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Abstract—In this paper, we discuss the compression of wave-
forms obtained from measurements of power system quantities
and analyze the reasons why its importance is growing with the
advent of smart grid systems. While generation and transmission
networks already use a considerable number of automation and
measurement devices, a large number of smart monitors and
meters are to be deployed in the distribution network to allow
broad observability and real-time monitoring. This situation
creates new requirements concerning the communication inter-
face, computational intelligence and the ability to process data or
signals and also to share information. Therefore, a considerable
increase in data exchange and in storage is likely to occur. In this
context, one must achieve an efficient use of channel communi-
cation bandwidth and a reduced need of storage space for power
system data. Here, we review the main compression techniques
devised for electric signal waveforms providing an overview of
the achievements obtained in the past decades. Additionally, we
envision some smart grid scenarios emphasizing open research
issues regarding compression of electric signal waveforms. We
expect that this paper will contribute to motivate joint research
efforts between electrical power system and signal processing
communities in the area of signal waveform compression.

Index Terms—Electric power systems, signal compression,
smart grid, data compression.

I. INTRODUCTION

T HERE HAS BEEN a growing need to correctly char-
acterize the behavior of electric power systems [1]–[4].

Around two decades ago, due to worldwide electric power en-
ergy sector deregulation, end users and utility companies started
being concerned with the impacts caused by power quality
problems. These problems also arise due to the massive use of
non-linear loads and electronic-based equipment in residences,
commercial centers, and industrial plants. In addition, it was
perceived that those impairments could escalate if not correctly
tackled. Therefore, the monitoring of electric power systems in
real-time, along with off-line analysis using both centralized

Manuscript received July 17, 2012; revised January 15, 2013, May 14, 2013,
June 18, 2013; accepted November 25, 2013. Date of publication December 16,
2013; date of current version December 24, 2013. Paper no. TSG-00445-2012.
M. P. Tcheou and L. Lovisolo are with the Universidade do Estado do

Rio de Janeiro (UERJ), Rio de Janeiro, RJ, 20550-090, Brazil (e-mail:
mtcheou@uerj.br; lisandro@uerj.br).
E. A. B. da Silva and P. S. R. Diniz are with the Universidade Federal

do Rio de Janeiro (UFRJ), Rio de Janeiro, RJ, 21945-970, Brazil (e-mail:
eduardo@smt.ufrj.br; diniz@smt.ufrj.br).
M. A. M. Rodrigues is with the Centro de Pesquisas de Energia Eltrica

(CEPEL), Rio de Janeiro, RJ, 21941-590, Brazil (e-mail: mamr@cepel.br).
M. V. Ribeiro is with the Universidade Federal de Juiz de Fora (UFJF), Juiz

de Fora, MG, 36037-000, Brazil (e-mail: mribeiro@engenharia.ufjf.br).
J. M. T. Romano is with the Universidade Estadual de Campinas (UNI-

CAMP), Campinas, SP, 13083-852, Brazil (e-mail: romano@dmo.fee.uni-
camp.br).
Digital Object Identifier 10.1109/TSG.2013.2293957

and decentralized schemes, has grown in importance. Several
technologies have arisen aiming at monitoring the behavior of
electric power systems in different levels: high voltage (HV),
medium voltage (MV), and low-voltage (LV) [5].
Those factors pushed forward the development of mathemat-

ical tools, which are often based on digital signal processing
techniques, for analyzing electric power system applications
[1]–[4], [6]. These techniques have been used to extract relevant
features, characteristics and information from measured quanti-
ties and their waveforms in order to feed high-level monitoring,
diagnosis, metering and modeling, as well as prediction solu-
tions [2]–[4], [6]–[8].
Currently, the electric energy sector is facing a new revolu-

tion with the purpose of making the electrical grid more flex-
ible, reliable, reconfigurable, efficient, secure, green, sustain-
able, intelligent, adaptable, and observable at all voltage levels.
Therefore, smart(er) grids are being investigated and deployed
to change the way electric power systems are planned, designed,
managed, monitored, and operated. Smart grids congregate the
use of information and communication technologies, sensing,
measurement, monitoring and control technologies to deal with
the complex system that constitutes the electric power systems
[9]–[14]. Anticipating this tendency, nations around the world,
standardization forums, regulatory authorities as well as compa-
nies and Research, Development, and Innovation institutes have
started to work on this challenging and promising field.
According to the smart grid concepts [9]–[14], devices con-

nected to power grids have a communication interface, some
intelligence and ability to process data or signals and also to
share information. Therefore, a considerable increase in data ex-
change and storage is likely to occur. In this context, one must
seek an efficient use of channel communication bandwidth and
a reduced storage requirement for power system data with for
both immediate and long availabilities. Data compression en-
compasses techniques capable of representing information in a
compact form. These compact representations are obtained by
identifying and using structures that exist in the data. When dig-
itizing a constant envelope sinusoid, we would spend a great
amount of bits to encode its samples. However, we could repre-
sent this signal in a compact form with respect to amplitude, fre-
quency and phase. Instead of encoding a large amount of sam-
ples, we could encode only three parameters. Therefore, the de-
velopment of efficient algorithms for the compression of signal
waveforms and ancillary data is of paramount importance for
devising smart and powerful monitoring, diagnosis, and me-
tering equipments that will contribute to successful smart grid
deployments [9]–[22].
Although one notes that a considerable amount of effort was

spent in this field in the past two decades [16]–[20], [23]–[56] an
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Fig. 1. A typical power system scheme (LV—low voltage, MV—medium voltage, and HV—high voltage).

analysis of the main contributions reveals that the compression
of signal waveforms from power systems (that we will refer to
as “electric signals” for simplicity and for being in accordance
with the literature) is far from being as mature as for speech,
image, and video compression. Therefore, there is room for re-
search, development, and improvements in this field. In fact,
smart grids will demand electric signal and ancillary data com-
pression techniques that are suitable for distinct applications,
such as protection, monitoring, metering, synchrophasor mea-
surements, and diagnosis, just to mention a few. Most electric
signals compression techniques try to address the needs related
to power quality analysis, which depend upon the characteriza-
tion of electric signals (voltage and current).
There are a few works that analyze the role of lossless

compression techniques applied to data gathered in a power
monitor or power meter [7], [17], [44], [46], [57], [58]. One of
the leading power quality storage formats for electric power
system waveforms is the PQDIF (Power Quality Data Inter-
change Format) which is defined by the IEEE1159 Working
Group and also provides a lossless compression option [59].
From a signal processing point of view, the lossy compression
algorithms proposed so far for electric signals can be grouped
into three main classes: i) transform-based coding [20],
[23]–[26], [29]–[47], [60]; ii) parametric coding [48]–[50] and
iii) mixed parametric and transform coding [51]–[55], [61].
This paper is organized as follows: Section II gives a general

overview of the power system infrastructure and outlines the
intrinsic phenomena normally recorded or measured in electric
signals. Being aware of these phenomena allows compact
signal representations, which is a important feature for the de-
sign of efficient compression frameworks; Section III presents
the methods found in literature so far applied for compressing
electric signals and reports their compression performance;
Section IV indicates the future trends and open issues for
research and development of compression techniques for smart
grid applications; finally, Section V presents the concluding
remarks.

II. CHARACTERISTICS OF ELECTRIC SIGNALS

Electric power systems may be modeled as consisting of four
main components: i) production or generation and cogeneration;
ii) transmission; iii) distribution; iv) consumption. A simplified
diagram for an electric power system is depicted in Fig. 1. Gen-
erally, the generator delivers energy at 13.8 kV level and this
voltage is stepped up in the generation substation so that the
energy is transmitted by using high voltage transmission lines,
ranging from 138 kV up to 1000 kV, referred to as high voltage
(HV) and ultra-high voltage (UHV), respectively. When the en-
ergy reaches the distribution substation, the voltage is stepped
down to the medium voltage (MV) level again, characterizing

the distribution network in grids. Usually, the primary distribu-
tion feeders leave from this substation at 13.8 kV level (MV) and
are less than 10 km in length, except for rural sections where
they may be longer, as demands for electricity are relatively
scarce and scattered. Distribution transformers are connected
to the primary feeders, in many points, to reduce the voltage
level from 13.8 kV to 127 V, 220 V or 380 V (approximately) to
energize distribution secondary feeders reaching the end users.
Then secondary electric distribution system corresponds to the
low voltage (LV) feeders.

A. Characteristics of Electric Disturbance Signals

The aim of power system monitoring is to access the evolu-
tion in time of disturbance phenomena, regardless of the quan-
tities measured. These phenomena consist, in general, of si-
nusoidal oscillations of increasing or decreasing amplitudes,
and are highly influenced by circuit switching, as well as by
non-linear equipments. In order to analyze and compress sig-
nals from power systems it is important to use models that are
capable of precisely representing signal components consistent
with these phenomena, which can be classified as:
• Harmonics—steady-state low-frequency phenomena
ranging from 50/60 Hz (the system fundamental fre-
quency) to 3000 Hz. Their main sources are semi-
conductor apparatuses (power electronic devices), arc
furnaces, transformers (due to their non-linear flux-current
characteristics), rotational machines, and aggregate loads
(a group of loads treated as a single component) [62].

• Transients—impulses or high frequency oscillations. Os-
cillations are observed superimposed to the voltages or cur-
rents of fundamental frequency (50/60 Hz) or to exponen-
tial DC and exponentially modulated components. They
can be classified as normal and abnormal. The normal ones
correspond to common operation events of the system,
involving switched capacitor based AC/DC devices, tap
changing and load switching. On the other hand, the ab-
normal correspond to those that are not common operation
events and are somehow random, such as lightning, voltage
dips, and other faults in the system [6], [63]. The frequency
range of transients may span up to hundreds of thousands
of Hz, although the measurement system (and the power
line itself) usually filters components above few thousands
of Hz.

• Inter-harmonics—sinusoidal components of frequencies
that are not in multiples of the fundamental one [64]. They
tend to have much shorter duration and lower power than
the fundamental and harmonic components. They appear
due to the high availability of power converters and loads
not pulsating synchronously with the fundamental power
system frequency.
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Fig. 2. A disturbance detected in a voltage signal measured in an MV electric
circuit [65], showing transients and sags.

• Swells and Sags—increase or decrease, respectively, in the
RMS voltage of duration from half cycle to 1 minute (ap-
proximately) [62]. Usually, the variations are divided into
small (voltage variations or voltage fluctuations) and large
(voltage dips or sags, over-voltages or swells and interrup-
tions) [3].

A sample of an MV electric signal showing the occurrence of
an event is depicted in Fig. 2. The underlying phenomena found
in such waveforms are heavily dependent on the voltage level
of the electric grid as well as on the magnitude and linearity of
the load connected to it [6], [63].

B. Modeling Electric Disturbance Signals

When analyzing disturbance signals, it is interesting to be
capable of detecting, segmenting, modeling and identifying
the relevant phenomena [3]. Some techniques commonly
employed for modeling and analyzing disturbance in electric
signals are: Fourier filtering [66], [67]; Prony analysis [68],
[69]; auto regressive moving average models [70]; state space
tracking methods [70] and Wavelets [68], [71]–[77]. In some
cases, these methods are used along with artificial intelligence
strategies [78]–[81].
The components of electric signals can considerably vary re-

garding their origins (HV, MV, and LV electric grids) as well
as the kinds of connected loads. Despite that, several contribu-
tions, aiming at modeling transmission and distribution electric
systems, have pointed out that a general model for the observed
voltage and current signals can be expressed in the discrete time
domain as [5], [6], [48], [63], [82]

(1)

where is the sampling
period, the signals , and denote the
power supply signal (or fundamental component), harmonics,
inter-harmonics, transient, and background noise, respectively.
The power supply signal can be expressed as

(2)

in which , and denote its magnitude, fundamental fre-
quency, and phase, respectively. Harmonics are given by

(3)

where refers to the -th harmonic, expressed as

(4)

where is its magnitude, is its phase, and
define its time support region, that is

corresponds to the step
function. Inter-harmonics are

(5)

where , the -th inter-harmonic, is given by

(6)

, and are its magnitude, frequency and phase,
respectively, and and define its time support region.
Transient components can be decomposed as

(7)

where denotes spikes, denotes notches,
denotes decaying oscillations and represents damped
exponentials. These transients can be expressed as

(8)

(9)

(10)

(11)

Note that and are the n-th samples of the
l-th spike and notch transients, for instance. Also, the pairs

, and
define the duration of these components.

It should be highlighted that noise encompasses different con-
tributions. For example, the noise that is actually present in the
power system (real noise) and the noise that is introduced by the
signal conditioning and analog-to-digital conversion processes
(electronic noise). The electronic noise may not to be random
white noise, but rather be somehow predictable based on the
oscillatory frequencies of the electronic circuitry used to cap-
ture the waveforms from the power system. However, in gen-
eral, noise is assumed to be independent and identically
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distributed (i.i.d.) and usually modeled as normal , and
also as independent of , and .
The discussed model is effective in representing several dis-

turbances that appear in electric signals because the estimation
of its parameters may provide valuable information regarding
monitoring and diagnosis. Note that (10) may model capacitor
switchings as well as signals resulting from power system faults.
Equation (11) defines the decaying exponential as well as direct
current (DC) components , which may result from
Geo-magnetic disturbances, for instance.

III. MAIN COMPRESSION TECHNIQUES FOR ELECTRIC SIGNALS

Data compression schemes can be divided in two broad
classes: lossless and lossy compression schemes [83]. In
lossless compression, the reconstructed signal is identical to
the original signal and the performance is measured by com-
pression ratio. On the other hand, in lossy compression the
reconstructed signal may differ from the original one and the
performance must now be measured by the compromise be-
tween compression ratio and distortion. When one controllably
introduces distortion in the signal without compromising its
use or application, it is possible to achieve higher compression
ratios than lossless compression approaches. In the following,
we describe some of the techniques that have been presented
for the compression of electric signals.

A. Lossless Coding

Lossless methods have been employed for coding power
quality data [7], [17], [44], [46], [57]. Lempel-Ziv, Huffman,
and arithmetic coding methods [83], [84] are used to compress
electric power signals in [44]. Lossless coding techniques were
employed in electric signals comprising events such as flicker,
sag, swell, impulse, and harmonics [7], [17], [44], [46], [57].
In [46], one presents compression results for electric signals

when using lossless off-the-shelf CODECs developed for audio
and image signals, as well as entropy coders such as LZP2,
FLAC, TTAEnc, MP3, ZIP (Lempel-Ziv variant), JPEG-LS,
SPIHT-lossless and JPEG2000-lossless. Besides, the PQDIF
file format comprises a lossless compression option that also
consists of a Lempel-Ziv variant [59]. When using the PQDIF
compression option, we can expect the same compression
performance seen in [46] referring to the ZIP method.
Often one attempts to encode electric power system signals

using image encoders [46], [47]. In order to use image coders,
it is necessary to convert the electric power signal into a ma-
trix representation where the rows correspond to non-overlap-
ping segments of the signal. It is important to note that 2D coders
enable the exploitation of redundancy across vertical samples
providing more compact signal representations than one-dimen-
sional coders [46]. Different 1D and 2D lossless coders were em-
ployed to compress a dataset of voltage waveformswith 800 000
samples captured at 20 kHz. It could be verified that among 1D
coders aLempel-Ziv variant technique achieves thehighest com-
pression performance with a compression ratio of 5:1 on the av-
erage.Among2Dcoders, the JPEG2000 in losslessmode accom-
plishes the highest compression ratio on average, of around 9:1.
Another 2D coder based on DCT was presented in [85].
In [17], it is proposed a lossless compression algorithm using

high-order delta modulation along with Huffman coding. It car-
ries out multiple differential operations over the signals to re-

duce their magnitudes so that fewer bits are required for coding.
This compression approach is tested in distinct types of power
quality events achieving a compression ratio of 2:1.

B. Transform Coding

In order to achieve higher compression levels, one would
need to make use of lossy coding schemes which lead to signal
degradation. However, the signal degradation must be such
that the signal is still useful for analysis or diagnosis [86].
Aiming at this, coding techniques must accomplish a tradeoff
between compression ratio and measured distortion such that
compressed signals remain useful and effective for the analysis
and diagnosis of electric disturbances.
Transform coding is a commonly used lossy compression

framework. In this case, the encoding process is essentially
composed by three steps: i. transformation of the input signal
producing uncorrelated coefficients, ii. quantization of each
coefficient (usually scalar quantization and eventually vector
quantization), and iii. entropy coding.
Many transform-based compression techniques have been

developed with the purpose of reducing the size of electric
signals. Some techniques employ linear transformation such
as the Hartley Transform, Lapped Orthogonal Transform
(LOT) and the Discrete Cosine Transform (DCT) [87], [47].
However, a significant number of compression systems applied
to electric signals use the Discrete Wavelet Transform (DWT)
and theWavelet Packet Transform (WPT) [20], [24], [30]–[33],
[35]–[46] which we highlight here.
The transform approach whose basic components are formed

by sine and cosine functions such as DFT (discrete Fourier
transform) and DCT are effective for the analysis of predom-
inantly sinusoidal, periodic and stationary signals, since they
provide good localization in the frequency domain. Since
disturbances in electric signals are normally subjected to
non-periodic and transient components and to power frequency
variations, the DFT alone can be inadequate to provide compact
representations. This is the reason why wavelet-based trans-
forms are so broadly used for compressing electric disturbance
signals. They provide good localization in both frequency and
time domains [88], and have the ability of concentrating a great
portion of the signal energy in a few coefficients even when
its underlying patterns comprise transient and non-periodic
components. In what follows we analyze wavelet and wavelet
packet transforms in more depth.
1) Discrete Wavelet Transform: The wavelet transform of a

discrete signal , where is the signal
length, can be written as [30], [36], [38], [41]:

(12)

where denotes the coefficients vector,W is an matrix
consisting of row basis vectors. Thus the signal is represented
as a linear combination of the row basis weighted by the coeffi-
cients in . This signal representation can be obtained through
a hierarchical filter bank which is implemented using a recur-
sive algorithm known as multi-resolution pyramid decomposi-
tion [88].
Initially, the signal is decomposed into coarse and detail

signals, and , using a low-pass and high-pass filters and
followed by decimation by two. The same process is applied to
the coarse signals. This process is repeated in stages, (where
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Fig. 3. Detail and approximation bands for a voltage dip signal taken from
IEEE project group 1159.2, where the sampling rate is 15 360 Hz. The top plot
corresponds to the original signal, and the detail bands are shown, from top
to bottom, in increasing scale (decreasing frequency) order. The bottom plot
corresponds to the approximation band of the coarsest scale.

each stage is associated to a scale or level of resolution. As re-
sult one obtains the approximation/scaling coefficients vector
and the details/wavelet coefficients vectors and .

Note that as the signals are decimated by two at each reso-
lution level, the number of wavelet transform coefficients re-
mains the same as the number of samples of the original signal.
There are different types of wavelet filters that can be employed,
such as Daubechies, Symlets, Coiflets, among others [88], [89].
Fig. 3 shows the detail bands and the approximation band of
the coarsest scale of a voltage dip signal obtained by using the
DWT with Daubechies four coefficients filters. Note that the
wavelet transform is able to capture the several occurrences on
the signal, especially the transients.
The compression techniques proposed in [30], [36], [38], [41]

essentially employ the discrete wavelet transform, with the co-
efficients below some pre-determined threshold value being dis-
carded and the remaining coefficients being coded. In [30], one
uses a Daubechies’ wavelet with a four-coefficient filter along
with a threshold of 10% of the maximum absolute value at each
resolution level. This compression technique is employed to en-
code signals with 1500 samples, yielding compression ratios be-
tween 6:1 to 3:1 and Normalized Mean Square Error (NMSE)
of to . In [37], the authors also utilize the DWT
with Daubechies’ four-coefficient filter, in conjunction with the
Huffman coding technique. The thresholding process is chosen
so that the NMSE remains in the order of . In this case,
the proposed compression method could achieve a compression
ratio of 3.43:1. In [36], one uses the Slantlet Transform (SLT)
which is an orthogonal discrete wavelet transform with two
zero moments and with improved time localization. The sim-
ulation results presented in [36] show that the SLT-based com-
pression technique can achieve a compression ratio of 10:1 with
a Mean Square Error (MSE) of dB at least. In [38], [41],
a DWT with B-spline filters is employed. In addition, in [41] a
neural-network based bit allocation procedure is used, achieving
a compression ratio of 15:1 with MSE of at least dB.

2) Wavelet Packet Transform: The WPT is a direct structure
expansion of the DWT tree algorithm to a complete binary tree.
Differently from the DWT where only the low-pass output sig-
nals passes through the two-band analysis process repeatedly,
in the WPT both coarse and detail signals can be further de-
composed to generate the next resolution level. The main ad-
vantage of WPT over the DWT is that, starting from the com-
plete tree, one can prune subtrees of it, enabling the search for
a better signal representation. This is equivalent to selecting the
best basis for the signal expansion where each subtree denotes
a subspace formed by the scaling and wavelet functions [43].
In [33], [43], a WPT is employed in the signal transformation

stage. The work in [33] also applies the lossless LZW(Lempel-
Ziv-Welch) technique [83] reaching a compression ratio of 10:1
with Percentage Root Mean Square Difference (PRD) below
10%. In [43], the WPT is used along with the arithmetic coding
as the entropy coding technique. It was able to achieve a com-
pression ratio of 6.9:1 with NMSE in the order of .
3) Embedded Zero-Tree Wavelet: The Embedded Zero-tree

Wavelet (EZW) algorithm is a wavelet-based progressive com-
pression method that encodes a signal into a bitstream with in-
creasing accuracy. This method has the ability of compressing
the signal at different bitrates according to the available band-
width of the transmission channel.
First, one performs a discrete wavelet transform obtaining the

coefficients for a number of scales. These coefficients are orga-
nized in a data structure called the zerotree. Each coefficient at
a given scale is parent of all coefficients in the same spatial lo-
cation at the next finer scale. The coefficients are encoded in de-
creasing order of scale in several passes using a simple uniform
quantizer. Initially, the quantization threshold is defined at half
the absolute value of the maximum wavelet coefficient. Then,
for the consecutive passes the threshold is progressively divided
by two. In summary, if the coefficient is larger than a threshold
it is encoded and subtracted from the signal, otherwise, it is left
for the next pass.
In [32], [44], the EZW coding technique, introduced in [90]

originally for images, is used for the compression of power
system electric signals. It provides compression ratios from 10:1
to 16:1 with low distortion (NMSE in the order of ).

C. Mixed Parametric and Transform Coding

As the electric power system signals of interest are formed by
both transient (non-stationary) and sinusoidal (stationary) com-
ponents, wavelet-based transform coding schemes do not com-
pletely exploit the signal’s sparsity. In fact, wavelets are suit-
able for processing transient or short-time events, the ones pro-
duced by fast load transients or generation disconnection, faults,
dips, lightning strokes, and disturbances of other kinds covering
a broad frequency spectrum from kilohertz up to megahertz. In
addition, the wavelet transform basis functions, when well lo-
calized in frequency are poorly localized in time, and when well
localized in time are poorly localized in frequency. Therefore
the short bandwidth and arbitrary frequency of sinusoidal sig-
nals make them unsuitable for an efficient representation in the
wavelet transform domain. On the other hand, it has the ability
to capture transient components as seen in Fig. 3. This moti-
vated the research on hybrid coding techniques.
In [51]–[55], a compression framework using a mixed para-

metric and transform coding approach is proposed. The tech-
nique starts from an estimation of the fundamental and har-
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Fig. 4. Voltage signal corrupted by periodic transient events and residue ob-
tained by subtracting the sinusoidal component.

monics components of the signal under analysis, so that these
components can be subtracted from the electric signal yielding
a residue consisting predominantly of transient (non-stationary)
components. After that, a wavelet transform is applied to this
residue. This is exemplified in Fig. 4 that shows a voltage signal
and the residue that results after the subtraction of the funda-
mental component. Since the fundamental component (sinu-
soidal one) can be thoroughly specified with five parameters
(starting and ending samples, amplitude, frequency and phase),
then improved performance can be reached. Usage of such ap-
proach is discussed in [61].
In [51]–[54], one proposes a divide and conquer approach

for compressing electric disturbance signals, the so-called
Enhanced Disturbance Compression Method (EDCM). In prin-
ciple, one performs the estimation of the amplitude and phase
parameters by a Kalman filter algorithm [91] and the frequency
parameter is estimated through an adaptive notch filter [92],
[93]. Then a fundamental component waveform is generated
based on the previously estimated parameters. This can be
done adopting a simple solution using a second-order infinite
impulse response (IIR) digital filter [94]. The acquired signal
is synchronized with the generated fundamental component
waveform. Then, it is subtracted from the delayed acquired
signal frame, producing a residue that is subsequently processed
through DWT. The transform coefficients are compared to a
threshold and are lossless encoded along with the fundamental
component parameters by using the LZW technique. The se-
lection block is responsible for selecting the amplitude, phase
and frequency estimated according to the time information
generated by the timer block that provides the information
about the corresponding time instant of the signal frame.
In [55], some improvements were introduced in the EDCM

compression method generating the so called Fundamental,
Harmonic and Transient Coding Method (FHTCM). Actually,
this is a generalization of the EDCM with two fundamental
differences. The FHTCM generates the estimation of the am-
plitude, phase and frequency of the fundamental and harmonics
components by employing theNotch Filtering-Warped Discrete
Fourier Transform (NF-WDFT) technique, instead of using the
Kalman filter algorithm along with the adaptive notch filtering.
The second difference between EDCM and FHTCM is re-

lated to the transformation stage and the lossy compression of
the transform coefficients. For an effective removal of signal
redundancy, we need to obtain the appropriate basis for signal
decomposition to provide compact representations. In [95]–[99],
this subject had been addressed by considering a statistical
model for the distribution of wavelet coefficients and by using

Fig. 5. Examples of parameterized atoms.

theMinimumDescription Length (MDL) criterion introduced by
Rissanen [100], [101]. In [35], one has applied the Saito’s MDL
criterion [95] to power disturbance event compression in order
to select both the optimal bases (DWT or WPT) and number
of retained wavelet coefficients. However, the MDL criterion
used in [35] does not consider quantization in its formulation.
In [99], the authors have used the MDL criterion taking into
account the quantization for the compression of image signals.
By merging the ideas introduced in [35] and [99], it is possible
to employ in FHTCM an MDL criterion that considers simul-
taneously a dictionary comprising several wavelet bases, an
adaptive tree-structured decomposition and the quantization
level of transform coefficients. Originally, the EDCM only
employed a hard threshold over the the coefficients obtained
through pyramid-structure decomposition. With these improve-
ments, the FHTCMcould achieve 1 bit/samplewithMSEaround

dB. A new technique that explores the mixed parametric
and transform coding concept was introduced in [61].

D. Parametric Coding

Roughly, we can consider that electric signals are basically
formed by sources, loads, and transmission lines, i.e., RLC cir-
cuits, whose transient behavior can be modeled by damped si-
nusoids. There are also discontinuities in these signals due to
switching. Following these premises, a discrete-time version of
an electric signal can be approximated via [48]:

(13)

where is the number of expansion elements, is the power
frequency (50/60 Hz) and each element is represented by a
6-tuple , where is the amplitude,
is an integer multiple of the fundamental frequency, is the
decaying factor, is the phase, and are the starting
and ending samples, and corresponds to the unit step
function. One should note that using this model the signal is
represented as a sequence of parameter sets , being
each .
As the reader may observe, the idea behind parametric coding

(as presented here) is to employ parameterized functions or sig-
nals called atoms to model the signal to be coded. Signal coding
thus resides in analyzing the signal and choosing a set of pa-
rameter sets to model the signal. The different parameter sets
correspond to different atoms that summed up approximate the
signal. Fig. 5 shows examples of different parameterized func-
tions and their modeling parameters.
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TABLE I
COMPARISON OF SOME TECHNIQUES EMPLOYED FOR THE COMPRESSION OF ELECTRIC SIGNALS

Based on the signal model given by (13), in [48] is proposed a
compression technique of electric signals that employs parame-
terized dictionaries of damped sinusoids. The dictionary choice
(parameter quantizer used) must be informed to the decoder as
side information. An atomic decomposition using a parameter-
ized dictionary of damped sinusoids with continuous parame-
ters through the matching pursuit (MP) algorithm [48] is em-
ployed. After finding the parameterized model for an electric
signal, the parameters of the atoms are quantized along with the
coefficients. Details are as follows.
1) Decomposition Algorithm: Atomic decompositions

represent signals using linear combinations of elementary func-
tions, called atoms, drawn from a dictionary. In (13), each atom
is given by
being defined by and weighted by
. When based on a redundant dictionary—a collection of

signals spanning the signal space—atomic decompositions can
provide good adaptive signal approximations. The approxima-
tion is adaptive since the atoms are selected from the dictionary
according to the signal being decomposed. The use of highly
redundant dictionaries enables efficient decompositions of a
wide range of signals. Several methods have been used to
obtain these representations [88]. A popular one is the MP
algorithm [102]. It performs successive approximations of sig-
nals iteratively employing the dictionary elements. At the first
iteration, the MP algorithm chooses the atom with the highest
correlation with the signal. The chosen atom is then scaled and
subtracted from the signal obtaining a residue. The process is
iterated with the residue until its energy becomes sufficiently
small or until another stopping criterion is met [88], [102]. In
more precise terms, a signal can be approximated by an
atomic decomposition as:

(14)

in which the atoms are selected from a redundant
dictionary , being indexed by the mapping . If
is the dictionary cardinality, this mapping is defined as

. In compression applications, one
encodes the number of terms , the coefficients and atom
indexes .
2) Improving Signal Model Coherence: The use of the

greedy algorithm to search for the parameters of the damped

sinusoidal signals that model a given electric signal according
to (13) may lead to largely mismatched damped sinusoids with
respect to the signal structures [50]. As a consequence, the
signal model may not be coherent with the physical phenomena
represented in the electric signal. The coherence between the
electric signal and the signal representation is improved by
introducing some heuristics in the greedy MP loop [48]. These
heuristics lead to more physically interpretable representations
of the electric signals corrupted by disturbances.
3) Achieving Compression: At the end of the decomposition,

one obtains the signal approximation in (14) represented by the
sequence of pairs , where
is the atom coefficient and is the
atom parameter as in (13). For compression, the coefficients and
atoms parameters have to be quantized after the decomposition
[48].
In [49], the quantization of the parameter vector is in-

terpreted as the generation of a set of redundant dictionaries de-
scribed as , in which is the number of
dictionaries included in . In this case, the dictionary used must
be indicated to the decoder as side information. The optimum
rate-distortion (R-D) performance corresponds to the trade-off
among the bits spent on side information (that corresponds to the
atom indexes), and coefficients leading to the minimum distor-
tion. The solution to this trade-off usually involves high compu-
tational demands, that increase with the number of distinct dic-
tionaries in . In [49], two signals were compressed using this
paradigm achieving an SNR of 31.65 dB at 0.95 bits/sample and
an SNR of 31.12 dB at 0.584 bits/sample, respectively.

E. Summary of Electric Signal Compression Results

We have reviewed some of the techniques employed so far
for the compression of electrical signals. Table I summarizes
the results (as presented by their authors) collected in the liter-
ature for the techniques here discussed. As we have observed
very different approaches for compressing electric signals have
been proposed. They range from lossless to lossy compression
schemes using different although promising approaches. In
Table I we kept the evaluation metrics as employed by the
authors of the different techniques in their works. As can be
observed, an important issue for the development of techniques
for compressing electric signals is an agreement on which
metric shall be employed for evaluating the different lossy
compression schemes.
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IV. SMART GRIDS: NEW SCENARIO AND DEMANDS FOR THE
COMPRESSION OF ELECTRIC SIGNALS

The scenario of modern power systems has a number of new
challenges that can not be faced by the technology used to date
in the field. The growing complexity in system operation due to
the introduction of distributed and renewable generation, envi-
ronmental restrictions to the construction of large power plants
and transmission lines increase demand for electricity with ac-
ceptable quality, regulatory and economic issues, etc. Automa-
tion strategies have been widely applied in the generation and
transmission side of the power system since the 1980’s, while,
due to the high costs involved fewer applications in the distri-
bution side were implemented since. The smart grid concept
emerges to congregate all these technologies already in use,
taking advantage of the new and cheap information, commu-
nication, sensing, measurement, monitoring, and control tech-
nologies. Particularly, most of the focus of smart grids are on
the distribution, or demand side. In smart grids, each load con-
nected to the electric power systems will have an interface to
share information and to update its firmware, and also an af-
fordable hardware to process information. Therefore, telecom-
munications infrastructure with quality of service (QoS) related
to the power system requirements is sparking a huge research
effort for introducing a new generation of equipment that en-
ables to fulfill the demands and needs associated with the smart
grid concept [103]–[105].

A. Communication Infrastructure

A large number of smart monitors and meters will be de-
ployed and distributed in the power systems to allow broad
observability and real-time monitoring [3], [106], [107]. There-
fore, it is fundamental to verify the bulk of waveform data
produced by these equipments and its impact on the commu-
nication infrastructure. For instance, power quality monitoring
equipment can acquire voltage and current signals with sam-
pling frequency as high as 1 Msps and 250 ksps, respectively
[108]. If a 16-bit analog-to-digital converter is employed and
four channels are considered for current and voltage recording,
then one second of waveforms requires 10 MB for storage.
Besides voltage and current waveforms, monitoring equipment
may keep parameters associated with power quality standards,
increasing the demand for storage space, channel bandwidth
for data communication and lower communication delay. For
time-constraint applications in smart grids, not satisfying those
demands can result in efficiency losses, misoperation, and
eventually damages to power equipment.

B. Demand Side and Integration to the Grid

In a smart grid scenario, there will be the inclusion of pro-
sumer, which stands for the consumer that produces energy.
Along with it, vehicles and residential solar energy generators,
as well as other forms of small generation and distribution of
electric energy systems will demand reliable, low-cost, afford-
able and powerful monitoring systems to provide a complete di-
agnosis about the quality of bidirectional power flow. Also, the
use of smart metering technology will allow consumers to mon-
itor their energy consumption and control it. Given the current
tendency, one may expect that equipment and devices to be con-
nected to the electric power systems will be cognitive and coop-
erative. For instance, a set of monitoring and control technolo-

gies (like SCADA, power quality monitors, fault recorders, and
synchrophasors from one side and smart meters from the other)
will work together, without human intervention, to provide pre-
cise diagnoses of the power system state at all levels, yielding
an increased system awareness. Also, they will be updated or re-
configured with new functionalities for offering a suitable anal-
ysis. Based on the current stage of development, it is expected
that smart grids will emphasize cognitive and cooperative as-
pects. In this challenging scenarios, the amount of information
that is shared and stored increases considerably and, as a conse-
quence, compression techniques become an important issue to
be addressed.

C. Protection and Self-Healing

To date most research concerns applications to the trans-
mission power system. An interesting application is the
compression of waveforms recorded on digital fault recorders
(DFR) that monitor the response of protection systems due
to any power system disturbance. Considering large power
systems, as those found in USA, China, or Brazil, for example,
the maintenance of faulty sections of transmission lines or
manual intervention in unassisted power substations are very
critical activities. During important disturbances, operational
centers receive a large quantity of data providing information
from many sources and have to actuate fast to ensure power
flow continuity or system recovery after a blackout.
Operators need concise data as there is no time to go through

elaborated fault analysis. Automated fault analysis systems have
been developed aiming at preparing concise information for
these situations. In [86] one presents algorithms to be used in an
automated fault analysis system, capable, among other features,
of processing files from DFR and calculating the distance of the
fault event from the line terminals. Such applications enable to
save precious time of maintenance teams when localizing and
fixing faulty transmission lines. Signal compression techniques
are suitable when the communication infrastructure for the DFR
is poor or shared with other appliances [103], [105]. In this sit-
uation, precise fault location, which requires information from
both line terminals, could become unavailable or take too long
to be calculated, due to transmission delays.
Smart grids have also the ability of self-healing, that is, in

principle, they rapidly detect, analyze, respond, and restore from
perturbations. For these purposes, they must make massive use
of automated fault analysis tools, DFR and synchrophasor mea-
surements, and depending on the application large phasor frame
rates may be required. In the distribution side of power sys-
tems, research and applications of self-healing algorithms call
for better fault understanding, which can be improved when
fault recording files can be rapidly transmitted over bandwidth
limited communication channels.

D. Compression Performance Evaluation

One must be aware that the aims for compression of electric
signals are very different than those for other signal types. On
one hand, when evaluating the performance of sound and image
lossy compression schemes, one is interested in the amount of
information that can be eliminated from the original signal such
that the human auditory or visual system does not perceive
the missing information [109], [110]. On the other hand, when
compressing waveforms of electric signals, one has to verify if
the distortion introduced by the compression technique leads
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to fault/disturbance misinterpretation by expert engineers or
automated fault analysis systems. Usually, the analysis of fault
recordings of electric signals encompasses detection, classi-
fication, event analysis, identification of underlying sources,
source location, and operation analysis of the protection system
and circuit breakers [3], [5], [6], [111].

E. Future Work

From the analysis of compression techniques for electric sig-
nals, it is clear that there is room for performance improvements.
If we consider the demands related to smart grids, then the list of
issues requiring research efforts increases considerably. Below
we list interesting topics suitable for effort and investigation in
the near future:
• The establishment a complete waveform database for fair
comparison of compression techniques, considering each
distinct application (like fault recording, power quality,
synchrophasor), as well as distinct disturbance phenomena
(like equipment fault behavior, power system fault be-
havior or power quality phenomena).

• The development of a set of evaluation parameters for the
compression of electric signals that takes into account the
analysis based on the reconstructed information.

• The definition of specifications and requirements for com-
pression techniques applied to electric signals.

• The definition of applications and environments in which
compression techniques should be applied.

Finally, by considering the smart grid paradigm as well as
the future tendencies presented, the investigation of cognitive
compression techniques seems to be a very promising issue to
be addressed. Cognitive compression techniques are updated or
reconfigured to each group of electric signals under analysis,
which might result in improved compression ratio and reduced
distortion. Cooperative compression techniques share informa-
tion from signals acquired in different locations in order to gen-
erate more concise collective representations. A technique that
unconsciously addresses this is presented in [112].

V. CONCLUSION

The main goal of this paper was to bring the attention to a
challenging, thought-provoking, and timely research problem
for automation, measurement and control of power systems in
the near future. Special attention was given to the development
attained so far regarding compression techniques for electric
signals. The need for the introduction of powerful compres-
sion techniques for smart grid applications as well as some of
the most important research challenges were addressed. Work
on such challenges will contribute to the advent of novel and
low-cost devices for the widespread and successful introduction
and adoption of smart sensing, monitoring, metering, diagnosis,
and protection in the next generation of electric power systems,
that is, for smart(er) grids.

REFERENCES
[1] I. Y.-H. Gu and E. Styvaktakis, “Bridge the gap: Signal processing for

power quality applications,” Elect. Power Syst. Res., vol. 66, no. 1, pp.
83–96, Jul. 2003.

[2] M. V. Ribeiro, J. Szczupak, M. R. Iravani, I. Y.-H. Gu, P. K. Dash, and
A. V. Mamishev, “Emerging signal processing techniques for power
quality applications,” EURASIP J. Adv. Signal Process., vol. 2007, no.
2, pp. 16–16, Jun. 2007 [Online]. Available: http://dx.doi.org/10.1155/
2007/87425

[3] M. H. J. Bollen, I. Y.-H. Gu, S. Santoso, M. F. Mcgranaghan, P. A.
Crossley, M. V. Ribeiro, and P. F. Ribeiro, “Bridging the gap between
signal and power,” IEEE Signal Process. Mag., vol. 26, no. 4, pp.
12–31, Jul. 2009.

[4] M. H. J. Bollen, P. F. Ribeiro, I. Y.-H. Gu, and C. A. Duque, “Trends,
challenges and opportunities in power quality research,” Eur. Trans.
Electr. Power, vol. 4, no. 1, pp. 2–18, 2009.

[5] M. H. J. Bollen, Understanding Power Quality Problems—Voltage
Sags and Interruptions. Piscataway, NJ, USA: IEEE Press, 2000.

[6] M. H. J. Bollen and I. Y.-H. Gu, Signal Processing of Power Quality
Disturbances. New York: Wiley-IEEE Press, 2006.

[7] K. Mehta and B. D. Russell, “Data compression for digital data from
power systems disturbances: Requirements and technique evaluation,”
IEEE Trans. Power Del., vol. 4, no. 3, pp. 1683–1688, Jul. 1989.

[8] L. Toivonen and J. Morsky, “Measurement and processing of distortion
quantities in a portable, multi-purpose analyzer,” IEEE Trans. Power
Del., vol. 8, no. 4, pp. 1736–1746, Oct. 1993.

[9] “Smart grid,” U.S. Department of Energy, Jun. 2011 [Online]. Avail-
able: http://www.oe.energy.gov/smartgrid.htm,

[10] S. M. Amin and B. Wollenberg, “Toward a smart grid: Power delivery
for the 21st century,” IEEE Power Energy Mag., vol. 3, no. 5, pp.
34–41, Sep.–Oct. 2005.

[11] K. Vu, M. M. Begouic, and D. Novosel, “Grids get smart protection
and control,” IEEE Comput. Apps. Power, vol. 10, no. 4, pp. 40–44,
Oct. 1997.

[12] A. Vojdani, “Smart integration,” IEEE Power Energy Mag., vol. 6, no.
6, pp. 71–79, Nov.–Dec. 2008.

[13] A. Ipakchi and F. Albuyeh, “Grid of the future,” IEEE Power Energy
Mag., vol. 7, no. 2, pp. 52–62, Mar.–Apr. 2009.

[14] EPRI, “Smart grid demonstration-integration of distributed energy
resources” [Online]. Available: http://www.smartgrid.epri.com/Demo.
aspx Jun. 2011

[15] M. M. Albu, R. Neurohr, D. Apetrei, I. Silvas, and D. Federenciuc,
“Monitoring voltage and frequency in smart distribution grids. A case
study on data compression and accessibility,” in Proc. IEEE PES Gen.
Meet., 2010, pp. 1–6.

[16] A. Abart, A. Lugmair, and A. Schenk, “Smart metering features for
managing low voltage distribution grids,” in Proc. 20th CIRED—Part
2, 2009, p. 1.

[17] D. Zhang, Y. Bi, and J. Zhao, “A new data compression algorithm for
power quality online monitoring,” in Proc. SUPERGEN’09, 2009, pp.
1–4.

[18] G. Chicco, “Challenges for smart distribution systems: Data represen-
tation and optimization objectives,” in Proc. 12th OPTIM, 2010, pp.
1236–1244.

[19] M. M. Albu, R. Neurohr, D. Apetrei, I. Silvas, and D. Federenciuc,
“Monitoring voltage and frequency in smart distribution grids. A case
study on data compression and accessibility,” in Proc. PES Gen. Meet.,
2010, pp. 1–6.

[20] J. Ning, J. Wang, W. Gao, and C. Liu, “A wavelet-based data compres-
sion technique for smart grid,” IEEE Trans. Smart Grid, vol. 2, no. 1,
pp. 212–218, Mar. 2011.

[21] S. Das and P. Rao, “Principal component analysis based compression
scheme for power system steady state operational data,” in IEEE PES
Innov. Smart Grid Technol.—India, 2011, pp. 95–100.

[22] R. Parseh, S. S. Acevedo, K. Kansanen, M. Molinas, and T. A. Ram-
stad, “Real-time compression of measurements in distribution grids,”
in Proc. IEEE 3rd Int. Conf. Smart Grid Commun. (SmartGridComm.),
2012, pp. 223–228.

[23] “Recommended practice on monitoring electric power quality,” 2009,
IEEE P1159/P6.

[24] R. P. Bingham, D. Kreiss, and S. Santoso, “Advances in data reduction
techniques for power quality instrumentation,” in Proc. 3rd Eur. Power
Quality Conf., Bremen, Germany, 1995.

[25] W. A. Wilkinson and M. D. Cox, “Discrete wavelet analysis of
power system transients,” IEEE Trans. Power Syst., vol. 11, no. 4, pp.
2038–2044, Nov. 1996.

[26] P. Pillay and A. Bhattacharjee, “Application of wavelets to model
short-term power system disturbances,” IEEE Trans. Power Syst., vol.
11, no. 4, pp. 2031–2037, Nov. 1996.

[27] L. Toivonen and J. Morsky, “Measurement and processing of distortion
quantities in a portable, multi-purpose analyzer,” IEEE Trans. Power
Del., vol. 8, no. 4, pp. 1736–1746, Oct. 1993.

[28] A. K. Khan, “Monitoring power for the future,” Power Eng. J., vol. 15,
no. 2, pp. 81–85, Apr. 2001.

[29] G. T. Heydt and E. Gunther, “Post-measurement processing of elec-
tric power quality data,” IEEE Trans. Power Del., vol. 11, no. 4, pp.
1853–1859, Oct. 1996.



300 IEEE TRANSACTIONS ON SMART GRID, VOL. 5, NO. 1, JANUARY 2014

[30] S. Santoso, E. J. Powers, andW.M. Grady, “Power quality disturbance
data compression using wavelet transform methods,” IEEE Trans.
Power Del., vol. 12, no. 3, pp. 1250–1257, Jul. 1997.

[31] C.-T. Hsieh, S.-J. Huang, and C.-L. Huang, “Data reduction of power
quality disturbances—A wavelet transform approach,” Elect. Power
Syst. Res., vol. 47, no. 2, pp. 79–86, 1998.

