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Assessment of Voltage Sag Indices Based on Scaling
and Wavelet Coefficient Energy Analysis

Flavio B. Costa, Member, IEEE, and Johan Driesen, Senior Member, IEEE

Abstract—The two main voltage sag indices are magnitude
and duration, defined in terms of the well-known rms voltages.
The spectral energy of the voltages provides the same voltage sag
indices of the rms voltage analysis and less computational effort
is required. However, neither of them provide point on wave of
sag initiation and recovery. This paper presents a wavelet-based
methodology for the characterization of voltage sags, where the
spectral energy of a voltage is decomposed in terms of the scaling
and wavelet coefficient energies. The scaling coefficient energies
of the phase voltages are used for voltage sag characterization,
providing sag indices (magnitude and duration) in agreement
with the definition. However, the analysis of the wavelet coefficient
energies of such voltages provides additional information for
the identification of the point on wave of voltage sag initiation
and recovery as well as important parameters for power system
protection and voltage sag mitigation devices. The performance
of the proposed wavelet-based methodology was assessed with
actual data and it was scarcely affected by the choice of the mother
wavelet. Therefore, a compact mother wavelet can be used for
voltage sag analysis with computational effort equivalent to the
rms method and in agreement with practical applications. The
maximal overlap discrete wavelet transform presented better per-
formance than the discrete wavelet transform. All of the equations
provided in this paper were developed for real-time analysis.

Index Terms—High-speed sag detection, voltage sag indices,
wavelet transform.

I. INTRODUCTION

V OLTAGE SAGS are currently one of the main power-
quality (PQ) issues, defined by a short-duration reduction

in rms voltage, caused by the short-duration increase in currents
due to faults, overloads, and the starting of large motors [1].
Faults are the main causes of voltage sags.
The residual voltage (the rms voltage magnitude as a per-

centage of a reference voltage during the event) and duration
are the two main indices for voltage sag characterization [2].
An accurate estimation of these parameters is important to help
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system designers select appropriate equipment specifications
for critical processes. The well-known conventional procedure
for voltage sag characterization is based on the analysis of rms
voltages over a window equal to one cycle of the power system
frequency [3]. Though very simple and efficient, rms-based
methods can provide errors in estimation of some event char-
acteristics. For instance, the rms voltage does not immediately
drop to a lower value, but takes a while during the transition,
and the rms voltage does not immediately recover after the fault
[2], which can lead to errors in estimation of the point on wave
of sag initiation and recovery. