  

None of these issues has been resolved perfectly in existing classification methods. 

We are not even close to an ideal PQ monitoring system. Sustained efforts in exploring 
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better solutions become crucial for improving the overall quality of services of energy 

provides and rescuing energy customers from expensive PQ-related losses. 

 

1.5 Motivation 

1.5.1 Signal Processing Algorithms 
 

Advanced classification algorithms of PQ disturbances is the foundation of built-in 

diagnosis and assessment modules of any monitoring system. One way to improve the 

performance of the monitoring system is to incorporate more intelligent and reliable 

waveform recognition algorithms, which recognize and diagnose a broader range of 

power quality events.  

The problem of power quality event classification has joined the large family of 

waveform pattern recognition problems. This category of problems stems from a wide 

range of applications of great significance. A few example problems in this category are: 

speech recognition, tool condition monitoring based on acoustic emission signal, 

electroencephalogram (EEG) signal classification for different mental tasks, and seabed 

type classification with echo sounder waveforms. Recent advances of signal processing 

techniques, such as time-frequency representations, wavelets, artificial neural networks, 

hidden Markov models, non-linear dynamics, and chaos theory have provided us more 

powerful tools for pattern recognition tasks.  

Recently developed signal processing techniques, such as time-frequency 

representations, artificial neural networks, wavelet analysis, and hidden Markov models 

have been successfully employed in some other pattern recognition applications, such as 

speech recognition, audio processing, communications, and, most notably for this 

dissertation, in radar and sonar applications. While PQ waveform recognition algorithms 

process power system voltage and current signals and speech recognition algorithms 

process audio signals, these two problems are similar in nature. Recent advances in 

speech processing have shown potential and need to design new signal processing 

algorithms that provide higher recognition rate of PQ signal classifications.  
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1.5.2 Embedded Systems and Communication Platform 
 

Due to the highly distributed characteristics of power networks, monitoring the health 

status of distribution systems requires fusing data information from multiple locations on 

the network. With a network of portable embedded PQ monitors, utilities can easily 

collect data from different parts of the system, and respond fast to the complaints rising 

from the customer side. The installation of monitors in utilities and customers has been 

dramatically increasing for the past few years.  

The new development on digital signal processors (DSP), field programmable gate 

arrays (FPGA), and application-specific integrated circuit (ASIC) have removed barriers 

on the hardware aspects for developing real-time embedded PQ monitoring devices. At 

the same time, progress in broadband communication and networks provided the data 

exchange capability at high bandwidth and made the concept of collaborative monitoring 

possible. Recent advances on wireless local area network (WLAN) - Wi-Fi (IEEE 

802.11), and most recently on wireless metropolitan area network (WMAN) - WiMax 

(IEEE 802.16) has potentially enabled ubiquitous monitoring and diagnosis. Dramatic 

changes on the power system monitoring infrastructure are underway.  

In the long run, as the “Smart Dust Sensor Networks” initiative by DARPA and Intel 

Research proceeds steadily [43], the existing expensive PQ monitoring and diagnosis 

system at substations and manufactory facilities may be introduced to residential house 

and commercial office environment, with characteristics of low cost, small form factor, 

ubiquity, and integration with consumer electronics.  

 

1.5.3 Advanced Simulation Tools for Electromagnetic Transients 
 

High quality modeling and simulation tools are essential for studying power quality 

related voltage waveform degradation events. The traditional power system digital 

simulator EMTP/ATP is capable of simulating transient phenomena of electromagnetic as 

well as electromechanical nature. However, the user interface has significantly 

constrained its acceptance to users.  
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Several new tools for modeling and simulating power quality events become 

available recently. PSCAD has been developed by the Manitoba-HVDC Research Center. 

PSCAD is a fast, accurate, and easy-to-use design and simulation tool for power system 

modeling and transient simulations. Simplore, a simulation software tool, developed by 

EDA giant Ansoft, provides multi-domain simulations for power electronics, electric 

drive systems, as well as automotive and aerospace applications. Matlab has also been 

equipped with power system toolbox to facilitate power system design and analysis. 

Multiple high quality digital simulation tools made the development of new power 

quality monitor more feasible.  

 

1.6 Dissertation Objectives and Scope 
 

The dissertation focuses on the development of novel signal processing algorithms and 

DSP-based hardware monitors for detection, classification, and monitoring of power 

quality disturbances. With this central goal, the project evolves with four parallel tracks – 

data, algorithm, embedded system, and network, as shown in Figure 1.3.  

The main objectives of this dissertation research are: 

1. Develop and evaluate a new power quality waveform classification algorithm with 

higher recognition rates and faster response time, based on recent advances in signal 

processing and pattern recognition. 

2. Develop and evaluate a DSP-based hardware monitoring system with the proposed 

algorithm. 

3. Develop and evaluate a new method for incipient fault detection that can facilitate 

condition-based maintenance and prevent catastrophic blackouts. 

4. Propose new system-level and network-based ubiquitous models for power quality 

and incipient fault monitoring. 

5. Design and develop a web-based system for power quality diagnostics and data 

accumulation. 

6. Study causes and effects of various power quality problems and generate a standard 

benchmark of power quality event classification. 
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1.7 Contribution to the Field 
 

As shown in Figure 1.3, the project development on four tracks has mainly generated the 

following impacts in the power quality industry:  

1. The proposed signature extraction tool for PQ event waveforms, time-frequency 

ambiguity plane with kernel techniques is entirely new to the power engineering field. 

The proposed algorithm offers an additional step towards this goal of building an 

ideal power quality monitoring system. 

2. Compared to the literature, the proposed PQ classification algorithm has achieved 

very high recognition rates on real world PQ waveform data. 

3. The proposed incipient fault detection algorithm using wavelet-domain wiener filters 

is new to the power quality field. 

4. The DSP-based hardware monitoring system shows promises of building next-

generation real-time PQ monitors with highly intelligent and accurate performance. 

5. The proposed collaborative monitoring concept based on a PQ sensor network, which 

is composed of a large number of ubiquitous, low-cost, and intelligent PQ sensors, is 

new to the field. This new model has the potential of solving complex power quality 

problems and accumulating large amount of valuable power quality data. 

6. The effort of establishing a standard benchmark for comparing different PQ 

waveform classification algorithms is unique and new to the power quality field. 

7. The proposed web-based diagnostic system could serve as a data exchange center and 

discussion forum for all the professional and researchers working in this field. 

8. New usage models for applying radio-frequency identification (RFID) technology 

into power engineer industry have been proposed for the first time. 

 

Figure 1.3. Dissertation scope. 
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1.8 Outline of the Dissertation  
 
The dissertation presents not only the author’s work on power quality monitoring 

techniques, but also in-depth knowledge about power quality in general. The goal is to 

make the dissertation a reference for power quality and incipient fault related topics. 

In Chapter 2, the cause-effect of different types of power quality disturbances is 

reviewed in details. The dissertation focuses on three major disturbance types: sags, 

surges, and harmonics. Causes, circuit models, and the solutions to these problems are 

presented. 

In Chapter 3, the theoretical background of a new classification algorithm for power 

quality events based on optimized time-frequency representations is presented. The 

concept of time-frequency ambiguity plane, Fisher’s discriminant function, as well as the 

design of classification kernels and classifiers are elaborated in details.  

Chapter 4 proposes the complete algorithm based on the techniques proposed in 

Chapter 3. This chapter explains this algorithm with a case study application on a group 

of 860 real world power quality waveforms which cover 5 classes. The scalability of the 

algorithm is also discussed.  

Chapter 5 is focused on the development of a new DSP-based PQ hardware 

monitoring system based on the proposed algorithm. The chapter starts with the hardware 

architecture design. Then optimization effort for real-time computation is presented in 

detail.  

In Chapter 6, the problem of incipient fault detection is first introduced. A new 

algorithm for incipient fault detection is proposed based on wavelets and wavelet-domain 

wiener filters. The algorithm is verified with lab simulation data from EPRI-PEAC.  

Chapter 7 proposes a new collaborative monitoring framework. This new model is 

based on a PQ sensor network composed of a group of low-cost, small, and intelligent PQ 

sensors. New usage models for the proposed ubiquitous PQ sensor and PQ sensor 

networks are also invented and presented.  

In Chapter 8, the initiatives of establishing the first benchmark standard for power 

quality event classification are introduced. A web-based power quality diagnostic 

software system is designed and partially developed. Chapter 8 also makes 
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recommendations for future work in this area including: hidden Markov models (HMM) 

for power quality monitoring, applications of radio-frequency identification (RFID) 

technology into power industry applications, and PSCAD simulations of power system 

disturbances. 

Conclusions are drawn in Chapter 9. 
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2. Power Quality Related Disturbances and 

Remedial Solutions 

 

In most cases, power quality problems are caused by improper wiring and grounding. 

They may also be caused by natural disruptions (such as lightning strikes), large non-

linear loads (such as an arc furnaces), large rotating loads (such as large motors), and 

electronic equipment.  

The most frequent power quality problems include temporary and sustained voltage 

sags, interruptions, and harmonics. The less frequent ones include low and high 

frequency oscillatory transients, voltage flickers, voltage swells, switching transients, and 

lightning induced overvoltages.  

This chapter first introduces existing power quality standards, and then discusses 

three important types of power quality problems – voltage sags, harmonics, and 

transients. Causes, effects, and solutions of these power quality problems are covered in 

this chapter.  

 

2.1 Power Quality Standards 

 

It has been widely recognized that well-established power quality standards are essential 

for power quality industry. The ultimate goal of standardization is to help resolve 

problems and prevent social and economical losses associated with power quality 

disturbances. Power quality standards define normal and various abnormal operation 

conditions, provide terminology for effective communication in the industry, and reduce 

some of the problems by explicitly putting limitations on electrical equipment design and 

implementation.  

Chapter 
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Many important power quality standards have been defined in this context. Several 

organizations are involved into developing power quality standards. In the United States, 

these organizations include the Institute of Electrical and Electronics Engineers (IEEE), 

American National Standards Institute (ANSI), National Institute of Standards and 

Technology (NIST), National Fire Protection Association (NFPA), National Electrical 

Manufactures Association (NEMA), Electrical Power Research Institute (EPRI), and 

Underwriters Laboratories (UL). Outside the United States, these organizations include 

International Electrotechnical Commission (IEC), Euronorms, and ESKOM for South 

African standards.   

 

2.1.1 IEEE 1159 Standard 
 

The IEEE Standard 1159-1995 IEEE Recommended Practice for Monitoring Electric 

Power Quality defines power quality problems as a wide variety of electromagnetic 

phenomena that characterize the voltage and current at a given time and at a given 

location in the power system. The standard covers the monitoring of electric power 

quality of AC power systems, definitions of power quality terminology, impact of poor 

power quality on utility and customer equipment, and the measurement of 

electromagnetic phenomena [44]. The IEEE Standard 1159-1995 serves as an important 

reference for the research and development activities in the field of power quality.  

After publication of IEEE Standard 1159-1995, three working groups (WG 1159.1, 

WG 1159.2, and WG 1159.3) were established for developing more advanced guides for 

power quality monitoring. The IEEE 1159.1 Working Group is developing the 

instrumentation requirements associated with different types of power quality 

phenomena. The IEEE 1159.2 Working Group is developing guidelines for characterizing 

different power quality phenomena. The IEEE 1159.3 Working Group is defining an 

interchange format that can be used to exchange power quality monitoring information 

between different applications. Recently the work of IEEE 1159.1 and 1159.2 Working 

Groups has been combined into a single task force, developing an international standard 

for characterizing power quality variations with monitoring equipment. In addition, there 
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is another working group, IEEE WG 1433, developing glossary of power quality 

terminology.  

 

2.1.2 ITI (CBEMA) Curve 
 

The ITI (Information Technology Industry Council) curve (2000) is the newer version of 

the CBEMA (Computer Business Equipment Manufacturers Association) curve. Figure 

2.1 shows the ITI curve. The ITI curve describes an ac input voltage envelope that can be 

tolerated (no interruption in function) by Information Technology Equipment (ITE). The 

curve covers both steady-state and transient conditions. The magnitude of a voltage event 

is plotted vertically and the duration of the event is plotted horizontally. Nominal voltage 

is at 100%. Events within the curve are deemed safe, and those outside the curve are 

disruptive or damaging. 

Eight types of events are described in this composite envelope, namely: steady-state, 

voltage swells, low-frequency decaying ring waves, high-frequency impulse and ring 

waves, voltage sags, dropouts, no damage events, and prohibited events [45]. However, 

this curve is not intended to serve as a design specification of products or AC distribution 

systems.  

2.1.3 IEC Power Quality Standard 
 
International Electrotechnical Commission (IEC) has a series of international standards 

on power quality. IEC Std. 61000-1-X provides the power quality definitions and 

methodology. IEC Std. 61000-3-X defines the limits on harmonics emissions. IEC Std. 

61000-4-X provides guidelines on tests and measurements. More specifically, IEC Std. 

61000-4-30 is on power quality measurements. In additional, IEC Std. SC77A also 

provides information on low frequency EMC phenomena, which is essentially the 

equivalent of “power quality” in American terminology. IEC SC77A/WG1 is on 

harmonics and other low-frequency disturbances; SC77A/WG2 is on voltage fluctuations 

and other low-frequency disturbances; SC77A/WG6 is on low frequency immunity tests; 

SC77A/WG8 is on electromagnetic interference related to the network frequency; 
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SC77A/WG9 is on power quality measurement methods; and SC77A/PT 61000-3-1 is on 

electromagnetic compatibility (EMC).  

 

 
Figure 2.1. ITI Curve showing voltage tolerance of electronic equipment [46]. 

 

2.2 Voltage Sags 

 

Voltage sags are also called voltage dips in Europe. IEEE defines voltage sags as a 

reduction in voltage for a short time. The duration of a voltage sag event is less than 1 

minute but more than 8 milliseconds (0.5 cycles). The magnitude of the reduction is 

between 10 percent and 90 percent of the normal root mean square (RMS) voltage at 60 
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Hz. Voltage sag is a very common type of power quality problem and has the most severe 

negative effect on power system components [47]. Equipment such as adjustable-speed 

drivers, process-control equipment, and computers is very sensitive to voltage sag 

problems.  

2.2.1 Causes 
 

Voltage sags can be caused by power system faults (short circuits) or large load 

switching. A sag event can be generated either by the power customer side or the utility 

side. The root causes of voltage sag are usually either a large increase of current or an 

increase of system impedance. Momentary sags (2 to 5 seconds) are usually due to 

cleared faults, while sustained sags lasting over 1 minute are usually due to permanent 

faults or switching on large loads. 

2.2.1.1 Faults 
 

When faults occur on a transmission system or distribution system, they typically draw 

energy from the power system. Depending on the relationship between the fault location 

and monitoring location, either a voltage sag or voltage interruption event will happen. In 

Figure 2.2, assume the monitoring device is located at G, a branch coming out of the 

distribution feeder. When a fault happens at location E on a transmission line, since the 

transmission is not the only line supplying the distribution feeder, voltage sag rather than 

voltage interruption is observed. When a fault occurs at location F on a parallel 

distribution circuit, voltage sag will be observed. On the other hand, when a fault occurs 

at location H on an upstream distribution circuit, voltage interruption will be observed.  

Voltage sag will occur while a fault is on the system. As soon as the fault is cleared 

by a circuit breaker or a recloser, the voltage restores to the pre-sag value. The duration 

of a sag event is associated with the time required for a circuit breaker or a recloser to 

clear a fault. Figure 2.3 gives a voltage sag example. It is a one-phase sag caused by a 

remote fault on a parallel feeder circuit. According to the data in [47], an example of 

breakdown of fault events that caused equipment misoperation for one industrial 

customer is shown in Figure 2.4.  
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Figure 2.2. Voltage sags occur due to faults in power systems. 

 

2.2.1.2 Large Load Starting 
 

Starting a large load, such as a motor or resistive heater, is another common cause of 

voltage sags. Electric motors typically draw 150% to 500% of their operating current as 

they come up to speed. Resistive heaters typically draw 150% of their rated current until 

they warm up. Figure 2.5 gives a voltage sag signal due to the start-up of an elevator 

motor. 
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Figure 2.3. Voltage sag on one phase caused by a remote fault on a parallel feeder circuit 

[48]. 

 

Faults on 
transmission 
system - 31%

Faults on own 
circuits - 23%

Faults on 
parallel circuits -

46%

 
Figure 2.4. Example breakdown of fault locations that caused equipment misoperation. 
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Figure 2.5. Start-up of an elevator motor [49]. 

 

The magnitude and duration of a voltage sag event varies much depending on its 

cause and the measurement location. Figure 2.6 from EPRI study shows the statistical 

relation between sag magnitude and sag duration. Table 2.1 gives a few important voltage 

sag diagnostics examples.  

 

Table 2.1. Voltage sag diagnostic examples [49]. 
 

Symptom Possible source 

Periodic sags with high resistive currents or NG voltage Laser printer, copier, fax 

LL voltage dropped to LG voltage LG fault 

(if lasted less than 2 cycles) Fuse operated 

Quick voltage drop followed by a slow increase Motor start-up 

Decrease in load current with a minor voltage sag Electronic load 

NG voltage increased at the beginning of the sag Downstream fault or load 

step 
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Figure 2.6. Statistics of sags per year for 222 sites [47]. 

 

2.2.2 Effects 
 

Typical customer equipment sensitive to voltage sags includes computers, programmable 

logic controllers, controller power supplies, motor starter contactors, control relays, and 

adjustable speed drives. The power supply of all these electrical and electronic devices 

normally consists of a diode rectifier along with a voltage regulator. This is the part that 

is sensitive to voltage sags. Voltage sags cause adjustable-speed drives to shut down, 

computers to shut down, and motors to stall or overheat. These effects are usually 

accompanied by very costly losses, such as loss of data, manufacturing process 

downtime, wasted materials in a fabrication facility, equipment damage, and accelerated 

aging.  

Equipment sensitive to voltage sags can be divided into three categories according to 

its sensitivity to power quality problems [47]:  

1) Sensitive to the sag magnitude only. 

This class of devices includes undervoltage relays, process controllers, motor 

drive controllers, and semiconductor manufacturing equipment.  

2) Sensitive to both sag magnitude and sag duration. 
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This class of devices includes all equipment that is sensitive to voltage sags. 

Usually, the power supply circuitry of the equipment will trip when the RMS value of 

the input voltage drops below a certain threshold value.  

3) Sensitive to other sag characteristics. 

This class of devices includes equipment that is affected by other characteristics, 

such as phase unbalance during a sag event or the point-in-wave when the sag event 

initiates and terminates.  
 

Sag magnitude and duration are more often used to characterize the ride-through 

capability of a sag-sensitive device. Since the sag magnitude is dependent on the fault 

location, another index, area of vulnerability, is also used to determine device’s immunity 

limit to a voltage sag. Faults occurring outside of the area of vulnerability typically do not 

generate voltage sags that exceed the ride-through capability of the equipment.  

 

2.2.3 Solutions 
 

2.2.3.1 Equipment Protection Methods 
 
 

Common solutions for voltage sag related problems include equipment protection 

methods, e.g., installing voltage regulator, power conditioners, uninterruptible power 

supplies (UPS), ferroresonant transformers (also called constant voltage transformers, 

CVTs), and superconducting magnetic energy storage devices (SMES).  

Ferroresonant transformers are 1:1 transformers that are excited high on their 

saturation curves and provide an output voltage which are not significantly affected by 

input voltage variations. UPS is a conventional protection method for isolating critical 

loads from voltage sags. An on-line UPS rectifies the incoming AC voltage to DC 

voltage, which charges a battery bank and then inverts the DC power back to AC power. 

On the other hand, an off-line UPS detects a disturbance and switches the load to battery-

backed inverters. Superconducting magnetic energy storage devices (SMES) store 

electric energy in the current flowing in a superconducting magnet. Under a sag event, 
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the stored energy can be released almost instantaneously to compensate the missing 

voltage.  

Recent advances in power electronics have provided new power conditioning 

techniques for voltage sags. One new method under the voltage sag scenario is to use 

active series compensation devices that can detect the sag event and boost the voltage by 

injecting a voltage in series with the remaining voltage.  

2.2.3.2 Fault Prevention Methods 
 

Sags can also be avoided by preventing faults from happening, e.g., repairing wiring, 

replacing faulty breakers, adding larger wiring, and incipient fault detection (which will 

be elaborated in a later chapter in this dissertation). The common fault prevention 

methods for overhead power lines include tree trimming, insulator washing, shielding 

wires, improving pole grounding, modifying conductor spacing, and tree wire. Fault 

prevention methods for underground cables include insulation maintenance, solid 

insulation, and utilization of all types of fault locators [48].  

2.3 Harmonics 

Harmonic distortions became one of the most common power quality problems as more 

electronic and non-linear loads are connected to the electrical system. Non-linear loads 

refer to those electrical and electronic devices whose current and voltage do not follow 

each other linearly. Examples of non-linear loads include such devices as adjustable-

speed drives, arc furnaces, induction furnaces, rectifiers, inverters, fluorescent lamps, arc 

welders, and phase-angle regulators.  

2.3.1 Causes 
 
The operating frequency of power system is 60 Hz in the United States. Harmonics are 

distortions whose frequencies are multiples (e.g., 2, 3, 4, etc.) of the fundamental 

frequency.  

Harmonic distortions refer to both current and voltage distortions. Non-linear loads 

usually contain phase-angle-controlled rectifying circuits and semiconductor devices, 
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such as diodes and SCR’s. The Ohm’s Law does not apply to these non-linear 

components. Harmonic current waveforms are generated when a pure sinusoidal voltage 

waveform passes through a non-linear load. Then, the distorted current waveform passes 

through the linear series impedance of and leads to harmonic voltage waveform. The 

voltage distortion is determined by both the current distortion and the series impedance.  

Figure 2.7 shows an example of harmonics. The current for a 3-phase power 

converter is shown in the upper subfigure, and the harmonic analyzer results are in the 

lower subfigure, from which odd harmonics can be observed.  

 

2.3.2 Effects 
 
Harmonic current and voltage waveforms have negative effects for both utilities and 

customers. Various electrical system components are affected by harmonic distortions: 

1) Power cables: overheating (reduced lifetime and potentially fire) on neutral 

conductors due to non-cancellation.   

2) Transformers: overheating, reduced lifetime, and insulation stress. 

3) Motors: overheating, mechanical vibration, reduced efficiency, and reduced 

lifetime. 

4) Circuit breakers:  breaker failures. 

5) Relay: inappropriate tripping of relay. 

6) Capacitors: overheating, short circuits, and capacitor explosion. 

7) Power meters: incorrect readings. 

8) Electronic and computer controlled equipment: misoperation and reduced 

lifetime.  

Harmonics are usually measured with indices total harmonic distortion (THD) and total 

demand distortion (TDD). 
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Figure 2.7. (Above) Current for a 3-phase power converter; (below) odd harmonics are 

observed (no 3rd harmonics) [48]. 

 

2.3.3 Solutions 
 

There are multiple existing remedial solutions for harmonic distortions.  

2.3.3.1 Harmonic Filters 
 
Harmonic filters can be used on both utility side and customer side to remove harmonic 

components. Harmonic filters containing inductors and capacitors will either block the 

harmonic currents or shunt them to ground.  
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Figure 2.8. Shunt and series harmonic filters. 

      

As shown in Figure 2.8, one type of harmonics filter is called shunt filter and the 

other type of harmonic filter is called series filter. In a shunt filter, the inductor and 

capacitor are connected in series but they are in parallel with the load. With an 

appropriate selection of inductor and capacitor values, the shunt filter provides a low 

impedance path for the harmonic currents and diverts them to ground. On the other hand, 

with an appropriate selection of the inductor and capacitor values, a series filter provides 

a high impedance path for harmonic currents. While the fundamental 60 Hz currents are 

allowed to pass through, harmonic currents are blocked for reaching the power supply. 

Both filters introduced above are passive or static filters. There are also active 

harmonic filters that can condition the currents rather than block or divert them. Active 

filters are usually implemented with power electronics. They sense the harmonic 

distortion and generate counterharmonic currents that cancel the distortion. This type of 

filter is also very popular for resolving dynamic harmonics.  

 

2.3.3.2 Improvement on Equipment Design 
 
Harmonics-sensitive devices can be redesigned to reduce their sensitivity to harmonic 

distortions. For example, harmonics can cause overheating (or even insulation failure and 

fire) of neutral conductors. Larger neutral conductors should be adopted to help them 

withstand the harmonic currents. At the same time, non-linear loads that generate 
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harmonic distortions can also be redesigned according to power quality standards, to 

reduce the harmonic pollution of the electrical system.  

 

2.4 Transients 

 
Various overvoltage transients exist in power systems. These transients are also called 

surges. Without any protection measures, these transients can damage electronic devices, 

break down insulation, and lead to accelerated aging of light bulbs. 

 

2.4.1 Causes 
 
Power system transients have a wide frequency range. There are two types of transients: 

oscillatory and impulse. These surges are mainly caused by either lightning strikes or 

system switching events. Lightning strikes usually cause impulse transients, but they also 

cause oscillatory transients when they go into resonance. Another source of oscillatory 

transients is switching of equipment (e.g., capacitors and power electronic loads) in 

power system. The decay of impulse transients is typically very fast, while oscillatory 

transients decay much slower. Other transient voltage disturbance sources include step 

loads, inrush currents (motors, LC line filters, AC-DC power supplies),  and incipient 

faults. 

 

2.4.1.1 Capacitor Switching 
 

Capacitor switching is the most common switching event. Capacitors are a very common 

and economical power factor correction method, in comparison to rotating machines and 

electronic VAR compensators. Unfortunately, they interact with inductors and produce 

power quality problems.  

Figures and details of capacitor switching disturbances are provided in [4]. Figure 

2.9 shows an one-line diagram of capacitor switching operation. Figure 2.10 shows the 

capacitor switching waveform measured at an upstream load location. Because capacitor 

voltage can not change instantaneously, energization of a capacitor results in an 
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immediate drop in system voltage towards zero, followed by a fast voltage overshoot, and 

finally in an oscillating transient voltage. Transient voltage magnification on low voltage 

system occurs when the transient oscillation, initiated by the energization of a utility 

capacitor bank, excites a series resonance formed by the low voltage system. Figure 2.10 

shows the feeder current with a magnification of capacitor switching transients.  

 

2.4.1.2 Lightning Strikes 
 

The potential of equipment damage due to lightning is significant. In lightning surges, 

large quantities of energy release very fast, so multiple strokes are normal. Figure 2.11 

and Figure 2.12 show the thunderstorm distribution and lightning flash density of the 

United States. Figure 2.13 shows a self-cleared lightning-induced fault. Notice that there 

are two successive strokes. 

 

 
Figure 2.9. One-line diagram of capacitor switching operation. 

2.4.2 Effects 
 
The main consequences of overvoltage transients include insulation breakdown spark-

over, surge protection device failure, semiconductor device misoperation or damage, and 

massive accelerated aging of light bulbs due to flashovers.  

Overvoltages account for a significant portion of failures of electronic devices. 

Overvoltages are sometimes called “electronics killers”. For sensitive electronic 

equipment, a surge may lead to hard disk crash, power supply failure, component failure, 

memory scramble, SCR failure, and speed or setting drift.  
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Figure 2.10. Magnification of capacitor-switching transients – feeder current. 

 

 
Figure 2.11. Isokeraunic map of the U.S. (lower 48 states only). 
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Figure 2.12. Lightning flash density distribution (average cloud-to ground flashes per 

km2 per year). 

 

 
Figure 2.13. Self-cleared lightning-induced fault. 

2.4.3 Solutions 
 

The goals of transient overvoltage protection are to limit voltage across sensitive 

insulation, divert the surge current away from the load, block the surge current from 

entering the load, bond ground references together at the equipment, and reduce or 
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prevent the surge current from flowing between grounds. The common solutions include 

repairing wiring, replacing faulty breakers, using power treatment devices (such as surge 

suppressors, filters, power conditioners, UPS), and moving the disturbance source or the 

sensitive load. 
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3. PQ Event Classification Algorithm Using 

Optimized TFRs – Theory 

 

As described in Chapter 2, power quality (PQ) problems are caused by many different 

system events. PQ disturbances cover a broad frequency range and significantly different 

magnitude variations, which makes the identification of PQ events often difficult.  

Better monitoring theories and systems for automatic classification of power quality 

disturbances are desired for both utilities and commercial customers. Existing automatic 

recognition methods need improvement in terms of their capability, reliability, and 

accuracy. This chapter presents the theoretical foundation of a new method for 

classifying voltage and current waveform events that are related to a variety of PQ 

problems. The method is composed of two sequential processes: feature extraction and 

feature classification. The proposed feature extraction tool, time-frequency ambiguity 

plane with kernel techniques, is new to the power engineering field. The essence of the 

feature extraction is to project a PQ signal onto a low-dimension time-frequency 

representation (TFR), which is deliberately designed for maximizing the separability 

between classes. The technique of designing an optimized TFR from time-frequency 

ambiguity plane is for the first time applied to the PQ classification problem. A distinct 

TFR is designed for each class. The classifiers include a Heaviside-function linear 

classifier and neural networks with feedforward structures. The flexibility of this method 

allows classification of a very broad range of power quality events. The performance 

validation and hardware implementation of the proposed method are presented in the next 

chapter. 

 

Chapter 
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3.1 Classification-Optimal TFR 

 

The solution for a pattern recognition problem usually includes two sequential processes: 

feature extraction and classification. For waveform recognition problems, given a time 

series, features are often extracted from certain form of time-frequency representation. To 

gain more understanding of a given signal, it is often advantageous to study the signal in 

a different time-frequency representation, based on a different weighting function. From 

a mathematical point of view, there is an infinite number of ways this can be done. In 

other words, there is an infinite number of possible TFRs corresponding to a signal [50].  

Five classes of typical PQ disturbances are shown in Figure 3.1, which include 

harmonics, voltage sags, normal voltage variations, capacitor high frequency switching, 

and capacitor low frequency switching. For example, for the high-frequency capacitor 

switching signal in Figure 3.1(d), two TFRs, spectrogram and Rihaczek TFR, are shown 

in Figure 3.2(a) and Figure 3.2(b), respectively. Although the high frequency components 

due to the switching event around 43 ms can be roughly located on both TFRs, the 

matrices corresponding to these two TFRs show significantly different patterns. This is 

caused by their different underlying weighting functions. In real applications, one TFR 

may show its advantages over certain applications, but expose its disadvantages over 

other applications.  

To achieve good classification results, features need to be selected from a TFR that is 

optimal for the classification task. The spectrogram is often used for this purpose. 

However, a spectrogram is defined to accurately describe the component frequencies of a 

signal over the time, while the classification problem requires a TFR that maximizes the 

separability of signals in different classes. Therefore, it is desirable to design a 

classification-optimal representation TFRi that specifically emphasizes the differences 

between classes [51,52]. It is not necessary for the representation TFRi to accurately 

describe the component frequencies of a signal over the time. Features for the classifier 

can thus be generated by mapping signals to the representation TFRi, as illustrated in 

Figure 3.3. The question here becomes how to find this TFRi.  
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Figure 3.1. Five classes of PQ signals for classification. (a) harmonics; (b) voltage sag; 
(c) normal voltage variations; (d) capacitor high frequency switching; (e) capacitor low 
frequency switching. 
 

 

Time-frequency ambiguity plane has been an important tool in the radar field, in 

analyzing and constructing radar signals, formulating the performance characteristics of a 

waveform, and relating range and velocity resolution [53]. It has also been used 

extensively in the fields of sonar, radio astronomy, communications, and optics [54]. 

Gillespie and Atlas have recently proposed feature extraction methods based on 

designing class-dependent TFRs from time-frequency ambiguity plane. This class of new 

techniques has been successfully applied for tool-wear monitoring and radar transmitter 

identification [52,55,56].  

The important connection between the ambiguity plane and time-frequency 

representations has been recognized for a long time. Any bilinear (Cohen class) TFR P(t, 

f) can be expressed as the two-dimensional Fourier transform of the product of the 

ambiguity plane A(η,τ) of the signal and a kernel function φ(η,τ) [50]:  
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where t represents time, f represents frequency, η represents continuous frequency shift, 

and τ represents continuous time lag. The ambiguity plane A(η,τ) for a given signal s(t) is 

defined as:  
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(a) The log scale spectrogram of the PQ signal in Figure 3.1(d). 

 

 
(b) The Rihaczek TFR of the PQ signal in Figure 3.1(d). 

Figure 3.2. A capacitor switching events and its two TFRs. 
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Here s(t) represents the signal at time t, and s(t+τ) represents the signal at a future time 

t+τ, and the s*(t+τ) means the complex conjugate of s(t+τ). 

The ambiguity plane is utilized in TFR design because of its desirable properties for 

classification. It can be interpreted as a joint time-frequency correlation function. Each 

location in this plane contains global time-frequency information about the signal. When 

evaluated along two axes, i.e. η=0 and τ=0, it simplifies to either the time-domain or the 

frequency domain correlation function. If only the locations on the axis η=0 are 

considered and other locations are ignored, then the designed TFR only contains steady-

state frequency information and all temporal information is smoothed. If only the 

locations on the axis τ=0 are considered and other locations are ignored, then the 

designed TFR only contains temporal information and all spectral information is 

smoothed. Locations not on either axis correspond to a sloped representation of temporal 

and spectral information. Using the appropriate combination of weighted points, any TFR 

can be generated [52,54]. 
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Figure 3.3. Extract features by mapping signals to the classification-optimized 

representation TFRi. 
 

The infinite number of possible quadratic TFRs for a signal results from the infinite 

number of possible choices for the kernel. The kernel determines the representations and 

its properties. A kernel function is a generating function that operates upon the signal to 

produce the TFR. The characteristic function for each TFR P(t, f) is A(η,τ)φ(η,τ). In other 

words, given a signal, a TFR can be uniquely mapped from a kernel.  
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The relationships above provide two important implications. First, just like any other 

TFR, the classification-optimal representation TFRi can also be obtained through 

smoothing the ambiguity plane with an appropriate kernel φi, which is a classification-

optimal kernel. The problem of designing the TFRi becomes equivalent to designing the 

classification-optimal kernel φi(η,τ). Second, because of the characteristic (uniquely 

mapping) relationship between a TFR P(t, f) and a kernel-smoothed ambiguity plane 

A(η,τ)φi(η,τ), features can also extracted directly from the A(η,τ)φi(η,τ), instead of the 

classification-optimal TFRi. This shortcut simplifies the computation complexity, by 

reducing the calculations described in equation 3.6.  

3.2 Fisher’s Discriminant Function 

 

Fisher’s discriminant function (FDF), which was developed by R. A. Fisher in 1930s, is a 

method that projects high-dimensional data onto low-dimensional space for classification. 

The projection maximizes the distances between the means of the different classes while 

minimizing the variances within each class. The following equation defines the Fisher’s 

discriminant function:  
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where m represents a mean, D2 represents a variance, and the subscripts denote the two 

classes. The Fisher’s criterion defines that the best ω’s are the ones that maximize JF(ω). 

The criterion is also known as signal-to-interface ratio.  

In this dissertation, with the dimension reduction capability, the Fisher’s 

discriminant function is adopted for the design of the classification-optimal kernel 

functions.  

3.3 Classification Algorithm and Training Techniques 

 

In this study, all 860 real world voltage signals from five event classes were collected 

from industrial databases for the training and testing of the algorithm. Each voltage signal 
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to be identified consists of five cycles of voltage waveform sampled 128 times per cycle, 

and has a length of 640 sampling points. A window size of 83.3 ms (five sinusoidal 

waveform cycles in a 60 Hz system) is adopted because of the following two reasons. 

First, a five-cycle window is long enough for capturing the characteristics of all types of 

PQ events under our study. Second, a five-cycle window is short enough for generating 

real-time monitoring outputs. This window size is used in this project for demonstrate the 

algorithm, and can be adjusted appropriately upon specific applications. For example, 

when this method is dedicated for discriminating different types of high frequency power 

system transients, the window size can be reduced to a fraction of a cycle.   

 

Fisher’s Discriminant
       Function

(Sig)i (AP)i

(Sig)i+1 (AP)i+1

(Sig)n (AP)n

Kernel i

 
Figure 3.4. Kernel design. 

 

The classification algorithm is composed of two parts: the training algorithm and the 

implementation algorithm. In the training stage, four classification-optimal kernels are 

designed for separating four classes sequentially. The kernel design process selects nine 

locations from the time-frequency ambiguity plane. In the training stage, four different 

classifiers (linear or neural net classifier) are optimally selected and trained. In the 

implementation stage, nine feature points are generated directly from the signal and sent 

to four different classifiers.  

3.4 Design of Classification Kernels 

 

According to the Fisher’s discriminant function, four classification-optimal kernels are 
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designed for four classes: harmonics, voltage sags, normal variations, and capacitor high-

frequency switching, respectively.  

The discrete versions of equations 3.6 and (3.2) are [52],  
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where the function F ( ) represents the Fourier transform, the function -1F ( ) represents 

the inverse Fourier transform, n represents sample, k represents discrete frequency, η 

represents discrete frequency shift, and τ represents discrete time lag. The instantaneous 

autocorrelation function R[n, τ]is defined as,  
 

 *[ , ] [ ] [mod( , )]R n x n x n Nτ τ= +   (3.5) 
 

where the function mod(p1,p2) represents modulus after dividing the first parameter p1 by 

the second parameter p2. As stated in Section III-B, features can be extracted directly 

from A[η,τ]φi[η,τ]. The kernel φi[η,τ] has the same dimensions as the ambiguity plane 

A[η,τ]. In this application, the kernel φi[η,τ] is defined as a binary matrix (each matrix 

element is either 0 or 1), so,  
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Feature points are ambiguity plane points of locations (η,τ) where φi[η,τ]. Therefore, the 

process of feature extraction is to select points that are optimal for the classification task 

from the ambiguity plane.  

A total number of N-1 kernels need to be designed for an N-class PQ classification 

system (N is the number of classes, here N=5). A kernel Ks works as either a single-class 

separator or a group-class separator. In the single-class separator case, kernel Ki is 

dedicated to discriminate class i from all remaining classes {i+1, …, N}. In the group-

class separator case, kernel Ki is dedicated to discriminate a class group {i, i+1, …, i+m} 

from all remaining classes {i+m+1, i+m+2, …, N}. In the second case, additional 

kernels are needed in order to uniquely identify class i from the class group {i, i+1, …, 

i+m}, and the total number of kernels required for a N-class classification is still N-1.  

In the algorithm presented in this proposal, four kernels designed include: harmonic 



 

 

49

kernel, sag kernel, capacitor switching kernel, and capacitor high-frequency switching 

kernel. The harmonics kernel is to separate the class harmonics from all remaining 

classes {sag, capacitor high-frequency switching, capacitor low-frequency switching, 

normal variations}. The sag kernel is to separate the class sag from all remaining classes 

{capacitor high-frequency switching, capacitor low-frequency switching, normal 

variations}. The capacitor switching kernel is to separate the class group {capacitor 

high-frequency switching, capacitor low-frequency switching} from the remaining class 

normal variations. The capacitor high-frequency switching kernel is separate the class 

capacitor high-frequency switching from the remaining class capacitor low-frequency 

switching. 

As shown in Figure 3.4, after calculating ambiguity planes for all training signals, 

the Fisher’s discriminant function is applied for the kernel design. Assume there are n 

classes and totally Ni training examples for class i. The notation Aij[η,τ] represents the 

ambiguity plane of the jth training example in the ith class. 

With the Fisher’s criteria, locations on the ambiguity plane are ranked according to 

their importance for this classification task. A small amount of training data from each 

class is needed for this statistical method for feature ranking. For example, when 

designing kernel i, a Fisher’s discriminant score is calculated for each location (η,τ) on 

the ambiguity plane,  
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where mi[η,τ] and mi-remain[η,τ] represent two means of location (η,τ),  
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and Di
2[η,τ] and Di-remain

2[η,τ] represent two variances of location (η,τ),  
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Locations [η,τ] that receive the highest discriminant score JFi(η,τ) are selected as feature 

locations. The factor of correlation is also considered. In this case, only one point is 

selected as a feature among a group of points that are highly correlated. Because the 

ambiguity plane of a signal is symmetric according to two dimensions, only points from a 

quarter plane are considered. 

Specifically, one feature point is selected for the harmonic kernel, two for sag kernel, 

three for normal variation kernel, and three for the capacitor high-frequency switching 

kernel. Therefore, only nine points on the ambiguity plane need to be calculated and sent 

to classifiers. The feature extraction process reduces the dimension with a ratio of 80 

(from 640 to 8). The number of feature locations needed for each kernel is optimized by 

training experiments. 

3.5 Training of Classifiers 

 

Multiple classifiers are adopted in the presented method. As shown in Figure 3.5, each 

classification node consists of a kernel function and a classifier. Depending on the nature 

of the kernel, classification node i is to either discriminate signals that belong to class i 

from signals that belong to class {i+1, …, n}, as shown in Figure 3.5(a), or discriminate 

signals in class {i, …, i+m} from signals in class {i+m+1, …, n}, as shown in Figure 

3.5(b). 

Four classifiers are employed in this classification application for five types of PQ 

events. They are a Heaviside linear classifier (for the class of harmonics) and three 

feedforward neural network classifiers (for the other three classes) with simple structures. 
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The Heaviside linear classifier is chosen for discriminating harmonics class from all other 

classes, because the distance between the harmonics class and all other classes is 

relatively big and the classification task is relatively simple.  

For a two-class classification problem and an input f, the Heaviside linear classifier 

is defined as,  

                              
1 ( 1), 0

( )
0 ( 2), 0

f belongs toclass if f t
H f t

f belongs toclass if f t
 − ≥− = − <

  (3.12) 
 

where t is a real threshold value. Training this classifier is to determine the parameter t.   

 

                                                       1 min 2 max

2
f ft − −+=                                (3.13) 

 

where f1-min represents the minimum input from class 1 and f2-max represents the maximum 

input from class 2.  

Each of the three feedforward artificial neural network (ANN) classifiers adopted in 

this algorithm has three layers. Extensive classification experiments were conducted to 

determine the optimized neural network structures. The structure of the FNN for 

discriminating sags is 2-12-2 (input layer node number-hidden layer node number-output 

layer node number); the one for capacitor switching is 3-10-2; the one for capacitor high-

frequency switching is 3-10-2. The transfer and training functions adopted for the FNN 

include: the hyperbolic tangent sigmoid transfer function as the transfer function for the 

hidden layer, the linear transfer function as the transfer function for the output layer, the 

Levenberg-Marquardt backpropagation as the network training function, the gradient 

descent learning function as the weight learning function, and the mean squared error 

function as the performance evaluation function. 

3.6 Summary 

A new classification algorithm for power quality disturbances have been proposed and 

successfully tested. The proposed feature extraction tool, time-frequency ambiguity plane 

with kernel techniques, is entirely new to the power engineering field. By designing a 

classification-optimal TFR, features are directly selected from the time-frequency 

ambiguity plane based on the Fisher’s principle. Four linear and neural network 
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classifiers with simple structures are used for the final decision-making.  
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Figure 3.5. Classification node i. 
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4. PQ Event Classification Algorithm Using 

Optimized TFRs –Application 

 

A new PQ discriminant algorithm based on the optimized time-frequency representation 

(TFR) has been proposed in Chapter 3. The approach is composed of two stages: feature 

extraction and feature classification. The process of feature extraction is to project a PQ 

waveform onto a low-dimension time-frequency representation (TFR), which is 

deliberately designed for maximizing the separability between classes. To maximize the 

classification accuracy, a distinct TFR is designed to separate a class or class group from 

all other classes. Each separation procedure usually generates a binary decision, with an 

exception case when “other events” comes into play. The classifiers used include a 

Heaviside-function linear classifier and neural network classifiers with feedforward 

structures. 

This chapter presents an application and the performance evaluation of the proposed 

algorithm. In this case study, first, several optimized TFRs for the classification task are 

designed by training signals from all classes. The design of an optimized TFR is 

essentially the design of an optimized kernel function for smoothing the time-frequency 

ambiguity plane. Second, the parameters of classifiers are trained by the training signals 

from all classes. Third, testing PQ waveforms are supplied to the system and the 

classification performance of proposed system is evaluated.  

The proposed algorithm has been successfully tested with 860 real world power 

quality events that cover five classes: voltage sags, harmonics, high-frequency capacitor 

switching, low-frequency capacitor switching, and normal variations (normal noise). An 

average recognition rate of 98% was achieved. The scalability of this algorithm is 

discussed.  

Chapter 
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4.1 Optimal TFR design and Classifier Training 

4.1.1 TFR Design 
 
A small group of PQ waveform events covering all five classes are used for TFR design 

and classifier training. This group is composed of 50 signals from each individual class. 

Therefore, a total number of 250 real world voltage waveforms are utilized for the 

training purposes. 

In this algorithm, a task for classifying N signal classes requires N-1 kernels 

corresponding to N-1 optimized TFRs. Because five classes are under consideration in 

this application, four different kernels are designed: harmonics kernel, sag kernel, 

capacitor switching kernel, and capacitor high-frequency switching kernel. The 

harmonics kernel is to separate the class harmonics from all remaining classes {sag, 

capacitor high-frequency switching, capacitor low-frequency switching, normal 

variations}. The sag kernel is to separate the class sag from all remaining classes 

{capacitor high-frequency switching, capacitor low-frequency switching, normal 

variations}. The capacitor switching kernel is to separate the class group {capacitor 

high-frequency switching, capacitor low-frequency switching} from the remaining class 

normal variations. The capacitor high-frequency switching kernel is separate the class 

capacitor high-frequency switching from the remaining class capacitor low-frequency 

switching. Figure 4.10 shows how each kernel is utilized in the classification process.  

The kernel design follows the procedures explained in Chapter 3. Here Table 4.1 and 

Table 4.4 show the detailed process for designing four different kernels. The number of 

feature points required for each kernel is searched by theoretic analysis and extensive 

classification experiments. Two criteria are used for determining the number of feature 

points for each kernel: first, the computation complexity needs to be as low as possible; 

second, the generated features need to produce good classification performance. The 

number of feature points needed for each kernel is searched from low to high, starting 

from 1. The optimal numbers of feature points for each individual kernel have been 

found: one for the harmonics kernel; two for the voltage sag kernel; three for the 

capacitor switching kernel; and three for the capacitor high-frequency switching kernel. 

Therefore, nine feature locations are selected for these four kernels. 
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In Table 4.1 to Table 4.4, the column “Location” means the coordinate (η,τ) on the 

time-frequency ambiguity plane, where η represents discrete frequency shift, and τ 

represents discrete time lag. To design the kernel i, all 640×640 locations on the 

ambiguity plane are ranked based on their Fisher’s discriminant scores, whose calculation 

method is in the previous chapter. The correlations of locations on the ambiguity plane 

are also taken into consideration in the feature selection process. Because the moduli of 

the points on the ambiguity plane are symmetric according to both horizontal and vertical 

axis of the plane, usually a group of four locations has the same Fisher’s discriminant 

score. Only one among these four locations is selected as a feature location. 

The results of the feature selection are shown in Table 4.5. Among the nine feature 

points chosen, one is for the harmonics kernel, two for the sag kernel, three for the 

capacitor switching kernel, and the other three for the capacitor fast switching kernel. 

Figure 4.1 shows the visualization of how these points distributed on the time-frequency 

ambiguity plane. With this result, the feature extraction process is to map a 640-point 

waveform V to a nine-point feature vector F =  {f1, …, f9}. 

Figure 4.2 to Figure 4.5 provide a general view of the average feature vectors for 

each class. Every figure corresponds to a kernel and therefore a sub-vector {fi, …, fj} of 

the feature vector F. If “within-class average” is defined to be an average quantity 

calculated among all the signals in an individual class, then Figure 4.2 shows the within-

class average values of the first feature element {f1}, associated with the harmonics 

kernel. A separation can be found between the average features from harmonics and all 

non-harmonics. Similarly, Figure 4.3 shows the within-class average values of the second 

and third feature elements {f2, f3}, associated with the sag kernel. A separation can be 

found between the average features from sag and remaining non-sag classes {normal 

variation, capacitor fast switching, capacitor slow switching}. Figure 4.4 shows the 

within-class average values of the sub-feature-vector {f4, f5, f6}, associated with the 

capacitor switching kernel. A separation can be found between the average features from 

the capacitor switching class group and remaining non-cap-switch class {normal 

variation}. Figure 4.5 shows the within-class average values of the sub-feature-vector {f7, 

f8, f9}, associated with the capacitor fast switching kernel. A separation can be found 
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between the average features from the capacitor fast switching class and capacitor fast 

switching class. 
 

Table 4.1. Harmonics kernel feature ranking. 
 

Location JF1 value Selected as feature location? 
(21, 31) 32.9499 Y 
(21, 611) 32.9499 N, symmetric with (21, 31) 
(621, 611) 32.9499 N, symmetric with (21, 31) 
(621, 31) 32.9499 N, symmetric with (21, 31) 

All other locations < 32.9499 N 
 

 
Table 4.2. Voltage sag kernel feature ranking. 

 

Location JF2 value Selected as feature location? 
(257, 2) 5.0649 Y 

(257, 640) 5.0649 N, symmetric with (257, 2) 
(385, 2) 5.0649 N, symmetric with (257, 2) 

(385, 640) 5.0649 N, symmetric with (257, 2) 
(258, 2) 4.9953 Y 

(258, 640) 4.9953 N, symmetric with (258, 2) 
(384, 2) 4.9953 N, symmetric with (258, 2) 

(384, 640) 4.9953 N, symmetric with (258, 2) 
All other locations < 4.9953 N 

 
Table 4.3. Capacitor switching kernel feature ranking.  

 

Location JF3 value Selected as feature 
location? 

(5, 87) 2.3504 Y 
(5, 555) 2.3504 N, symmetric with (5, 87) 
(637, 87) 2.3504 N, symmetric with (5, 87) 

(637, 555) 2.3504 N, symmetric with (5, 87) 
(5, 88) 2.3286 Y 

(5, 554) 2.3286 N, symmetric with (5, 88) 
(637, 88) 2.3286 N, symmetric with (5, 88) 

(637, 554) 2.3286 N, symmetric with (5, 88) 
(5, 94) 2.2917 Y 

(5, 548) 2.2917 N, symmetric with (5, 94) 
(637, 94) 2.2917 N, symmetric with (5, 94) 

(637, 548) 2.2917 N, symmetric with (5, 94) 
All other locations < 2.2917 N 
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In Figure 4.2 to Figure 4.5, the y-axis feature value variations are in different scales. 

All of the feature vectors from these kernels will be normalized linearly to the range of [-

1; 1] before they are passed to the classifiers. 

The classification-optimal TFRs corresponding to the four designed kernels are 

calculated from equation (3.4), and shown in Figure 4.7 to Figure 4.10. As emphasized in 

Chapter 3, because of the unique mapping relationship between a kernel-smoothed 

ambiguity plane and a TFR, a shortcut has been taken in the algorithm. Therefore, the 

kernel-smoothed ambiguity plane, instead of the TFR is actually used in the algorithm. 

The designed TFRs are still shown here because the underlying philosophy of the 

proposed method is to design TFRs that is optimized for classification.  

There are two TFRs in each figure (Figure 4.6 to Figure 4.9) the average 

classification-optimal representation TFRi of current class i, and the average TFRi of all 

remaining classes. Each of the designed TFRs is the result of a global smoothing process. 

With an explicit goal of classification, the accurate time-frequency structure of a signal is 

globally smoothed and becomes obscured because of cross-terms. 

Unlike the cases with a wavelet or Fourier spectrum, the starting time of a transient 

event can not be identified from the designed TFRs. However, the distances between 

classes are emphasized and the high classification performance is guaranteed. In Figure 

4.6 to Figure 4.9, each figure shows two TFRs that have a similar pattern but dramatically 

different energy contents, because they correspond to the same kernel function but 

different feature values. According to the darkness of the TFR visualization, different 

classes show different levels of global energy contents: harmonics > voltage sags > 

capacitor fast switching > capacitor slow switching > normal variations. Considering 

that the common 60 Hz components have been removed in the smoothing process, this 

sequence matches well with our expected energy contents of different classes. However, 

uniform smoothing solely based on energy content of the spectrum is not enough and 

leads to classification mistakes. Our smoothing procedures also take into consideration 

time correlations of different frequency-domain peaks by an auto-correlation step. This is 

the reason why the capacitor switching TFR in Figure 4.8 and the voltage sag TFR in 

Figure 4.7 show non-uniform patterns. However, it is difficult to provide further 

interpretation of these different patterns, because good separation between classes instead 
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of accurate representation of a signal is the goal of the TFR design process. The true 

time-frequency structure has been smoothed across the whole TFR. The TFRs designed 

in this dissertation are quadratic TFRs. Because of cross-terms, the visual interpretation 

has been widely recognized as a constraint of quadratic TFRs, although they generally 

have better time-frequency resolutions than linear TFRs (e.g., WT, STFT, etc.). 

 

Table 4.4. Capacitor high-frequency switching kernel feature ranking 
 

Location JF4 value Selected as feature location? 
(76, 293) 2.6919 Y 
(76, 349) 2.6919 N, symmetric with (76, 293) 
(566, 293) 2.6919 N, symmetric with (76, 293) 
(566, 349) 2.6919 N, symmetric with (76, 293) 
(3, 177) 2.6910 Y 
(3, 465) 2.6910 N, symmetric with (3, 177) 

(639, 177) 2.6910 N, symmetric with (3, 177) 
(639, 465) 2.6910 N, symmetric with (3, 177) 
(6, 293) 2.6595 Y 
(6, 349) 2.6595 N, symmetric with (6, 293) 

(636, 293) 2.6595 N, symmetric with (6, 293) 
(636, 349) 2.6595 N, symmetric with (6, 293) 
All other 
locations < 2.6595 N 

 
 

Table 4.5. Four designed classification kernels. 
 

Number Corresponding class Coordinates of kernel points 
1 Harmonics {(21,31)} 
2 Voltage sags {(257,2), (258,2)} 
3 Capacitor switching {(5,87), (5,88), (5,94)} 

4 Capacitor high-
frequency switching {(76,293), (3,177), (6,293)} 
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harmonics (1 point) sags (2 points)

capacitor switching (3 points)

capacitor high-frequency
switching (3 points)

 
 

Figure 4.1. All nine feature points on a quarter of the ambiguity plane. 
 

 
 

Figure 4.2. Separate the harmonics class from all rest classes using one feature point. 

 
 

Figure 4.3. Separate the sags class from all rest classes with two feature points. 
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Figure 4.4. Separate the capacitor switching class group from the remaining normal 
variation class using three feature points. 

 

 
 

 
Figure 4.5. Separate the capacitor high-frequency switching class from the capacitor 
low-frequency switching class with three feature points. 
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(a) The harmonic class. 

 
(b) The remaining non-harmonic classes. 

Figure 4.6. The average TFRi for the harmonics class and the remaining non-harmonics 

classes. (This TFR corresponds to harmonic kernel.) 
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(a) The sag class. 

 
b) The remaining non-sag classes.  

Figure 4.7. The average TFRi for the sag class and the remaining non-sag classes. (This 

TFR corresponds to the sag kernel.) 
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(a) The capacitor switching class group. 

 
(b) The remaining normal variation class.  

Figure 4.8. The average TFRi for the capacitor switching class group and the remaining 

normal variation class. (This TFR corresponds to the capacitor switching kernel.) 
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(a) The capacitor high-frequency switching class. 

 
(b) The remaining capacitor low-frequency switching class. 

Figure 4.9. The average TFRi for the capacitor high frequency switching class and the  

capacitor low-frequency switching class. (This TFR corresponds to the capacitor high-

frequency switching kernel.) 

 

4.1.2 Classifier Training 
 

Four classifiers are used in this algorithm to transform the extracted information in the 

feature vectors into binary decisions. In Figure 4.2 through Figure 4.5 the average feature 

vectors show desired patterns. However, this only verifies the feature extraction process 

in general. It does not necessarily mean that simple linear classifiers are sufficient for the 

classification task. In fact, except for the case of separating harmonics, there are 

crossovers between individual feature vectors from different classes and linear separation 
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rules (linear surfaces) do not exist. Therefore, artificial neural network (ANN) classifier, 

an inherently non-linear classifier, is employed as the major classifier. The training of 

ANN is essentially the process of finding the hidden pattern rules (non-linear separation 

surfaces) based on given examples.  

The four classifiers used in this dissertation include a Heaviside linear classifier and 

three ANN classifiers with three-layer feedforward structures. The neuron numbers for 

the three ANNs are 2-12-2 (input-hidden-output), 3-10-2, and 3-10-2, respectively. The 

training and testing methods for the four classifiers adopted in this algorithm are detailed 

in Chapter 3. Traditional transfer and training functions are adopted. The inputs to the 

ANN are the normalized feature values and the output of the ANN is the binary decision 

made. The target vectors [-0.8 0.8] and [0.8 –0.8] are used for the two decision patterns in 

the output layer.  

The training process is conducted with 50 waveforms from each class. The threshold 

value for the linear classifier and the weight/bias matrices for the ANN classifiers are 

obtained from the training.  

 

4.2 Waveform Processing Algorithm 

 

As shown in Figure 4.10, after the kernel design and classifier training are completed, the 

implementation algorithm becomes straightforward. Note that in the example application 

presented in this dissertation, only five classes are considered. The way this algorithm 

handles other events, i.e., the dash line box in Figure 4.10, will be discussed later in this 

chapter, when the scalability of this method is analyzed.  
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Figure 4.10. The proposed PQ classification algorithm (implementation phase). 
 

For a 640-point input signal, nine feature points are calculated, using equations (3.5) 

and 3.6. These nine real values are then sequentially sent to four different linear and 

ANN classifiers for making the final classification decision. 
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4.3 Experimental Results 

 

The proposed classification algorithm has been successfully tested with real world power 

quality data. The signal window used is five cycles, and the sampling rate is 128 points 

per cycle. The number of required training signals is determined by multiple training and 

testing experiments. In this application, 50 training PQ events per class are used for both 

the kernel design and classifier training. It is a reasonably low requirement on training 

data. The 250-waveform training data set is much smaller than the 524-waveform one in 

[14,14] and comparable to the 160-waveform one (only for classifying four types of 

even) in [7]. Generally, to incorporate successfully this classification method into a new 

power system, about 50 signals from each class need to be acquired in advance.  

The 860 testing events, including the training events, are 200 harmonic events, 144 

voltage sag events, 138 capacitor high-frequency switching events, 180 capacitor low-

frequency switching events, and 194 normal variations. This is data set of comparable 

size to other recent publications in this area (675 testing waveforms in [14], and 507 

testing waveforms in [7].).  

This method shows better results than previous work [57], which uses a single 

kernel, instead of N-1 kernels, for a 6-class PQ event classification. Better performance of 

multiple kernel approach is not consistent with [52]. Therefore, both single-kernel and 

multiple-kernel techniques have advantages and disadvantages. The multiple-kernel 

method requires more efforts in kernel design than the single-kernel method, but leaves 

less work to classifiers. The performance of these two methods is application dependent. 

A detailed step-by-step results are listed in Table 4.6, and the final results for the 

testing experiment are listed in Table 4.7. An average recognition rate of 98.0% is 

achieved on the tested 860 power quality events.  

The overall recognition rate on real world PQ data is higher than the results reported 

in [14] (waveform number: 675, recognition rate: 94.8%), [7] (waveform number: 507, 

recognition rate: 95.6%), and [10] (recognition rate: 89%). There are no post-processing 

procedures in the algorithm, which reduces the computation time and makes real-time 

monitoring possible. However, it is hard to judge the performance of different 

classification algorithms without testing these algorithms with the same set of testing 
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data. There is a great need of creating a standard testing data set for power quality events 

classification, so that different algorithms can be appropriately evaluated. This issue will 

be addressed in detail in a later chapter. 

 

Table 4.6. Detailed step-by-step results. 
  

Signals in the current class Signals in remaining classes Kernels applied 
Testing 
events 

Recognized 
events 

Recognition 
rate 

Testing 
events 

Recognized 
events 

Recognition 
rate 

1. harmonics 200 200 100% 660 660 100% 
2. sags 144 144 100% 516 515 99.8% 
3. capacitor 
switching 

198 194 98.0% 318 311 97.8% 

4. capacitor high-
frequency switching 

138 133 96.4% 180 172 95.6% 

 
 

Table 4.7. Classification experiment results with real world power quality data. 
 

Classes Testing events Recognized events Recognition rate 

1. harmonics 200 200 100% 

2. voltage sags 144 144 100% 

3. capacitor low-frequency 

switching 

180 172 96.1% 

4. capacitor high-frequency 

switching 

138 133 96.4% 

5. normal voltage variations 198 194 98.0% 

Total 860 843 98.0% 
 

 

4.4 Scalability of the Algorithm 

 

In real power systems, the power quality related events are more diverse than the five 

types covered in this application. This application should be considered more as a proof-

of-concept case study than a ready-to-deploy system. Therefore, it is important to analyze 

the extensibility of the proposed algorithm.  

In general, this algorithm can be conveniently modified in order to address larger 

scale PQ event classification problems. Depending on specific applications, different 
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extended classification capabilities may be desired. Two scenarios are considered in the 

following discussions. In the first case (shown as “case 1” in Figure 4.10), assume that 

the goal is to classify all other events that do not belong to the five types in this 

dissertation as “unrecognized other events”. To realize this, a third output can be added to 

the classifier at the lowest branch of the classification hierarchy, by slightly changing the 

ANN structure. In the second case (shown as “case 2” in Figure 4.10), assume that the 

goal is to classify m types of PQ events, where m>5. Only one additional kernel needs to 

be designed and added for every additional class. Given sufficient number of training 

signals, this can be easily implemented. The application in this dissertation also shows 

that each additional kernel usually only requires to select a very small constant number 

(this number is 1, 2, or 3 in this case study) of additional feature locations from the time-

frequency ambiguity plane. The computation complexity grows linearly with the increase 

of event class number, and the real-time computing capability is retained. 

4.5 Summary 

 

The proposed algorithm implements a novel feature extraction scheme in power 

engineering applications. By designing classification-optimal TFR, features are directly 

selected from the time-frequency ambiguity plane based on the Fisher’s principle. Four 

linear and neural network classifiers with simple structures are used for the final 

decision-making. In a five-class experiment, the presented method correctly classified 

98% of 860 real world power quality events. This novel combination of methods shows 

promise for future development of fully automated monitoring systems with classification 

ability. Power system monitoring becomes more powerful by including the ability of 

classifying PQ disturbance signals automatically.  

The crisp classification strategy presented in this proposal has limitation in the cases 

that multiple types of PQ disturbances happen simultaneously in a power system. Based 

on the same feature extraction scheme, a fuzzy classification approach, which can 

provide more accurate and comprehensive information, is under our studies.   

Besides the phenomena based classification, potential future work could be on the 

development of a root-cause based classification system. The system will not only 
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accurately discriminate the type of an event (e.g., voltage sag), but also diagnose possible 

causes of an event (e.g., motor starting and power system faults).  
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5. DSP-based Hardware System for Real-time 

Monitoring 

 

Timely system-level remedy solutions to PQ problems often require real-time automatic 

identifications of the problem phenomena and causes, based on the monitored voltage 

and current waveforms. Existing PQ monitoring equipment has limitations not only in 

terms of event identification capacities, but also real-time operations.  

Programmable digital signal processors (DSPs) often function as embedded real-time 

computing processors in special-purpose hardware. The chapter presents the 

implementation of the proposed algorithm with a digital signal processor (DSP) based 

hardware system. The embedded software running on this evaluation prototype was 

optimized according to the DSP architecture to meet the hard real-time constraints. The 

DSP-based system is capable of processing a five-cycle (83.3 ms) power quality 

waveform within 11.2 ms. This hardware solution verifies the feasibility of building a 

robust and real-time PQ monitoring device using the presented new method.  

This type of monitoring hardware has the potential of being widely used for incipient 

fault related power system protection, portable troubleshooting, and PQ assessment on 

both utility side and customer side. 

 

5.1 Hardware Architecture Design 

 

A global block diagram for the monitoring system is shown in Figure 5.1. The 

voltage/current signal from power systems is first stepped down by PTs or CTs to a level 

that the analog to digital converter module can take. The algorithm is implemented with a 

Texas Instruments (TI) TMS320VC5416 digital signal processor (DSP) with the TI 

Chapter 
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THS1206 12-bit 6 MSPS analog to digital converter. A TI TMS320VC5416 DSP Starter 

Kit (DSK) is used as the host board with the THS1206 mounted on a daughter card.  

 

Potential/current
transformers

THS1206 12-bit
ADC daugher

card

TMS320VC5416
160MHz DSP

TMS320VC5416 DSK

External memory
interface

External peripheral
interface

Host port interfaceUSB port interface

80 bits

PC workstation Other decision
modules

On-board IO
interface

Voltage/current
signals under

monitoring

Function generator

80 bits80 bits

80 bits

 
 

Figure 5.1. The top-level block diagram for the PQ monitor hardware design. 
 

In deployment mode, the input signal is passed through a potential transformer and 

then fed to the A/D converter. In the testing mode, the input signal is fed either from a 

function generator or from a PC station via a USB port. While the response time of the 

system is measured with the input waveform from a function generator, the correctness of 

the algorithm implementation is verified with the input from a PC station via a USB port. 

The TMS302VC5416 is a fixed-point DSP processor with 128 KB of on-chip 

memory and a 160 MHz clock speed, which can perform 160 MIPS (million instructions 

per second). This processor has a 17x17 parallel multiply accumulator unit which allows 
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single cycle multiply accumulate operations. While floating point multipliers on other 

processors may allow direct multiplication of floating point values, this DSP processor 

executes single clock cycle integer multiplications. Use of integer operations is therefore 

encouraged for optimum performance. 

The outputs from the DSP, which include the type of the disturbance, possible 

causes, and parameters to characterize the event, will be sent to multiple other modules 

for system decision-making, depending on the application. 

Figure 5.3 shows a block diagram of the TMS320VC5416 DSP Starter Kit (DSK) 

used in this project. This DSK is a is a low-cost development platform designed to speed 

the development of power-efficient applications based on TI's TMS320C54x DSPs. 

Figure 5.4 shows the functional block diagram of the A/D daughter board 

THS1206EVM.  

5.2 Optimization for Real-Time Computing 

 
Significant optimization efforts have been taken when programming the DSP in order to 

reduce the algorithm computation time.  

5.2.1 Reduction of the Quantities to Calculate 
  

The results of kernel and classifier training show that only nine kernel points from seven 

columns of ambiguity plane are needed for implementing the classification process. 

According to the algorithm, it is enough to calculate only seven kernel-related columns 

from the matrix R[n,τ] and nine kernel points from the matrix A[η,τ].  

If the process window size is N, the computation cost for calculating the entire 

autocorrelation matrix R[n,τ] is O(N2) multiplications, and the cost for calculating the 

entire ambiguity plane matrix A[η,τ] is O(N3) multiplications and O(N3) additions. After 

reducing the number of quantities to be calculated as stated in the previous paragraph, the 

worst-case computation cost for the autocorrelation step is reduced to O(N) 

multiplications, and the worst-case cost for the ambiguity plane step is reduced to O(N) 

multiplications and O(N) additions. Since N is equal to 640 in this application, the 

optimization approximately reduces the computation time 640 times in the 
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autocorrelation step and 640×640=409,600 times in the ambiguity plane step. 

5.2.2 Use of the Fixed-Point Integer Multiplication Whenever 

Possible 

 

Due to the 16-bit fixed-point nature of the processor used, optimization is necessary to 

ensure floating-point operations are avoided. The ADC conveniently produces integer 

values ranging from -2047 to 2047 to allow a smooth transition into the algorithm 

execution without conversion. While these values could be stored as 16-bit integers, the 

subsequent steps require the use of long (32-bit) integers. The discrete Fourier transform 

(DFT) requires multiply accumulations which would easily exceed 32-bits quite quickly. 

As shown in Figure 5.2, the long integer values are broken into seven bit integers to allow 

for use of the single cycle multiply-accumulate (MAC) function. Each accumulation 

represents a portion of the final summation after being multiplied by 27 and is then 

normalized for storage into a floating-point value. For each DFT operation, this 

normalization and addition step would occur once for the real part and once for the 

imaginary part. This all-integer optimization cuts the algorithm execution time in half, 

although a small precision loss is introduced. 

 

A (16 bit) B (16 bit)*

A0 (7 bit) *A1 (7 bit)A2 (7 bit) B0 (7 bit)B1 (7 bit)B2 (7 bit)

A0B0+A1B0*27+A0B1*27+A1B1*214+ …
 

 

Figure 5.2. Take advantage of short-integer multiplication. 
 

 



 

 

75

5.2.3 Use Hard-Coded sin and cos Tables 
 

The discrete Fourier transform (DFT) is implemented with cos and sin functions instead 

of the exponential function, according to the Euler’s Equation. Due to the focus on 

accuracy in the standard C math header file, the sin and cos are quite costly in processor 

time. Because the on-chip memory had not been completely consumed by other 

operations of the algorithm, the use of a lookup table for these functions is chosen.  The 

values are stored as signed integers ranging from -32767 to 32767, which is adequate 

considering a 12-bit ADC is used. 
 

 
 

Figure 5.3. The block diagram of the TMS320VC5416 DSP Starter Kit (DSK). 
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Figure 5.4. The functional block diagram for ADC daughter board THS1206EVM. 

 

5.3 Experimental Results 

 

Reducing the computation time is the main purpose of employing DSP processors in the 

monitoring system. This section provides results for real-time monitoring capability of 

the presented hardware system.  

The classification process of an 83.33 ms window takes 11.2 ms, which satisfies the 

real-time constraints in most power quality monitoring tasks, which is measured when the 

A/D converter is running on the same board and interrupting 960 times per second. 

Within the 11.2 ms, 1.8 ms are used for the autocorrelation step, 8.7 ms for the DFT step, 

and 0.70 ms for classifier step, as shown in Table 5.1. Only 6% of the processing time is 

used for the classifier step, which shows that classifiers used in this dissertation do not 
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become a computation bottleneck. The total response time can be reduced further by 

running the A/D converter card on another board. 

With the same DSP system, the response time of this algorithm under different signal 

window sizes are estimated. Because only a constant number of columns are calculated in 

the autocorrelation step, the autocorrelation step takes O(N) time (N is the number of 

sampling points). Similarly, the DFT step also takes O(N) time, because only a constant 

number of DFT coefficients are needed. The same classifier step, which takes a constant 

time of 0.7 ms, is assumed. Figure 5.5 shows that an estimated time of 0.11 cycles is 

needed for processing a half-cycle waveform, 0.17 cycles for a one-cycle waveform, 0.29 

cycles for a two-cycle waveform, 0.42 cycles for a three-cycle waveform, 0.55 cycles for 

a four-cycle waveform, and 1.30 cycles for a ten-cycle waveform. This rough estimation 

implies various potential real-time applications of this method. 

5.4 Discussions 

 

As shown in Table 5.2, the overall recognition rates 98.0% (Matlab simulation) and 

96.5% (DSP hardware) are different. The Matlab simulations provide higher recognition 

rate, which shows better results can be potentially achieved on the DSP hardware with a 

higher resolution ADC.  

The total response time was minimized using a Direct Memory Access (DMA) 

controller to transfer the signal data to the processor independently. The result confirms 

the real-time capability for most PQ monitoring applications. However, based on the 

following analysis, the current version of the PQ sensor does not support power system 

protection applications. The classification process time, tAlgorithm, is 10.9 ms. The fixed 

window size is 83.33 ms. Assuming the time t when a power quality disturbance occurs is 

a uniform random variable, the average response time, tR, to a power quality disturbance 

is: 
 

 

DataSample
Algorithm cycles Algorithm

3

1
2

1 5
60 10.9 10 52.57 ms

2

R

R

t
t t n t

f

t −

= + = ⋅ +

×
= + × =
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Figure 5.5. The block diagram of the TMS320VC5416 DSP Starter Kit (DSK). 
 

 
Table 5.1. Classification experiment results with real world power quality data. 

 

Window size Processing time 
Cycle (#) Time (ms) Cycle (#) Time (ms) 

0.5 8.3 0.11 1.8 
1 16.7 0.17 2.8 
2 33.3 0.29 4.9 
3 50 0.42 7.0 
4 66.7 0.55 9.1 
5 83.3 0.67 11.2 

10 166.7 1.30 21.7 
 

 
Table 5.2. Experimental result differences between Matlab and DSP system. 

 

Classes Testing 
events 

Matlab 
Simulation  

DSP with 
14-bit 
ADC 

Harmonics 200 100% 100% 
Sags 144 100% 100% 
Capacitor low frequency switching 180 96.1% 93.3% 
Capacitor high frequency switching 138 96.4% 92.8% 
Normal variations 198 98.0% 96.5% 
Total 860 98.0% 96.5% 

 



 

 

79

While over 50 ms between the disturbance occurrence and response capability is not 

acceptable for protection applications, the primary objective of the current of the 

proposed PQ sensor is to look for problems when they are first emerging and are less 

harmful. By decreasing the input waveform window size, the algorithm can be adapted to 

satisfy the small latency requirement protection applications. 

 

5.5 Summary 

 
The proposed algorithm was implemented on a digital signal processor (DSP) based 

hardware system and optimized according to the architecture of the DSP to meet the hard 

real-time constraints. The real-time computing capability of the algorithm is verified. The 

DSP-based system is capable of processing a five-cycle (83.3 ms) power quality 

waveform within 11.2 ms. Results shown in this chapter shows great potential of building 

a new generation of high accuracy and high capability real-time PQ monitors by 

integrating the proposed method with modern DSP technologies. 
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6. Incipient Fault Prediction Algorithm Using 

Wavelets and Wiener Filters 

 

6.1 Introduction 

 
The term “incipient faults” refers to certain pre-fault “symptoms” or electrical activities 

taking place prior to a power system failure or blackout. Detection of these incipient 

activities in power systems can prevent expensive consequences of equipment failure and 

blackouts. In other words, two important things that would enable service providers to 

anticipate faults, allocate resources, and make repairs are to: 

• Monitor the system on its gradual path from healthy to deteriorated status; 

• Detect the causes of degradation. 
 

One of the most severe problems that threat power system reliability is trees touching 

power lines. On August 14th and August 15th 2003, an unprecedented power outage 

happened in the Northeast US and cascaded through eight U.S. states and part of Canada. 

Investigators have identified tree contacts in Ohio, which led to the failure of three 

transmission lines, as the root cause of this massive power outage [58]. This is not the 

first time that tree contacts have caused big reliability problems. The widespread west 

coast outage in August 1996 was also triggered by one tree that took out the entire grid 

[59]. In September 2003, a tree branch was tossed onto power lines by storms in 

Switzerland and started a chain reaction on the power grid, which eventually caused 

Italy’s worst power failure since World War II. Up to 90 percent of power outages result 

from problems in local power lines, and a quarter of those are caused by trees.  

Chapter 
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This chapter presents and evaluates a new approach for incipient fault detection and 

monitoring using wavelet-based multi-resolution signal decomposition and Wiener 

filtering of wavelet coefficients. This method can be potentially used for detecting 

incipient faults generated by tree contacts and lightning arrestor failures. At this stage, the 

goal of this algorithm is to separate all possible incipient fault events from common 

power quality related variations (e.g, sags, switching transients, harmonics), rather than 

classify different types of incipient fault events among themselves.  

 

6.1.1 Incipient Faults 
 
Many types of incipient faults, such as insulator tracking, tree contacts, cable failures, 

and arrester failure conditions, produce measurable electrical activities. Incipient fault 

condition often generates very low-level sporadic 10 to 100 mA current impulses in the 

frequency band from 2 to 10 kHz, which are not periodic in nature. The occurrence rate 

of these impulses is dependent on the remaining time to failure.  

Figure 6.1 illustrates a simulated phase current waveform three days prior to 

lightning arrestor failure. The incipient fault blip has such small magnitude that it is 

unnoticeable in the total current waveform. After subtracting the 60 Hz component and 

harmonic components, the blip becomes observable. Figure 6.2 shows a simulated current 

waveform one day prior to lightning arrestor failure. Figure 6.3 shows a simulated current 

waveform thirty minutes prior to lightning arrestor failure. The pattern of occurrence 

frequency changes along the time change. Incipient faults by tree contacts have similar 

behavior. When trees are low, there are rarely incipient blips due to tree contacts. As trees 

grow or weather condition changes, the occurrence of these blips will increase 

significantly. Based on the monitored pattern change, the maintenance schedule can be 

determined accordingly. 
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Figure 6.1. Simulated current waveform three days prior to lightning arrestor failure. 
(above: total current waveform; below: waveform after subtracting 60 Hz and 
harmonics).  
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Figure 6.2. Simulated current waveform one day prior to lightning arrestor failure. 
(above: total current waveform; below: waveform after subtracting 60 Hz and 
harmonics). 
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Figure 6.3. Simulated current waveform thirty minutes prior to lightning arrestor failure. 
(above: total current waveform; below: waveform after subtracting 60 Hz and 
harmonics).  
 

6.1.2 Detection Methods 
 

Traditional PQ monitoring systems are based on measuring fundamental 60 Hz and low 

order harmonic voltages and currents using a periodic snapshot of the waveform. In 

addition, events can be captured based on exceeding voltage threshold, and, in some rare 

cases, current threshold. However, this basic principle of most types of existing power 

quality monitors does not lend itself for capturing very low level sporadic current pulses 

that are often an indication of lightning arrester operation, insulator tracking, cable 

treeing fault, and arcing type fault as a result of tree limb coming in contact with power 

lines. Previous efforts using Fourier transform and wavelet transform improve the ability 

to detect current activities associated with incipient faults, but they are not yet sufficient 

for reliable operation of detection algorithms. Therefore, algorithms that can easily 

detect, classify, and discriminate incipient fault signatures, before faults actually occur 

and cause service disruptions, are critically important for designing highly secure and 

reliable distribution systems. 

Since it is relatively difficult to collect a large amount of incipient fault data, we 

propose a deterministic method, rather than a training-based intelligent system method. 
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Our approach allows removing the requirement to have massive quantities of training 

examples and makes it easier for utilities to evaluate and deploy the algorithms. In this 

method, a current waveform with an overlapping window scheme is first decomposed to 

multiple scales with discrete wavelet transform (DWT). The incipient fault blips are then 

detected based on the patterns of the detailed wavelet coefficients on certain scales. 

Wiener filters, a powerful signal-denoising tool, are used to smooth the detailed wavelet 

coefficients. Then, a search for peak locations in the time-scale domain is conducted with 

an adaptive threshold, to determine if an incipient fault event occurs. The detection 

accuracy is enhanced by excluding possible confusion with voltage sag and capacitor 

switching events. A post-processing module for monitoring the incipient fault 

development process is provided. General idea is to monitor the energy content of the 

detected incipient fault events in a long time frame (e.g., a month). The monitoring 

results can be used for generating long-term warning, short-term warning, and last minute 

warning messages, as well as classifying fault patterns. This method has been 

successfully demonstrated with simulated incipient fault data from EPRI-PEAC. 

 

6.1.3 Condition-Based Maintenance (CBM) 
 

Power system reliability becomes increasingly significant. Unexpected failures of power 

system components result in a loss of production that far exceeds the cost of replacing the 

failed components. Traditional maintenance methods used by utilities take a fixed 

periodic schedule and are not correlated with monitoring data from installed monitors. 

Periodic maintenance is not cost-effective due to insufficient knowledge about the system 

health. Such maintenance philosophy puts power system reliability at risk if the 

frequency is too low, and wastes maintenance resources if the frequency is too high. Even 

if the maintenance schedule is appropriate according to large-quantity statistics, it does 

not handle individual abnormal cases.  

Utilities need to schedule their maintenance based on equipment condition, rather 

than time intervals. Therefore, the optimal scheduling of maintenance operations requires 

advanced monitoring techniques and intelligent information integration capabilities. 

Utilities all over United States are working proactively to address these issues by 
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implementing power quality based reliability-centered-maintenance (PQRCM) programs. 

The underlying motivation is to anticipate faults, allocate resources, make timely repairs 

or replacement, and prevent future problems. An ideal incipient fault monitor should 

capture the degrading path of equipment and detect the root causes. The ultimate goal is 

to improve the overall system reliability and reduce the operational costs strategically.  

Condition-based maintenance (CBM) requires monitoring of the system health based 

on incipient fault events. Highly intelligent and accurate monitoring algorithms are the 

key for CBM. 

 

6.2 Background 

 

Wavelet techniques, which receive considerable attention in signal processing, image 

compression, data compression, subband coding, and computer vision, have been 

employed for classification of different power quality disturbances [7,8,10,11,60] and 

diagnosis of faults related to motors and transformers [61,62]. This chapter describes 

applications of wavelet techniques to detection and long-term monitoring of the incipient 

faults that are caused by insulator tracking, tree contacts, cable failures, and arrester 

failure conditions. The novelty of the method lies in the new area of application – 

incipient fault detection, and a filtering method that has almost never been used in power 

system monitoring applications before.  

A wavelet is defined as a function that is oscillatory, has a zero mean, and decays 

quickly to zero. Compared to Fourier analysis with a single basis function, wavelet 

analysis uses basis functions of a wide functional form. Wavelets can be chosen with 

very desirable frequency and time characteristics. Wavelet analysis essentially shows 

how weighted averages of functions under consideration vary from one averaging period 

to the next. The basic concept in wavelet analysis is to select an appropriate wavelet 

function, called mother wavelet, and then perform transforms and analysis using shifted 

and dilated versions of the mother wavelet. These transforms can reveal the changing the 

weighted averages of a given signal over different scales and center time. Differences 

between averages show the time-scale structures of the original signal. This information 
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is often very important and of great interest to us. The way of weighting the averages 

depends on our specific interests to the signal and can be controlled by selecting different 

mother wavelets [63]. 

Wavelet analysis has several important advantages over the traditional Fourier 

analysis [64]. A Fourier series requires that all time functions involved are periodic; 

Fourier transforms have wide bandwidth for short-term transients; Fourier analysis does 

not consider frequencies that evolve over time; Fourier techniques suffer from Gibbs 

phenomenon and aliasing. On the other hand, a wavelet transform can be chosen with 

very desirable frequency and time characteristics; the windowing of the wavelet 

transform is adjusted automatically for low or high frequencies; the basic functions in the 

wavelet transform employ time compression or dilation. The wavelet transform also has a 

more efficient computation complexity than FFT. Wavelet analysis techniques are a 

powerful tool for the detection and analysis of power system transients.  

 

6.2.1 Discrete-Time Wavelet Transform 

 

Discrete wavelet transform (DWT) plays a role analogous to that of the discrete Fourier 

transform in spectral analysis. The DWT decomposes the signal in the time domain into 

several scales at different levels of resolution (time-scale domain) through dilations and 

translations of the mother wavelet. The wavelet transformation coefficients (WTCs) at 

different scales reveal the time-frequency structure of a signal. Therefore, non-periodic 

and high frequency signals arising from transient disturbances can be detected and 

localized in the time domain. Unlike the Fourier transform, which gives a global 

representation of a signal, the wavelet transform, provides a local representation in both 

time and frequency of a signal. Wavelets are more suitable for time-frequency analysis at 

high resolutions. [65],  

The discrete wavelet transform (DWT) of a discrete time signal xk is defined as 
 

 *( , ) ( , ) ( ),DWT x m n W m n x kx k m nk
ψψ = = ∑  (6.1) 

 
where 
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Here, the function ψ(٠) is the mother wavelet and the asterisk denotes a complex 

conjugate. The parameters m and n are scaling (dilating) and sampling (time-shifting) 

numbers, respectively. Wavelet analysis is a measure of similarity between daughter 

wavelet functions (the family of all dilated and shifted versions of the mother wavelet) 

and the original function. The calculated coefficients indicate how close the function is to 

the daughter wavelet at a particular scale.  

 

6.2.2 Multiresolution Signal Decompositions 

 

The DWT-based multiresolution signal decomposition (MSD) technique decomposes a 

given signal into its detailed and smoothed version function [66]. This decomposition can 

be conducted for different scales, which correspond to different frequencies. As shown in 

Figure 6.4, a current signal c0(n) is decomposed in multiple scales. On the first scale, 

c0(n) is decomposed into its smoothed version c1(n) and detailed version d1(n). On the 

second scale, c1(n) is decomposed further into its smoothed version c2(n) and detailed 

version d2(n). The decomposition of ci(n) is implemented by filtering ci(n) with the 

wavelet filter h(n) (for ci+1(n)) or the scaling filter g(n) (for di+1(n)) and downsampling 

the filtered signals by a factor of 2. The decomposition process can be done recursively in 

the same way for all the scale levels, as shown in the following equations: 

 1( ) ( 2 ) ( )i i
k

c n h k n c k+ = −∑  (6.3) 

 1( ) ( 2 ) ( )i i
k

d n g k n c k+ = −∑  (6.4) 

The wavelet filter h(n) is directly constructed according to the mother wavelet chosen, 

while the scaling filter g(n) is defined as 
 

 1( ) ( 1) ( 1 )lg l h L l+≡ − − −  (6.5) 
 

where L is the filter width for both h(n) and g(n). Here h(n)  is a low-pass filter and g(n) 

is a high-pass filter. 
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Figure 6.4. Filter view of the 2-scale decomposition of current signal c0(n). 
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Figure 6.5. A simulated current waveform with incipient fault blips and its wavelet 
multiresolution decomposition (detail wavelet coefficients at scales 3, 4, 5 and 6). 
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Figure 6.6. Scale 3 wavelet coefficients before and after Wiener filtering. 

 

6.2.3 Wiener Filters 

 

Wiener filter, an adaptive noise-removal filtering technique, has been widely used in 

speech enhancement, image denoising, and other signal processing applications. The 

Wiener method filters a signal waveform based on the statistics gathered from a local 

neighborhood of each sample point. A Wiener filter for a 1-D signal x[n] is defined as 

follows [65],  

 
2 2

2[ ] ( [ ] )y n x nσ νµ µ
σ
−

= + −  (6.6) 

 

where µ  and 2σ are the local mean and variance of the M-size local neighborhood of 

each sample point of the signal, and 2ν is the noise variance, which usually takes the 
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average values of all the variances from the local estimation. The parameter M is chosen 

based on applications.  

While Wiener filters are employed directly in time-domain (spatial-domain for 

images) for signal denoising and enhancement, they have also been adopted in the 

wavelet-domain. Wavelet transforms tend to decorrelate real-world signals. The 

underlying logic for using Wiener filter on the wavelet coefficients is to minimize the 

mean-square error (MSE) [67].  

In this dissertation, the Wiener filter is used to denoise wavelet coefficients in all 

scales. The denoising process makes fault related coefficient peaks more distinct.  
 

6.3 Incipient Fault Monitoring Algorithm 
 

This section discusses how the proposed algorithm discriminate incipient fault blips from 

other power system events. 

 

6.3.1 Separating Incipient Blips from Normal Waveforms 
 

The sampling frequency of the verification signals is 100 kHz. In this algorithm, only the 

wavelet transform coefficients on scales 3 to 6 will be considered because the incipient 

fault blips to be detected have a frequency range from 2 to 10 kHz and scales 3 to 6 

correspond to a frequency range of 1.5 to 12.5 kHz. As shown in Figure 6.5 and Figure 

6.6, by applying an adaptive threshold, it is easy to find peaks in the filtered wavelet 

coefficients and separate current waveforms that have incipient fault blips and normal 

waveforms. In the current stage, we are not interested in frequency and magnitude 

characteristics of incipient blips, but only their occurrences. 
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6.3.2 Separating Incipient Blips from Low Frequency Events 
 

In this category, we consider harmonic distortions and voltage sags. As a normal 

waveform, the low frequency components of the signal are filtered by the wavelet 

transform. However, there are special problems for these two classes. 

6.3.3 Separating Incipient Blips from Harmonic Distortions 
 

Because of the limitation of discrete-time wavelet transform, harmonic waveforms 

generate peaks at window boundaries. To avoid this problem, a ¼ overlapping 

windowing scheme is adopted. We take the window size of 10000 sampling points. 

Adjacent two windows have 2500 sampling points overlap. By cutting off 1/8 detailed 

wavelet coefficients at both ends of a window, the possible confusion due to harmonic 

events is eliminated and the accuracy of incipient event detection is enhanced.  

 

6.3.4 Separating Incipient Blips from Voltage Sags 

 

Although voltage sags are low frequency events, there are usually high frequency spikes 

along with sag events at the sag-starting time and sag-ending time. Some of these spikes 

have similar frequencies as the incipient fault blips. To eliminate the possible confusions 

caused by this, a RMS-check procedure is conducted at the beginning of the algorithm for 

detecting the occurrence of a voltage sag event. The waveform window (10000 sampling 

points, 6 cycles of sinusoidal waveform) is first divided into six sub-windows. If the 

variance of the sub-window RMS values exceeds a certain threshold, a voltage sag event 

is detected and the rest part of the algorithm is skipped.  
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6.3.5 Separating Incipient Blips from Capacitor Switching Events 

 

Capacitor switching events have the closest frequency characteristics to the incipient fault 

blips. The key difference between them is that a capacitor switching transient involves 

oscillations while an incipient fault event usually only has a single impulse (the 

simulation in Figure 6.5 is not accurate). Accordingly, in the wavelet domain, an 

incipient fault event generates much fewer peaks than a capacitor switching event. Based 

on the number of peaks detected in the wavelet domain, capacitor switching events can 

be separated from incipient fault blips.  

A block diagram of the proposed algorithm is shown in Figure 6.7, which covers all 

the branches discussed in previous sections. The goal is to identify the incipient blip 

patterns from all other possible power system disturbances. 

 

6.4 Experimental Evaluations 

 

Three sets of algorithm verification have been done in Matlab. The data used are 

simulated in the lab of EPRI-PEAC.  

 

6.4.1 Lab Simulation Set-Up 
 

Figure 6.8 shows a simplified sketch of the lab setup in EPRI-PEAC for simulating 

incipient fault blips. Different resistances are indicative of tree limbs hitting the overhead 

lines during dry days, cold days, and rainy days. Their resistance will change based on 

daily weather patterns. Moreover, one branch resistance is different from another branch 

therefore the resistance of these will be different. A mixture of blips (very small 

magnitude – 20 to 100 mA and high frequency 2 to 20 kHz) along with voltage sags and 

capacitor switching can thus be generated. 
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6.4.2 Evaluation Results 
 

The testing input to the algorithm is the measured “total current”, as shown in Figure 6.8. 

The “incipient current” measured in Figure 6.8 is for result verifications. In real 

applications, we usually only have the “total current” available for processing. The 

magnitudes of the blips are so small that these blips are invisible in the “total current”, as 

shown in Figure 6.7. 

6.4.2.1 “Three-Month” 50mA Incipient Blips 
 

Three time series of “total current” are generated, simulating three months of incipient 

fault development. In this simulation, the average magnitude of blips is approximately 50 

mA, and the actual duration of each waveform is one minute. Their corresponding 

“incipient currents” are shown in Figure 6.9 to Figure 6.11 for verification purpose. The 

first waveform has an incipient blip every 2 seconds, the second one every 5 seconds, and 

the third one every 10 seconds. The algorithm detects 6 incipient events in the first series, 

13 in the second one, and 28 in the third one, as shown in Figure 6.12. The development 

pattern of the energy content (occurrence of the blips per unit time) is accurately captured 

by the algorithm. In power systems, this pattern infers a possible failure of an insulator or 

lightning arrestor.  

6.4.2.2 “Three-Month” 10mA Incipient Blips 

 

Anther three waveforms are simulated in a similar way with the last case, except the 

average magnitude of blips is 10 mA. The algorithm detects 4 incipient blips in the first 

series, 4 in the second one, and 7 in the third one, as shown in Figure 6.12. This result is 

not very accurate. We have found that some simulated blips in this magnitude level do 

not follow the frequency and magnitude specification very well. The lab setup can still be 

improved. However, the good news is that the algorithm has detected these very small 

blips. With further tuning of the algorithm, as well as improvement of the lab setup, we 

are expecting much better results. 
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Figure 6.7. Block diagram of the proposed incipient fault detection algorithm.  

 



 

 

95

120 : 24 

Bare Conductor 

RL 

Incipient Current

Total Current 

Tree 1
100% of IL

Tree 2
5% of IL

Tree 3
1% of IL

IL 

Tree 1 
 (Wet) 

Tree 2  
(Spring/Damp) 

Tree 3  
(Fall/Dry) 

 

Figure 6.8. EPRI-PEAC’s lab setup for simulating incipient fault events. 

6.4.2.3 Incipient Blips Mixed with Voltage Sags 
 

Another waveform that mixes voltage sags and incipient blips at various magnitudes is 

generated. In the verification signal, shown in Figure 6.13, we can see both voltage sag 

induced current swell and incipient blips at different levels. The algorithm finds 15 

incipient events, which is a relatively accurate approach to the actual energy content.   
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Figure 6.9. Simulated first month incipient activities (magnitude of blips: 50 mA). 

1 2 3 4 5 6
x 106

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

Sample points

C
ur

re
nt

 (A
)

 

Figure 6.10. Simulated second month incipient activities (magnitude of blips: 50 mA). 
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Figure 6.11. Simulated third month incipient activities (Magnitude of blips: 50 mA). 
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Figure 6.12. Energy content development pattern during the simulated three months 
(Case1: 50 mA blip magnitude; case2: 10 mA blip magnitude). 
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Figure 6.13. Simulated incipient blips mixed with voltage sag events. 
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6.5 Summary 
 
This chapter presented a new approach for incipient fault detection and monitoring using 

wavelet-based multi-resolution signal decomposition and Wiener filtering of wavelet 

coefficients. The general idea is to monitor the energy content (i.e., frequency of 

occurrence) of the detected incipient fault events in a long time frame. The monitoring 

results can be potentially used for generating long-term warning, short-term warning, and 

last minute warning messages, as well as classifying fault patterns. This method has been 

successfully demonstrated with simulated incipient fault data from EPRI-PEAC. The 

results show good potential of building high accuracy incipient fault detectors that are of 

practical value to utilities. 

The future work of this project includes: 

• Test and tune the algorithm with real-world incipient fault recordings, for both 

equipment failure and tree trimming events. 

• Incorporate the hidden Markov model (HMM) technique for recognizing the 

energy content pattern of the incipient blips and predict equipment failure or tree 

trimming events. 

• Build digital signal processor (DSP)-based incipient fault detector and develop 

algorithm for distributed applications. 
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7. Ubiquitous and Networked Power Quality 

Sensors and Their New Usage Models 

 

Accurate PQ assessment provides important reference information for both electricity 

suppliers and various customers, especially in the deregulation context. Real-time PQ 

disturbance monitoring and diagnostics also protect power system components and 

customer property, and help prevent future problems. 

Due to the highly distributed characteristics of modern power systems, traditional 

monitoring method based on a single point location usually cannot provide satisfactory 

diagnostics results automatically. This chapter proposes a new power quality monitoring 

concept – ubiquitous and collaborative monitoring. The goal is to design a ubiquitous PQ 

monitoring framework, which requires a large number of small, low-cost, and easy-to-

deploy PQ sensors (i.e., PQ monitors) at numerous locations and fuses distributed sensor 

information to provide highly accurate monitoring results. 

Each real-time PQ sensor is designed to operate at various voltage levels and be 

capable for multiple usage models (e.g., plug-through, integrated with power strip, or 

integrated with a UPS). Each sensor node is equipped with a voltage converter module, 

an analog to digital converter card (A/D converter), a digital signal processor (DSP), and 

a wired or wireless communication module. The new waveform classification algorithm 

proposed in the dissertation is employed for programming the DSP chip.  

Sensor nodes work either individually or collaboratively, depending on applications 

and usage models. Individual sensors can be used for single equipment and single point 

monitoring. The integrated PQ sensor network enables real-time PQ evaluation at system 

level, as well as problem localization among different equipment and different parties 

(e.g. utility side and customer side). Since the proposed sensors and sensor networks can 

be implemented with low cost and small form factors, their potential deployment 

Chapter 
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locations include utility substation feeders, manufacturing company facilities, highly 

computerized office environment, and residential dwellings.  

This chapter first presents the architecture of individual PQ sensors. Three new usage 

models of ubiquitous PQ sensors are then proposed. Finally, sensor network models 

based on the ubiquitous PQ sensors are described. 

7.1 Ubiquitous Power Quality Sensors 
 

Similar to the system described in Chapter 5, the power quality sensor presented here is 

relying on a digital signal processor. DSPs differ from general-purpose microprocessors, 

mainly in their capability of real-time computing. Due to the low-cost, ease of 

programming, and embedded communication capability, these PQ sensors can become 

ubiquitous. This device, if deployed in numerous locations, takes advantage of this 

topology in its ability to communicate using an ad-hoc peer-to-peer network. 

7.1.1 DSP Advantages 
 
With more optimized architectures towards faster multiplications and accumulations than 

general-purpose microprocessors, DSPs are used in a wide range of applications and 

processing of speech, digital audio, images, and video.  In the case of the DSP used in 

this dissertation, the primary advantages are yielded in saving processor cycles during 

repetitive operations. A DSP also allows easy integration of data converter modules, such 

as an analog to digital converter and a communications device to support the Ethernet 

protocol. These factors, coupled with its low cost, make the DSP an ideal choice for small 

footprint data collection and analysis applications. 

As introduced in Chapter 5, the TMS302VC5416 is a fixed-point DSP processor 

with 128 KB of on-chip memory and a 160 MHz clock speed, which can perform 160 

MIPS. This processor has a 17x17 parallel multiply accumulator unit, which allows 

single cycle multiply accumulate operations.  This allows for fast execution of integer 

multiplications. While floating point multipliers on other processors may allow direct 

multiplication of floating point values, this DSP processor executes single clock cycle 

integer multiplications. Optimization to use all integers is therefore necessary. However, 



 

 

101

if a loss of precision is allowable, this processor will actually execute an integer 

multiplication faster than a floating-point processor of a similar clock speed due to the 

parallel multiplier and accumulation units in the place of a pipelined multiplier.  The 

pipelined multiplier on the TMS320VC6711, a 32-bit DSP, requires 4 cycles to complete 

a 32-bit multiplication. While the pipeline may theoretically allow for faster sequential 

multiplications, in practice a single multiplication is carried out and stalls the pipeline 

while it finishes and stores the result to the accumulator or a memory location.   

7.1.2 Sensor Architecture 
 
The power quality sensor described in this chapter consists of six units, as shown in 

Figure 7.1. The input power signal is first lowered to CMOS levels using a voltage 

divider with resistors R1 and R2. Careful consideration of resistor values is required to 

determine the optimal power usage and minimize thermal noise injection into the system 

with the use of large resistances. The signal is then passed through an optocoupler, U1, to 

isolate the analog to digital converter from the potentially damaging power signal. The 

THS1408 14-bit analog to digital converter is then used to sample and hold the data until 

the DSP independently transfers the data to processor memory using a Direct Memory 

Access (DMA) controller at 7.68 kHz.  

The TMS320VC5416 DSP classifies the signal held in its main memory while the 

next data set is being collected. The algorithm is able to process the data free from 

interruption and without missing any signal data. Upon classification of the signal, the 

DSP can transmit the result off-board via a wireless or Ethernet communication port.  

The input stage is shown in Figure 7.2. This stage is used to step the voltage down 

from 120 V AC RMS to approximately 0.7 V AC RMS, which is acceptable for the input 

voltage range of [-1,+1] V to the analog to digital converter (ADC). To avoid damaging 

the ADC with a voltage spike, the optocoupler is used for isolation. A low pass filter is 

also used to ensure higher signals that may be aliased into the signal are eliminated.  
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Figure 7.1. Data flow diagram of the PQ sensor system. 
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Figure 7.2. Input stage voltage step-down, isolation, and filter.  

7.2 New Usage Models for Individual PQ Sensors 
 

7.2.1 Plug-Through 
 

 

One application of the PQ sensor is to place PQ sensors at the power socket for a device 

of interest, as shown in Figure 7.3. Due to the low cost of the PQ sensors, they can be 

attached onto all power sockets. A simple indicator can show the quantity of potentially 

harmful power disturbances using a series of light-emitting-diodes (LEDs). For example, 

a green LED signifies less than 0.01% of windowed samples in last hour were harmful 



 

 

103

disturbances, a yellow one for less than 1%, and a red one for over 1%. In one hour, this 

algorithm can analyze 43,200 five cycle samples of the 60 Hz power signal. In one hour, 

0.01% of the 43,200 samples there should be 4 or less disturbances in order to be 

classified as green. A fourth LED can be an instantaneous assessment of power quality. 

This LED indicates if more than 1 power quality disturbance had occurred in the last 

minute. This way the user can tell if a particular action was related to a power quality 

disturbance. If a user suspected a particular appliance, when turned on, was causing 

disturbances, they can look at the plug to validate the hypodissertation.  

 

Ubiquitous 
PQ sensor RFID tag

 

Figure 7.3. Smart power quality plug-through. 

 

The ability to localize a power quality disturbance yields great benefits in the 

mitigation of the power quality problem. Determining the severity of the disturbance on 

the system-wide and local scales aids an engineer in his analysis of what items are 

affected and what are producing the disturbance. The use of isolated circuits in the power 

distribution network in a building will further aid the assessment and mitigation of power 

quality disturbances. The primary advantage of being located near an object that may be 

causing a power quality disturbance is the proximity to signals that may be attenuated 

during travel in the line. Signals that are mostly attenuated when propagating back 

through the system may not necessarily cause problems. However, these signals may be 

another indicator to help diagnose a power quality issue. High frequency signals typically 

will be the most likely to be attenuated quickly, however, localization is not the only 

benefit. Redundancy of monitoring devices reassures the power consumer that the 
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monitoring devices are working properly. On a power supply circuit, it is possible in 

some cases that all monitoring devices indicate similar measurements even if a single 

device were causing a disturbance. The power consumer can simply go around 

unplugging devices until they saw the LED indicators return to non-disturbance 

conditions. An auditory alert can also be used, in the situation that it is difficult to place 

power receptacles in difficult viewing locations.  

7.2.2 Power-Strip/Surge Protector 
 
 

The placement of PQ sensors in a commercial device such as a power-strip/surge 

protector in principle is very similar to the plug-through application advantages. The 

power-strip/surge protector has the added feature of power quality indication and is 

transparent to the end user. Based on the circuit board size needed to house all the 

functionality of the device, a power quality sensor can be integrated into the body of a 

comparatively bulky power-strip/surge protector device. Furthermore, the common 

proximity of a power-strip/surge protector to a computer allows the use of a standard 

protocol such as USB (Universal Serial Bus) to transfer power quality assessment data.  

7.2.3 Uninterruptible Power Supplies (UPS) 
 
The use of PQ sensors in an Uninterruptible Power Supply (UPS) is similar to the 

previous applications of the PQ sensor to a plug-through and power-strip/surge protector. 

However, if a further control algorithm is written, a UPS will allow a simple protection 

method. The algorithm can switch to use battery power upon crossing its protection 

threshold and maintain power for a set period of time. Monitoring of the power quality 

also continues during the use of battery power and prevents switching back to the utility 

power. The DSP-based solution allows for user-specified or dynamic threshold 

programming to allow reasonable levels of power quality disturbances. The primary 

limitation to this device as it currently is implemented is the delay for signal 

classification. The data collected requires five cycles of the 60 Hz power signal (83.3 ms) 

and the algorithm requires 10.9 ms of processing time (with DMA) to complete the 

classification. Therefore, the greatest delay from event to protection action is 
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approximately 94 ms and the minimum at about 11 ms assuming the disturbance is 

equally likely to occur at any time during this 83.3 ms interval.  

Programmatically, the optimization features enacted to yield faster algorithm 

performance can be carried further with the use of all assembly language routines and 

intrinsic functions. Average calculation times can also be decreased by performing only 

the portion of the algorithm required for each classification step and checking the neural 

network output immediately. While the change of sequence will yield faster average 

computation times, it will increase the execution time length for the worst case as the 

function calls to perform these short queries slows the DFT step even further. The 

assumption that only one power quality class will occur within a five-cycle window 

introduces the possibility of inaccurate classification.  

While a DSP provides quick programming, customization and many single-cycle 

operations for real-time processing, an ASIC (Application Specific Integrated Circuit) or 

FPGA (Field Programmable Gate Array) can yield still faster processing times. The 

primary drawback of the ASIC and FPGA devices are their design and programming 

overhead.  

7.3 Network-Based Collaborative Monitoring 
 
Beyond applications with individual PQ sensors, a PQ sensor network formed by 

appropriately distributed sensor nodes can provide more comprehensive system level 

power quality assessment and disturbance source localization. Networked sensor nodes 

are designated to discover the temporal or spatial correlations among distributed events 

under different device usage scenarios. The data fusion results from the PQ sensor array 

make the power quality disturbance mitigation process easier. 

In the proposed PQ sensor network models, the purpose of performing real-time 

waveform classification on-sensor instead of on a central server is to minimize the data 

traffic on the network, as well as the computation load on the central server.  

This section presents two potential models of forming a PQ sensor network.  
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7.3.1 Central Server Model 
 

 

As shown in Figure 7.4, the PQ sensor network is set up with one or more central servers 

and many distributed sensor nodes. Depending on the communication module on each 

sensor node, the central server can be a desktop/laptop computer, PDA, or even a cell 

phone.  

In this model, all sensor nodes communicate directly with the central server. The 

central server logs the data and does the data fusion of the PQ sensor array. Many 

different types of applications can be built on top of the sensor network platform. 

Extensive signal processing and statistics work needs to be done with the logged 

data, to identify the data pattern and correlation for the disturbance caused by each 

possible source location. After the field training process is complete, the system will be 

able to diagnose problem source based on an array of sensor data, when a power quality 

problem occurs. 

7.3.2 Ad-Hoc Wireless Model 
 

Central 
Server

Internet 
Backbone  

Figure 7.4. A PQ sensor network with central server model. 

 
 

The ad-hoc wireless model illustrated in Figure 7.5 is based on a relay signal technique. 

In this case the central server is not required. However, proper linkage between remote 

deployments of the PQ sensor is required. This network model also requires packet 
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forwarding capability on each device. The advantage of this model is that it allows 

deployment of the sensor network in an ad-hoc fashion. Each device will display an 

indicator light signifying proper network connectivity. Another advantage of this model 

is the potential to lower the power of the radio frequency transmissions from each device. 

This model is also similar to peer-to-peer networks as it has the ability to operate without 

the need for a central server.  

 

Wireless 
Router

Internet 
Backbone  

Figure 7.5. An ad-hoc wireless PQ sensor network. 

 

7.4 Summary 
 
This chapter presents a new PQ monitoring concept – ubiquitous and collaborative 

monitoring, which enables localization of “problematic” equipment and global PQ 

evaluation of the system.  

The system design and embedded algorithm of a new DSP-based real-time PQ 

sensor is presented in this chapter. Three new usage models (i.e., plug-through, power 

strip, and UPS) of individual PQ sensors are proposed. The potential PQ sensor network 

applications with two different models are also addressed.  
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The ubiquitous power quality sensors presented in the dissertation are small, low-

cost, easy to deploy, flexible on deployment locations, and have potential of forming 

wireless ad hoc PQ sensor networks. The vision of forming wireless PQ sensor networks 

with ubiquitous nodes also shows potential of conducting easy power quality assessment 

and problem diagnosis in residential and office environment. The future work of this 

study include: enhancing the built-in algorithm with disturbance characterization 

capabilities; designing and implementing data fusion algorithm for distributed sensor 

array under the central server model; designing and implementing routing algorithm 

under the ad-hoc network model.  
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8.  Recommendations for Future Work 

 

This chapter introduces recommended future work of this dissertation project. The need 

of developing a standard PQ monitoring benchmark data has been identified. The 

partially completed web-based PQ event classification system is presented in the chapter. 

The hidden Markov model (HMM) is a promising tool that could be used for monitoring 

power quality events and incipient faults. Radio-frequency identification (RFID), a 

recently bloomed technology that has been used pervasively in inventory tracking and 

anti-theft applications, is introduced for the first time in this dissertation for power 

industry applications. PSCAD, a power system simulation tool, is recommended for 

studying power system disturbances and creating PQ benchmark data. 

 

8.1 Event Classification and Diagnosis Benchmark 

 

The philosophy of benchmarking and evaluating a group of competing methods or 

systems with a standard testing dataset has been adopted universally in such fields as data 

compression, image and video processing, and speech recognition. As power quality 

event classification has sparked new research interest and a number of new algorithms 

have been proposed recently, an appropriate way of comparing the performance of these 

algorithms has become necessary. Although power quality standards have existed for 

nearly a decade, the work of standardizing the benchmark test has not been done yet. 

Advanced algorithms developed to date by different research groups claim high 

recognition rates in specific cases, but their comparison on equal basis has never been 

performed. Currently we are collecting and developing a set of standard testing data for 

verifying various new PQ event classification methods. The dataset, the world first 

Chapter 
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standard for this purpose, will be collected and developed. The ultimate goal is to make 

this an international standard, e.g., IEEE standard. 

Data can come from different sources, including power system simulation tools, such 

as PSCAD/EMTDC or ATP/EMTP and submissions by industrial partners. Another part 

of the data will come from data donations from industrial partners. Data would be 

collected on a server, powered by Microsoft SQL database server systems and Sun 

JavaServlet technologies. The web-based system is detailed in the next section. 

 

8.2 Web-Based Event Diagnosis System 

 

Currently we are developing an interactive web-based event collection and recognition 

systems. The web-based diagnosis system, with a fully tested built-in new algorithm, is 

targeted at providing better diagnosis capability for utilities and customers than existing 

web-based systems. The engine behind this software is the algorithm presented in 

previous chapters. Users can accomplish the followings through the web-based system: 
 

• Upload their PQ waveforms with descriptions of causes, time, and location. 

• Contribute to the establishment of the PQ testing standard dataset. 

• Download PQ waveforms from the UWEE database. 

• Process their waveform online by submitting their waveforms to the database. 

• Request special services from the website.  
 

An interactive SQL database together with JavaServlet running on a Java web server 

will serve for accumulating example data files and storing, written feedback and 

discussions between interested parties. This web interface will be available for free to all 

utility companies and customers. Advanced algorithms developed to date by different 

research groups claim high recognition rates in specific cases, but their comparison on 

equal basis has never been performed. The interactive mode of the power quality 

database will foster an honest dialog between utilities and academia involved in 

development of new power quality recognition algorithms. Therefore, one of the goals for 
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this web interface is to create a standard testing dataset for PQ disturbance classification, 

similar to the standard dataset in multimedia and speech recognition fields.  

The web-based recognition is driven by the Matlab/C++ based software package, and 

does not need to operate in real time. However, the ubiquitous access and interactive 

mode will form the basis for adaptation of developed techniques to future projects, which 

will include new generations of hardware for feeder monitoring, a variety of diagnostic 

sensor integration tasks, and real-time PQ analysis. Testing of the web interface and 

algorithms will be conducted with help from several utility companies (BPA, EWEB, and 

LG Industrial Systems), who will supply real data and provide feedback on performance.  

The project will also have an educational component. Utility engineers, who choose 

to foster closer connection to the universities, will be able to post their problems for 

review by undergraduate students who are taking power engineering classes. The power 

quality problems will be formulated either as instructional examples, or as a challenge 

tests. The challenge would require identification and classification of the PQ problem by 

students, using either software or heuristic techniques. In the extreme of successful cases, 

students will be able to generate a new solution to the problem.  

The first stage web interface design has been finished. The Orion web server has 

been created on our server station, which supports JavaServlet. JavaServlet is a tool that 

can make dynamic webpage and retrieve information from user submissions.  

A Matlab GUI made for the proposed algorithm is shown in Figure 8.1. A schematic 

design is shown in Figure 8.2.  JaveServlet runs on the top of the Orion Java web server. 

The Servlet pages communicate with SQL server by JDBC/ODBC, for database query 

and data storage; JaveServlet pages communicates with the C++/Matlab Processing 

Engine with the Java web server; JavaServlet generates dynamic HTML pages for 

displays and for parameter requests (e.g., forms, text fields, etc.). 
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Figure 8.1. Screenshot of a Matlab GUI made for the proposed algorithm. 
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Figure 8.2. Schematic design of the web-based PQ data collection and online diagnosis. 
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8.3 Hidden Markov Model (HMM) for Power Quality Monitoring 

 
An important future work is to explore the feasibility of replacing the current neural 

network classifier with a hidden Markov model (HMM) classifier. The characteristics of 

an HMM classifier include its high learning speed, very good classification performance, 

and low requirement on the number of training examples. This section will introduce the 

basics of HMM and several possible ways of utilizing this model as a classifier in our 

power quality application. In this dissertation, some explanations and examples related to 

HMM follow the tutorial [68]. 

 

8.3.1 A Hidden Markov Model (HMM) Example 
 
Hidden Markov models (HMM) were first introduced in late 1960s, and have become 

increasingly popular since late 1980s. An HMM is extended from the Markov process. It 

has been applied extensively in a wide range of areas, which include pattern recognition, 

speech recognition, biological signal processing, artificial intelligence, and image 

understanding. HMM based classifiers have very competitive classification performance 

and learning speed. They also require fewer training examples than most other classifiers.  

First, let us recall the definition of a discrete Markov process. Suppose a system has 

a set of N distinct states, s1 s2 … sN, and the system undergoes a change of state according 

to a set of probabilities associated with the state. If we denote the current state as qt, then 

a discrete Markov process has the following property:  
 

 1 2 3 1[ , , , ...] [ | ]|t j t i t k t l t j t iP q S q S q S q S P q S q S
− − − −

= = = = = = =  (8.1) 
 

In a discrete time Markov process, the probability of a system being in any particular 

state qt+1 at time t+1 only depends on the state qt at the previous time t, and not on any 

other details of the previous “history” of the system.  

The necessary parameter for describing a discrete Markov process is the probability 

matrix A = {aij} for state transitions, where aij refers to the transition probability from 

state i to state j. For example, assume that the weather of Seattle follows a Markov 



 

 

114

process and the weather on day t falls to one of the three states: s1 (rain), s2 (cloudy), and 

s3 (sunny). Also suppose that the state transition matrix A is:  
 

 

0.2 0.4 0.4

{ } 0.3 0.4 0.3

0.5 0.2 0.3
ijA a= =

 
 
 
  

 (8.2) 

 

If the weather on day 1 is cloudy, what is the probability that the weather for the next 

7 days will be ''cloudy- rain-sunny-sunny-rain-cloudy-sunny''? So the actual question is to 

calculate the probability of the observation sequence O = {s2, s2, s1, s3, s3, s1, s2, s3} 

corresponding to day 1 to day 8.  

This question can be simply answered by the following equation:  
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where 
 

 1[ ], 1i iP q S i Nπ = = <= <=  (8.4) 
 

is to denote the initial state probabilities. According the state transition matrix, we can 

easily evaluate (8.3) to a deterministic numerical value. This example is a discrete 

Markov process. Because the output of the process is an observable event, it is an 

observable Markov model.  

Now we extend the concept of Markov models to include the case where the 

observation is a probabilistic function of state. Now the model becomes a doubly 

embedded stochastic process with an underlying stochastic process that is hidden. This 

new model can only be observed through another set of stochastic processes that produce 



 

 

115

the same sequence of observations. Because of the existence of the underlying hidden 

stochastic process, it is called a hidden Markov model (HMM). 