[32] J. Chung, E. J. Powers, W. Grady, and S. C. Bhatt, “Variable rate
power disturbance signal compression using embedded zerotree
wavelet transform coding,” in Proc. 1999 IEEE Power Eng. Soc.
Winter Meet., Jan.–4 Feb. 1999, vol. 2, pp. 1305–1309.

[33] T. B. Littler and D. J. Morrow, “Wavelets for the analysis and com-
pression of power system disturbances,” IEEE Trans. Power Del., vol.
14, no. 2, pp. 358–364, Apr. 1999.

[34] G. T. Heydt and S. C. Bhatt, “Present and future trends and needs
in electric power quality sensors and instrumentation,” Elect. Mach.
Power Syst., vol. 27, no. 7, pp. 691–700, 1999.

[35] E. Y. Hamid and Z.-I. Kawasaki, “Wavelet-based data compression
of power system disturbances using the minimum description length
criterion,” IEEE Trans. Power Del., vol. 17, no. 2, pp. 460–466, Apr.
2002.

[36] G. Panda, P. K. Dash, A. K. Pradhan, and S. K. Meher, “Data compres-
sion of power quality events using the slantlet transform,” IEEE Trans.
Power Del., vol. 17, no. 2, pp. 662–667, Apr. 2002.

[37] C.-T. Hsieh and S.-J. Huang, “Disturbance data compression of
a power system using the huffman coding approach with wavelet
transform enhancement,” IEE Proc. Gener., Transm., Distrib., vol.
150, no. 1, pp. 7–14, Jan. 2003.

[38] P. K. Dash, B. K. Panigrahi, D. K. Sahoo, and G. Panda, “Power quality
disturbance data compression, detection, and classification using inte-
grated spline wavelet and s-transform,” IEEE Trans. Power Del., vol.
18, no. 2, pp. 595–600, Apr. 2003.

[39] C.-J. Wu, T.-H. Fu, and C.-P. Huang, “Data compression technique
in recording electric arc furnace voltage and current waveforms for
tracking power quality,” in Proc. IEEE PES Transm. Distrib. Conf.
Expo., 2003, vol. 1, pp. 383–388.

[40] L. Shang and J. J. R. Krebs, “Efficiency analysis of data compression
of power system transients using wavelet transform,” in Proc. IEEE
Bologna Power Tech. Conf., 2003, vol. 4, p. 6, pp.

[41] S. K. Meher, A. K. Pradhan, and G. Panda, “An integrated data com-
pression scheme for power quality events using spline wavelet and
neural network,” Elect. Power Syst. Res., vol. 69, no. 2–3, pp. 213–220,
2004.

[42] O. N. Gerek and D. Ece, “2-d analysis and compression of
power-quality event data,” IEEE Trans. Power Del., vol. 19, no.
2, pp. 791–798, Apr. 2004.

[43] S.-J. Huang and M.-J. Jou, “Application of arithmetic coding for elec-
tric power disturbance data compression with wavelet packet enhance-
ment,” IEEE Trans. Power Syst., vol. 19, no. 3, pp. 1334–1341, Aug.
2004.

[44] F. Lorio and F. Magnago, “Analysis of data compression methods for
power quality events,” in Proc. IEEE Power Eng. Soc. Gen. Meet.,
2004, vol. 1, pp. 504–509.

[45] Y. Yuan, X. Yu, and H. Du, “Power system fault data compression
using the wavelet transform and vector quantification,” in Proc. IEEE
POWERCOM, Oct. 2006, pp. 1–6.

[46] O. N. Gerek and D. G. Ece, “Compression of power quality event data
using 2d representation,” Elect. Power Syst. Res., vol. 78, no. 6, pp.
1047–1052, 2008.

[47] A. Qing, Z. Hongtao, H. Zhikun, and C. Zhiwen, “A compression ap-
proach of power quality monitoring data based on two-dimension dct,”
in Proc. ICMTMA’11, 2011, vol. 1, pp. 20–24.

[48] L. Lovisolo, E. A. B. da Silva, M. A. M. Rodrigues, and P. S. R.
Diniz, “Efficient coherent representations of power systems signals
using damped sinusoids,” IEEE Trans. Signal Process., vol. 53, no. 10,
pp. 3831–3846, Oct. 2005.

[49] M. P. Tcheou, L. Lovisolo, E. A. B. da Silva, M. A. M. Rodrigues,
and P. S. R. Diniz, “Optimum rate-distortion dictionary selection
for compression of atomic decompositions of electric disturbance
signals,” IEEE Signal Process. Lett., vol. 14, no. 2, pp. 81–84, Feb.
2007.

[50] L. Lovisolo, M. P. Tcheou, E. A. B. da Silva, M. A. M. Rodrigues,
and P. S. R. Diniz, “Modeling of electric disturbance signals using
damped sinusoids via atomic decompositions and its applications,”
EURASIP J. Adv. Signal Process., vol. 2007, 2007, pp. Article ID
29 507, 15.

[51] M. V. Ribeiro, J. M. T. Romano, and C. Duque, “An enhanced data
compression method for applications in power quality analysis,” in
Proc. 27th IEEE IECON, 2001, vol. 1, pp. 676–681.

[52] M. V. Ribeiro and C. A. Duque, “The word length influence on wave-
form coding techniques based on wavelet transform applied to distur-
bance compression,” in Proc. 10th IEEE ICHQP, 2002, vol. 1, pp.
139–143.

[53] F. R. Ramos, M. V. Riberto, J. M. T. Romano, and C. A. Duque, “On
signal processing approach for event detection and compression ap-
plied to power quality evaluation,” in Proc. 10th IEEE ICHQP, 2002,
vol. 1, pp. 133–138.

[54] M. V. Ribeiro, J. M. T. Romano, and C. A. Duque, “An improved
method for signal processing and compression in power quality
evaluation,” IEEE Trans. Power Del., vol. 19, no. 2, pp. 464–471,
Apr. 2004.

[55] M. V. Ribeiro, S. H. Park, J. M. T. Romano, and S. K. Mitra, “A novel
MDL-based compression method for power quality applications,”
IEEE Trans. Power Del., vol. 22, no. 1, pp. 27–36, Jan. 2007.

[56] Z. Yun, L. Xiaoming, A. Lingxu, S. Jian, and W. Lihui, “Research on
encoding/decoding method of electric physical information based on
lms-adpcm algorithm,” in Proc. Int. Conf. Adv. Power Syst. Autom.
Protection, 2011, vol. 1, pp. 795–800.

[57] J. Kraus, T. Tobiska, and V. Bubla, “Looseless encodings and com-
pression algorithms applied on power quality datasets,” in Proc. 2nd
IEEE CIRED—Part 1, 2009, pp. 1–4.

[58] J. Kraus, P. Stepan, and L. Kukacka, “Optimal data compression tech-
niques for smart grid and power quality trend data,” in Proc. IEEE
ICHQP, 2012, pp. 707–712.

[59] IEEEP1159.3/D9, “Recommended practice for the transfer of power
quality data”.

[60] N. C. F. Tse, J. Y. C. Chan, and L. L. Lai, “Development of a smart me-
tering scheme for building smart grid system,” in Proc. 8th APSCOM,
2009, pp. 1–5.

[61] M. Zhang, K. Li, and Y. Hu, “A high efficient compression method for
power quality applications,” IEEE Trans. Instrum. Meas., vol. 60, no.
6, pp. 1976–1985, Jun. 2011.

[62] W. Xu, “Component modeling issues for power quality assessment,”
IEEE Power Eng. Rev., vol. 21, no. 11, pp. 12–15,17, Nov. 2001.

[63] M. V. Ribeiro and J. L. R. Pereira, “Classification of single andmultiple
disturbances in electric signals,” EURASIP J. Adv. Signal Process., vol.
2007, no. 2, p. 18, Jun. 2007, pp..

[64] IEEE Task Force on Harmonics Modeling and Simulation, “Interhar-
monics: Theory and modeling,” IEEE Trans. Power Del., vol. 22, no.
4, pp. 2335–2348, Oct. 2007.

[65] IEEE PES Working Group 1433 Power Quality [Online]. Available:
http://grouper.ieee.org/1433/

[66] E. O. Schweitzer, III and D. Hou, “Filtering for protective relays,” in
Proc. IEEE WESCANEX, 1993, pp. 15–23.

[67] D. Wiot, “A new adaptive transient monitoring scheme for detection
of power system events,” IEEE Trans. Power Del., vol. 19, no. 1, pp.
42–48, 2004.

[68] T. Lobos, J. Rezmer, and H.-J. Koglin, “Analysis of power systems
transients using wavelets and prony method,” in Proc. IEEE Porto
Power Tech. Conf., 2001, vol. 4, pp. 1–4.

[69] M. M. Tawfik and M. M. Morcos, “ANN-based techniques for esti-
mating fault location on transmission lines using Prony method,” IEEE
Trans. Power Del., vol. 16, no. 2, pp. 219–224, Apr. 2001.

[70] B. J. Bujanowski, J. W. Pierre, S. M. Hietpas, T. L. Sharpe, and D. A.
Pierre, “A comparison of several system identification methods with
application to power systems,” in Proc. 36th MWSCAS, 1993, vol. 1,
pp. 64–67.

[71] A. W. Galli, G. T. Heydt, and P. F. Ribeiro, “Exploring the power of
wavelet analysis,” IEEE Comput. Appl. Power, vol. 9, no. 4, pp. 37–41,
Oct. 1996.

[72] J. Chung, E. J. Powers, W. M. Grady, and S. C. Bhatt, “Elec-
tric power transient disturbance classification using wavelet-based
hidden Markov models,” in Proc. IEEE ICASSP, 2000, vol. 6, pp.
3662–3665.

[73] P. Pillay and A. Bhattachrjee, “Application of wavelets to model short-
term power system disturbances,” IEEE Trans. Power Syst., vol. 11, no.
4, pp. 2031–2037, Nov. 1996.

[74] O. Poisson, P. Rioual, and M. Meunier, “Detection and measurement
of power quality disturbances using wavelet transforms,” IEEE Trans.
Power Del., vol. 15, no. 3, pp. 1039–1044, Jul. 2000.

[75] H. Y. C. Liao, “A de-noising scheme for enhancing wavelet-based
power quality monitoring systems,” IEEE Trans. Power Del., vol. 16,
no. 3, pp. 353–360, Jul. 2001.

[76] S. Santoso, W. M. Grady, E. J. Powers, J. Lamoore, and S. C. Bhatt,
“Characterization of distribution power quality events with fourier
and wavelets transforms,” IEEE Trans. Power Del., vol. 15, no. 1, pp.
247–254, Jan. 2000.



TCHEOU et al.: THE COMPRESSION OF ELECTRIC SIGNAL WAVEFORMS FOR SMART GRIDS: STATE OF THE ART AND FUTURE TRENDS 301

[77] M. Karimi, H.Mokhtari, andM. R. Iravani, “Wavelet based on-line dis-
turbance detection for power quality applications,” IEEE Trans. Power
Del., vol. 15, no. 4, pp. 1212–1220, Oct. 2000.

[78] W. R. A. Ibrahim and M. M. Morcos, “Artificial intelligence and ad-
vanced mathematical tools for power quality applications: A survey,”
IEEE Trans. Power Del., vol. 17, no. 2, pp. 668–673, Apr. 2002.

[79] A. K. Gosh and D. L. Lubkeman, “The classification of power system
disturbance waveforms using a neural network approach,” IEEE Trans.
Power Del., vol. 10, no. 1, pp. 109–115, Jan. 1995.

[80] L. Lovisolo, K. T. Figueiredo, L. de Menezes Laporte, J. A. M. Neto,
and J. C. dos Santos Rocha, “Location of faults generating short du-
ration voltage variations in distribution systems regions from records
captured at one point and decomposed into damped sinusoids,” IET
Gener., Transm., Distrib., accepted for publication.

[81] Q. Yang, J.Wang,W. Sima, L. Chen, and T. Yuan, “Mixed over-voltage
decomposition using atomic decompositions based on a damped sinu-
soids atom dictionary,” Energies, vol. 4, no. 9, pp. 1410–1427, 2011.

[82] M. V. Ribeiro, C. A. G. Marques, C. A. Duque, A. S. Cerqueira, and J.
L. R. Pereira, “Detection of disturbances in voltage signals for power
quality analysis using HOS,” EURASIP J. Adv. Signal Process., vol.
2007, no. 2, p. 13, Jun. 2007, pp..

[83] K. Sayood, Introduction to Data Compression, 2nd ed. San Fran-
cisco, CA, USA: Morgan Kaufman, 2000.

[84] T. C. Bell, I. H. Witten, and J. G. Cleary, Text Compression/Timothy
C. Bell, John G. Cleary, Ian H. Witten. Englewood Cliffs, NJ, USA:
Prentice-Hall, 1990.

[85] A. Qing, Z. Hongtao, H. Zhikun, and C. Zhiwen, “A compression ap-
proach of power quality monitoring data based on two-dimension dct,”
in Proc. 3rd ICMTMA, 2011, vol. 1, pp. 20–24.

[86] M. P. Tcheou, A. L. Miranda, L. Lovisolo, E. A. da Silva, M. A.
Rodrigues, and P. S. Diniz, “How far can one compress digital fault
records? analysis of a matching pursuit-based algorithm,” Digit.
Signal Process., vol. 22, no. 2, pp. 288–297, 2012.

[87] F. A. O. Nascimento, “Data compression algorithm for transient
recording system,” in Proc. IEEE ISIE, 1997, vol. 3, pp. 1126–1130.

[88] S. Mallat, A Wavelet Tour of Signal Processing, 2nd ed. San Diego,
CA, USA: Academic, 1998.

[89] I. Daubechies, Ten Lectures on Wavelets. Philadelphia, PA, USA:
SIAM, 1991.

[90] J. M. Shapiro, “Embedded image coding using zerotrees of wavelet
coefficients,” IEEE Trans. Signal Process., vol. 41, no. 12, pp.
3445–3462, Dec. 1993.

[91] S. Liu, “An adaptive Kalman filter for dynamic estimation of harmonic
signals,” in Proc. 8th IEEE ICHQP, 1998, vol. 2, pp. 636–640.

[92] J. M. T. Romano and M. Bellanger, “Fast least squares adaptive notch
filtering,” IEEE Trans. Acoust., Speech, Signal Process., vol. 36, no. 9,
pp. 1536–1540, Sep. 1988.

[93] P. S. R. Diniz, Adaptive Filtering: Algorithms and Practical Implemen-
tations, 3rd ed. Boston, MA, USA: Springer, 2008.

[94] Y. T. Cheng, “TMS320C62x Algorithm: Sine wave generation,” Texas
Instruments, Dallas, TX, USA, Tech. Rep., Nov. 2000.

[95] N. Saito, “Simultaneous noise suppression and signal compression
using a library of orthonormal bases and the minimum description
length criterion,” in Wavelets in Geophysics. San Diego, CA, USA:
Academic, 1994, pp. 299–324.

[96] H. Krim, D. Tucker, and S. M. D. Donoho, “On denoising and best
signal representation,” IEEE Trans. Inf. Theory, vol. 45, no. 7, pp.
2225–2238, Nov. 1999.

[97] H. Krim and I. C. Schick, “Minimax description length for signal de-
noising and optimized representation,” IEEE Trans. Inf. Theory, vol.
45, no. 3, pp. 898–908, Apr. 1999.

[98] M. Hansen and B. Yu, “Wavelet thresholding via MDL for natural im-
ages,” IEEE Trans. Inf. Theory, vol. 46, no. 5, pp. 1778–1788, Aug.
2000.

[99] S. G. Chang, B. Yu, and M. Vitterli, “Adaptive wavelet thresholding
for image denoising and compression,” IEEE Trans. Image Process.,
vol. 9, no. 9, pp. 1532–1546, Sep. 2000.

[100] J. Rissanen, “Modeling by shortest data description,” Automatica, vol.
14, pp. 465–471, 1978.

[101] A. Barron, J. Rissanen, and B. Yu, “The minimum description length
principle in coding and modeling,” IEEE Trans. Inf. Theory, vol. 44,
no. 6, pp. 2743–2760, Oct. 1998.

[102] S.Mallat and Z. Zhang, “Matching pursuits with time-frequency dictio-
naries,” IEEE Trans. Signal Process., vol. 41, no. 12, pp. 3397–3415,
Dec. 1993.

[103] S. Galli, A. Scaglione, and Z.Wang, “For the grid and through the grid:
The role of power line communications in the smart grid,” Proc. IEEE,
vol. 99, no. 6, pp. 998–1027, Jun. 2011.

[104] H. Gharavi and B. Hu, “Multigate communication network for smart
grid,” Proc. IEEE, vol. 99, no. 6, pp. 1028–1045, Jun. 2011.

[105] T. Sauter and M. Lobashov, “End-to-end communication architecture
for smart grids,” IEEE Trans. Ind. Electron., vol. 58, no. 4, pp.
1218–1228, Apr. 2011.

[106] A. Gomez-Exposito, A. Abur, A. de la Villa Jaen, and C. Gomez-
Quiles, “A multilevel state estimation paradigm for smart grids,” Proc.
IEEE, vol. 99, no. 6, pp. 952–976, Jun. 2011.

[107] G. W. Arnold, “Challenges and opportunities in smart grid: A position
article,” Proc. IEEE, vol. 99, no. 6, pp. 922–927, Jun. 2011.

[108] Power Monitors Inc. [Online]. Available: http://www.powermonitors.
com/

[109] ITU-R Rec. BS.1387, “Method for objective measurements of per-
ceived audio quality”. Geneva, Switzerland, 1998, ITU.

[110] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image
quality assessment: From error visibility to structural similarity,” IEEE
Trans. Image Process., vol. 13, no. 4, pp. 600–612, Apr. 2004.

[111] M. Kezunovic and M. Rikalo, “Automating the analysis of faults and
power quality,” IEEE Comput. Appl. Power, vol. 12, no. 1, pp. 46–50,
Jan. 1999.

[112] V. Stankovic, L. Stankovic, W. Shuang, and S. Cheng, “Distributed
compression for condition monitoring of wind farms,” IEEE Trans.
Sustain. Energy, vol. 4, no. 1, pp. 174–181, Jan. 2013.