A coin toss example explains the concept of an HMM. Assume three different biased 

coins are tossed in a series of experiments. The result for each coin toss experiment is 

either a “heads” or “tails”, but observers do not know exactly which coin is tossed for 

each experiment. The three coins are different in terms of their probability models for the 

tossing results. For instance, coin 1 (state 1) has a probability of 52% for the “heads” 

result and a probability of 48% for the “tails” result; coin 2 (state 1) has 47% for the 

“heads” and 53% for the “tails”; coin 3 (state 1) has 55% for the “heads” and 45% for the 

“tails”. The probability distributions determine the relation between observations and 

states. 

If you observe a resulting sequence of 

 1 2 3 TO O O O O HTTTHTHHT T= =  (8.5) 
 

where H stands for heads and T stands for tails. One could build an HMM to model the 

results. One possible way to build this model is explained below. The three states chosen 

in the HMM are the three coins tossed, respectively. Each state is characterized by a 

probability distribution of heads and tails, and the transitions between states are 

characterized by a state transition matrix A = {aij}, where aij indicates the transition 

probability from state i to state j. 

In this model, the stochastic process of state transition is hidden. In other words, 

when H is observed, observers do not know which of the three biased coins is tossed in 

this experiment, i.e., what is the current state. This example shows us what an HMM 

could be. For an actual coin tossing experiment, the number of states is unknown. To 

model this problem, the more states are used, the greater degrees of freedom are gained. 

Larger HMMs therefore have better capacity in modeling a process. However, practical 

considerations impose strong limitations on the HMM size. For example, if it is the case 

that four coins are tossed in the experiment above, a six-coin (six-state) model would not 

work better than a four-coin (four-state) model. 
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8.3.2 Basic Elements of an HMM 
 

There are several basic elements of an HMM: 

1. The number of states in the model, N. Normally each state has a physical 

significance and the states are interconnected by certain state transition probability 

model. For example, in the previous example, each state corresponds to a biased coin, 

and there is a probability corresponding to the transition from one bias coin to 

another. These N states are denoted as {s1, s2, … , sN}, and the real state at time t is 

denoted by qt. 

2. The number of distinct observations V = {v1, v2, … , vM} for each state, M, and 

the observation probability distribution in all states, B. In the example shown in last 

section, M = 2, where the two distinct observation results include v1 = “head” and v2 = 

“tail”. For the state i, the observation probability distribution is B = {bi(k)}, where  
 

 ( ) [ at | ], 1 , 1i k t ib k P v t q s j N k M= = <= <= <= <=  (8.6) 
 

3. The state transition probability model, matrix A = {aij}. Here 
 

 1[ | ], 1 ,ij t j t ia P q S q S i j N
+

= = = ≤ ≤  (8.7) 
 

For states i and j that i does not transit to j, the corresponding probability aij = 0. 

4. The initial state distribution π = {πi} where 
 

 1[ ], 1i iP q S i Nπ = = <= <=  (8.8) 
 

Therefore, an HMM requires the specification of two model parameters (N and M) 

and three probability measures A, B, and π. Normally an HMM is denoted by 
 

 ( , , )A Bλ π=  (8.9) 
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8.3.3 Three Import Questions an HMM 
 
To make an HMM a powerful tool for real-world applications, three important questions 

need to be resolved, namely evaluation, decoding, and learning.  

1. Evaluation. Given an HMM, λ, the problem is to evaluate the probability of an 

observation sequence O = O1O1... OT. By evaluating the probability of a given 

observation sequence, how well a given model matches a given observation sequence 

can be determined. Therefore, solving an evaluating problem is very helpful for 

choosing the optimal model. The evaluation problems are usually not very difficult 

and exact solutions can be found. The solution for an evaluation problem is called the 

Forward-Backward Procedure [69]. 

2. Decoding. Given an observation sequence O = O1O1... OT  and λ, the problem is to 

find out the best “explanations”, i.e., the underlying state transition sequence Q = 

q1q2... qT for a given observation sequence O = O1O2... OT. There are several possible 

ways of solving the decoding problem, depending on the optimizing criteria of the 

application. For example, one possible criterion for optimization is to choose the 

states that are individually most likely and to maximize the expected number of 

correct individual states. One of the most well known algorithms for an HMM 

decoding problem is called the Viterbi algorithm [70]. 

3. Learning. The problem is to adjust the model parameters λ = (Α, Β, π) to maximize 

P(O| λ). It is the most difficult problem of HMMs. There is no known analytical 

model solutions that maximize the probability of the observation sequence. The 

solution for a learning problem is called the expectation maximization (EM) 

algorithm [71]. General idea is to choose λ = (Α, Β, π) such that P(O| λ) is locally 

maximized using an iterative procedure.  
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8.3.4 HMM for Power Quality Monitoring and Incipient Fault 

Detection 

 

In this project, HMMs have also been under exploration for the potential of being 

adopted in power quality monitoring and incipient fault detection algorithms. In several 

important pattern recognition applications, HMMs show many advantages when used as 

classifiers.  

In [7], a wavelet-based HMM has been used to classify electric power transient 

disturbances associated with the degradation of power quality. In this approach, after 

decomposing signals to wavelet domains, a tree structure, called a hidden Markov tree 

(HMT), is constructed according to [72]. Because the most common signals consist of 

several frequency components and the distribution of the wavelet coefficients propagates 

into the next scale, the wavelet HMT can be modeled by a Markov chain. The HMM, 

instead of a direct Markov model, can potentially extract more useful features [68], which 

is the key idea of a wavelet-based HMM. 

This wavelet-based HMM for power quality disturbances shows an example of 

combining wavelet techniques, which are good for extracting features, and HMMs, which 

have many advantages as the classifiers. In addition, HMMs also show good potential of 

being combined with a feature extraction scheme based on class-dependent time-

frequency representations [73]. 

The HMM-related classification method looks promising for power quality related 

applications and equipment health status monitoring based on incipient fault events. 

Good HMM classifiers should have more physical significance, and thus fit the real 

problem better than existing PQ classification approaches. The biggest challenge lies in 

identification of appropriate states and probability models. 
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8.4 RFID Applications for Power Industry 

 

8.4.1 RFID Working Principles 
 
RFID technology uses a broad frequency range, from kHz to GHz. The majority of RFID 

systems operate passively, i.e., without external power supply or an integrated battery, 

and have both reading and writing functionalities. For a variety of ubiquitous computing 

applications, RFID systems have significant advantages over the widely used barcode 

systems, in terms of cost, life-time, intelligence, and environmental requirements. 

Figure 8.3 shows the basic operating principle of the passive 13.56 MHz RFID 

systems, which is based on inductive coupling, the physical principle of transformers in 

power systems. The reader antenna coil generates a magnetic field, which induces a 

voltage on the tag antenna coil. The generated voltage supplies the energy to the tag for 

demodulation and return data transmission. The 13.56 MHz system operates in the “near 

field” of a read antenna and has a reading distance of approximately the transmission 

antenna.  

On the other hand, a 400-1000 MHz UHF passive RFID system operates in the “far 

field” of reader antenna. The tags get power and communicate with the reader through 

the propagating electromagnetic (EM) waves. EM wave based UHF RFID readers 

propagate outwards with a spherical wave front. Tag antennas placed in the field are 

immersed in the propagating wave and collect some of the energy as the wave passes 

through. 

 

8.4.2 Potential Applications in Power Systems 
 
The emerging radio-frequency identification (RFID) technology has recently been 

selected for a variety of applications such as supply-chain management, inventory 

tracking, pharmaceutical applications, as well as ubiquitous and location-aware 

computing. RFID creates seamless connectivity for real-time events that can immensely 

improve the efficiency and intelligence of business operations. Especially after the world 

largest retailer Wal-Mart and US Department of Defense (DoD) ambitiously set January 
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2005 as the date for use of RFID technology by their suppliers, developing more reliable, 

longer range, and cheaper RFID systems in a short time becomes a critically important 

task. 

 

Near Field Far Field

RFID reader
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RFID tag          
(LF and HF)

RFID tag (UHF 
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Inductive coupling 
through magnetic field

Coupling through propagating 
EM plane waves

 
 

Figure 8.3. RFID system working principle. 
 

In power system applications, tagging power equipment and PQ monitors with RFID 

smart labels can potentially benefit utilities with highly efficient and intelligent 

information exchange. It will facilitate fast, efficient, and convenient equipment tracking, 

localization and management; onsite recording of equipment history, health status, and 

maintenance schedule; and intelligent and efficient information exchange. Current RFID 

technology is at an early development stage and requires cutting-edge research efforts on 

multiple aspects to meet its performance and reliability criteria for entering power system 

applications.  

8.4.3 Scientific Challenges 
 

Most power system equipment has metallic surfaces, which makes the wide application 

of RFID systems difficult. When a tag is attached to the metallic surface, signals from the 

reader get attenuated at lower frequencies and “de-turned” (frequency shift) at higher 

frequencies. The signal distortion significantly reduces the reading range and reliability 

of RFID systems. The existing solution is to add an insulating layer of air, foam, or other 
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materials to create distance between the tag and the surface. However, this mechanical 

engineering solution has significant limitations for a variety of scenarios. RFID 

communication system needs to be redesigned to adapt to metallic surface applications. 

Reducing costs of RFID systems is another important concern when bringing the 

technology into power engineering world. Another scientific challenge is the replacement 

of copper antennas with printable conductive ink for cost reduction.  

As a future research project with LG Industry Systems (LGIS), these problems will 

be explored through a system-level improvement of RFID. A new 915 MHz RFID system 

consisting of RF physical layer and MAC layer will be developed. A baseband receiver 

with DSSS-DPSK (Direct Sequence Spread Spectrum – Differential Phase-Shift Keying) 

will be implemented. A PC interface with RS-232 will also be implemented.  

 

8.5 High Quality Electromagnetic Transient Simulations 

 
Recent advances in power system simulation tools have made it more convenient to study 

various power system disturbances through computer simulations. Software package 

PSCAD/EMTDC, developed by Manitoba HVDC Research Center has become available 

recently for generating and analyzing time-domain electromagnetic transients, for both 

AC and DC electrical systems. 

In this software, PSCAD is the GUI (graphic user interface), and EMTDC is the 

simulating engine written in Fortran. The functionality of this software is similar to the 

power system simulator EMTP and ATP. PSCAD provides a more friendly user 

interface, which attracts more users who have difficulties in starting up on EMTM/ATP. 

PSCAD allows users to schematically construct a circuit, run a simulation, analyze the 

results, and manage the data in a completely integrated graphical environment [74]. 

As a recommended future work, PSCAD simulations can be used for verifying new 

detection and monitoring algorithms and accumulating the benchmarking dataset. 

Although real-world measurement data is widely adopted for verifying new methods and 

algorithms, high quality simulation data offers many unique advantages. It is a much 
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more cost-effective way to obtain full-coverage simulation data than field measurement 

data, when an automatic data collection system is not available, which is usually the case. 

 

8.6 Summary 

 
This dissertation project can be continued towards several interesting directions: 

algorithm development, power system simulations, hardware system design, or software 

system design. All these potential projects could lead to a more proactive, reliable, 

intelligent, and cost-effective power system monitoring. 
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9. Conclusions  

 

Power quality problems lead to significant financial losses every year in the United States 

and have become a great concern of both electricity suppliers and industrial power 

customers. Monitoring and resolving power quality disturbances have become more 

important, as we enter into an era of electrical system deregulation and widespread use of 

sensitive electronic equipment. Under certain circumstances, power systems show pre-

fault symptoms before the actual outbreak of a fault. Detection of these incipient fault 

symptoms can prevent catastrophic failures of power infrastructure. 

Intelligent monitoring systems, which can detect and classify a variety of power 

quality (PQ) disturbances and predict incipient faults, are highly desired. Existing power 

monitoring solutions need improvement on their capability, reliability, and accuracy. The 

research project presented in this dissertation has evolved in four parallel tracks: data, 

algorithm, embedded system, and network, as shown in Figure 1.3. 

On the data track, the project started with in-depth understanding of the causes and 

effects of a variety of power quality disturbances. Several databases containing power 

quality or incipient fault waveform samples were then obtained from industrial partners. 

The data was obtained either through real world measurements (e.g., PQ waveform 

database EWEB) or lab simulations (e.g., incipient fault waveform database from EPRI-

PEAC). Software simulation of disturbance waveforms was also conducted with Matlab. 

Data from both sources were used for verifications of the proposed algorithms. Finally, 

the initiative of establishing an international standard for benchmarking PQ waveform 

classification was proposed. High-quality disturbance simulations through PSCAD have 

been identified as the recommended future work on this track. 

On the algorithm track, a new classification algorithm for classifying different types 

of power quality events has been proposed and successfully tested with real world PQ 

Chapter 
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data in the dissertation. This proposed feature extraction scheme is new to the power 

engineering field. The essence of the feature extraction is to project a PQ signal onto a 

low-dimension time-frequency representation (TFR), which is deliberately designed for 

maximizing the separability between classes. The technique of designing an optimized 

TFR from time-frequency ambiguity plane is for the first time applied to the power 

quality event classification problem. A distinct TFR is designed for each class. The 

classifiers include a Heaviside-function linear classifier and neural networks with 

feedforward structures. The flexibility of this method allows classification of a very 

broad range of power quality events. This method also shows low computation 

complexity in its implementation algorithm. In a five-class experiment, the presented 

method correctly classified 98.0% of 860 real world power quality events. This novel 

combination of methods shows promise for future development of fully automated 

monitoring systems with classification ability. Power system monitoring becomes more 

powerful by including the ability of classifying disturbed signals automatically.  

On the algorithm track, another type of problem – incipient fault detection has also 

been addressed. The US-Canada and Italy blackouts in 2003 were both caused by a tree 

touching a power line. The US blackout in 1996 was also caused by tree contacts. There 

are certain incipient events that produce measurable electrical activity in advance of a 

failure or outage. Pre-fault incipient symptoms have similar time and frequency domain 

characteristics with electrical system noises. It is practically very difficult to detect 

incipient faults based on voltage and current waveform captures. A new approach for 

incipient fault detection and monitoring has been proposed based on wavelet multi-

resolution decomposition and Wiener filtering of wavelet coefficients. The general idea is 

to monitor the energy content (i.e., frequency of occurrence) of the detected incipient 

fault events in a long time frame to identify the degradation path of incipient condition 

development, and to predict equipment failures and system outages. This method has 

been successfully demonstrated with simulated incipient fault data from the lab of EPRI-

PEAC. Detection of these incipient activities in power systems can prevent expensive 

consequences of equipment failure and blackouts. The monitoring results can be used for 

generating long-term warning, short-term warning, and last minute warning, as well as 

diagnosing possible causes of incipient events. The ultimate goal is to enable condition-
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based monitoring (CBM), achieving cost-effective system maintenance and preventing 

catastrophic power infrastructure failures. Hidden Markov model (HMM) techniques are 

promising for providing more powerful solutions for power quality and incipient fault 

monitoring.  

On the embedded system track, a digital signal processor (DSP) based PQ 

monitoring hardware real-time system is designed and developed in this dissertation. This 

system is developed with Texas Instruments (TI) TMS320VC5416 DSP Starter Kit 

(DSK). An A/D daughter card THS1206EVM from TI is used for A/D conversion. A TI 

DSP TMS320VC5416 is programmed with C and assembly language for PQ monitoring 

purpose. Significant efforts have been taken on the code optimization for real-time online 

applications. The timing experiments have proved the real-time computing capability of 

the system. The dissertation presents for the first time a ubiquitous PQ sensor, which is 

easy-to-deploy, small, and low-cost. Its architecture design is also presented. Three new 

usage models of individual PQ sensors are proposed: plug-through, power strip, and UPS.  

On the network track, a web-based PQ diagnostic system is designed and developed 

for online diagnosis and real data accumulation. Due to the highly distributed 

characteristics of modern power systems, traditional monitoring methods based on a 

single point device location usually cannot provide satisfactory diagnostic results 

automatically. A new concept of collaborative monitoring is proposed for the first time, 

which requires a large number of small, low-cost, and easy-to-deploy ubiquitous PQ 

sensors. The goal is to design a ubiquitous PQ monitoring framework, which accumulates 

synchronized power quality data from multiple locations, fuses distributed sensor 

information, and provides highly accurate monitoring results for complex power quality 

issues. The potential PQ sensor network applications with two different network models 

are also addressed. For the first time in the field, the dissertation also recommends the 

wide application of radio-frequency identification (RFID) technologies into a variety of 

power industry applications. 

Chapter 1 shows one model of an ideal power quality monitoring system. However, 

there is still a big gap between existing systems and an idea monitoring system. Sustained 

efforts in exploring better solutions become crucial for improving the overall quality of 

services of energy provides and rescuing energy customers from expensive PQ-related 
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losses. As seen in Chapter 8, there are multiple exciting directions for the future growth 

of this project. The author believes that these four tracks identified during this project 

define the strategic methodology for the research and development efforts in power 

quality monitoring.  
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