Michel P. Tcheou (M’06) was born in Rio de Janeiro,
Brazil. He received the Engineering degree in elec-
tronics from Federal University of Rio de Janeiro,
Brazil (UFRJ) in 2003, and the M.Sc. and D.Sc. de-
grees in electrical engineering from COPPE/UFRJ in
2005 and 2011, respectively. He has worked at the
Electric Power Research Center (Eletrobras Cepel) in
Rio de Janeiro, Brazil, from 2006 to 2011. Since 2012
he has been with the Department of Electronics and
Communications Engineering (the undergraduate de-
partment) at Rio de Janeiro State University (UERJ).

He has also been with the Postgraduate in Electronics program. His research
interests are in signal processing, communications, data compression, and nu-
merical optimization.

Lisandro Lovisolo (M’08) was born in Neuquen,
Argentina, but considers himself Brazilian. He
received the Electronics Engineering degree from
Universidade Federal do Rio de Janeiro, Brazil, in
1999, the M.Sc. degree in electrical engineering in
2001, and the D.Sc degree in electrical engineering
both from Universidade Federal do Rio de Janeiro
(COPPE/UFRJ). Since 2003 he has been with the
Department of Electronics and Communications
Engineering (the undergraduate department), UERJ.
He has also been with the Postgraduate in Electronics

program, since 2008. His research interests lie in the fields of digital signal and
image processing, communications, and computer science.

Moisés V. Ribeiro (S’03–M’05–SM’10) received
the B.S. degree in electrical engineering from the
Federal University of Juiz de Fora (UFJF), Brazil, in
1999, and the M.Sc. and D.Sc. degrees in electrical
engineering from the University of Campinas (UNI-
CAMP), Brazil, in 2001 and 2005, respectively.
He was Visiting Scholar at University of California
in Santa Barbara in 2004. Also, he was a Visiting
Professor at UFJF from 2005 to 2007. He has been an
Assistant Professor at UFJF since 2007. He was the
General Chair of the 2010 IEEE ISPLC and Guest

Co-Editor for Special Issues in the EURASIP Journal on Advances in Signal
Processing and EURASIP Journal of Electrical and Computer Engineering. He
had served as the Secretary of the IEEE ComSoc TC-PLC. He was awarded a
Fulbright Visiting Professorship at Stanford University in 2011 and at Princeton
University in 2012. He was awarded Student Awards from IECON’01 and
ISIE’03. Dr. Ribeiro co-founded Smarti9 Ltda in 2012.



302 IEEE TRANSACTIONS ON SMART GRID, VOL. 5, NO. 1, JANUARY 2014

Eduardo A. B. da Silva (M’95–SM’05) was born in
Rio de Janeiro, Brazil. He received the Electronics
Engineering degree from Instituto Militar de Engen-
haria (IME), Brazil, in 1984, theM.Sc. degree in elec-
trical engineering from Universidade Federal do Rio
de Janeiro (COPPE/UFRJ) in 1990, and the Ph.D.
degree in electronics from the University of Essex,
U.K., in 1995.
In 1987 and 1988 he was with the Department

of Electrical Engineering at Instituto Militar de
Engenharia, Rio de Janeiro, Brazil. Since 1989 he

has been with the Department of Electronics Engineering (the undergraduate
department), UFRJ. He has also been with the Department of Electrical
Engineering (the graduate studies department), COPPE/UFRJ, since 1996. His
teaching and research interests lie in the fields of digital signal, image and
video processing. In these fields, he has published over 200 peer reviewed
papers. He won the British Telecom Postgraduate Publication Prize in 1995,
for his paper on aliasing cancelation in subband coding. He is also co-author of
the book Digital Signal Processing—System Analysis and Design, published
by Cambridge University Press, in 2002, that has also been translated into the
Portuguese and Chinese languages, whose second edition has been published
in 2010.
He has served as associate editor of the IEEE TRANSACTIONS ON CIRCUITS

AND SYSTEMS—PART I, in 2002, 2003, 2008 and 2009, of the IEEE
TRANSACTIONS ON CIRCUITS AND SYSTEMS—PART II in 2006 and 2007, and
of Multidimensional Systems and Signal Processing, Springer, since 2006. He
has been a Distinguished Lecturer of the IEEE Circuits and Systems Society
in 2003 and 2004. He was Technical Program Co-Chair of ISCAS2011. He
is a senior member of the IEEE, of the Brazilian Telecommunication Society,
and also a member of the Brazilian Society of Television Engineering. His
research interests lie in the fields of signal and image processing, signal
compression, digital TV and pattern recognition, together with its applications
to telecommunications and the oil and gas industry.

Marco Antonio Macciola Rodrigues (M’88–
SM’06) was born in Rio de Janeiro, Brazil, in 1964.
He received the Engineering degree in electronics, the
M.S. and the D.S. degrees in electrical engineering
from the University of Rio de Janeiro, Brazil, in 1986,
1991, and 1999, respectively. He has been working
at the Electric Power Research Center (Eletrobras
Cepel) in Rio de Janeiro, Brazil, since 1987, in
data acquisition systems design, software design,
algorithms for data analysis, control, and signal
processing applications related to power systems.

João Marcos T. Romano (M’88–SM’02) was born
in Rio de Janeiro, Brazil, in 1960. He received the
B.S. and M.S. degrees in electrical engineering from
the University of Campinas (UNICAMP), Brazil, in
1981 and 1984, respectively. In 1987 he received
the Ph.D. degree from the University of Paris-XI,
Orsay. In 1988 he joined the School of Electrical
and Computer Engineering at UNICAMP, where
he is now Professor. He also served as an Invited
Professor at the University René Descartes in Paris,
in the Communications and Electronic Labora-

tory—CNAM/Paris and in the SATIE Lab at the École Normale Supérieure
de Cachan. He is the head of the Signal Processing for Communications
Laboratory at UNICAMP and his research interests concern adaptive and
unsupervised signal processing with applications in telecommunications and
geophysics.
Prof. Romano was the President of the Brazilian Communications Society

(SBrT), a sister society of ComSoc-IEEE, from 2000 to 2004 and he is now the
Editor-in-Chief of the IEEE/SBrT Journal of Communications and Information
Systems (JCIS). He was the Vice-Director of the School of Electrical and Com-
puter Engineering—UNICAMP from 2003 to 2007. Since 1988, he is a recipient
of the Research Fellowship of CNPq-Brazil. He is a Senior Member of SBrT.

Paulo S. R. Diniz (S’80–M’81–SM’92–F’00) was
born in Niterói, Brazil. He received the Electronics
Eng. degree (cum laude) from the Federal University
of Rio de Janeiro, Brazil (UFRJ) in 1978, the M.Sc.
degree from COPPE/UFRJ in 1981, and the Ph.D.
from Concordia University, Montreal, QC, Canada,
in 1984, all in electrical engineering.
Since 1979 he has been with the Department of

Electronic Engineering (the undergraduate depart-
ment) UFRJ. He has also been with the Program
of Electrical Engineering (the graduate studies

department), COPPE/UFRJ, since 1984, where he is presently a Professor. He
served as Undergraduate Course Coordinator and as Chairman of the Graduate
Department. He has received the Rio de Janeiro State Scientist award, from the
Governor of Rio de Janeiro state.
From January 1991 to July 1992, he was a visiting Research Associate in the

Department of Electrical and Computer Engineering of University of Victoria,
Victoria, BC, Canada. He also held a Docent position at Helsinki University
of Technology. From January 2002 to June 2002, he was a Melchor Chair Pro-
fessor in the Department of Electrical Engineering of University of Notre Dame,
Notre Dame, IN, USA. His teaching and research interests are in analog and dig-
ital signal processing, adaptive signal processing, digital communications, wire-
less communications, multirate systems, stochastic processes, and electronic
circuits. He has published several refereed papers in some of these areas and
wrote the textbooks ADAPTIVE FILTERING: Algorithms and Practical Imple-
mentation, Fourth Edition, Springer, NY, 2013, and DIGITAL SIGNAL PRO-
CESSING: System Analysis and Design, 2nd Edition, Cambridge University
Press, Cambridge, U.K., 2010 (with E. A. B. da Silva and S. L. Netto), and the
monograph BLOCK TRANSCEIVERS: OFDM and Beyond, Morgan & Clay-
pool, New York, 2012 (W. A. Martins, and M. V. S. Lima). He has served as the
Technical Program Chair of the 1995 MWSCAS held in Rio de Janeiro, Brazil.
He was the General co-Chair of the IEEE ISCAS2011, and Technical Program
co-Chair of the IEEE SPAWC2008. He has also served Vice President for region
9 of the IEEE Circuits and Systems Society and as Chairman of the DSP tech-
nical committee of the same Society. He has served asassociate editor for the fol-
lowing Journals: IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS II: ANALOG
AND DIGITAL SIGNAL PROCESSING from 1996 to 1999, IEEE TRANSACTIONS ON
SIGNAL PROCESSING from 1999 to 2002, and the Circuits, Systems and Signal
Processing Journal from 1998 to 2002. He was a distinguished lecturer of the
IEEE Circuits and Systems Society for the year 2000 to 2001. In 2004 he served
as distinguished lecturer of the IEEE Signal Processing Society and received the
2004 Education Award of the IEEE Circuits and Systems Society. He also holds
some best-paper awards from conferences and from an IEEE journal.


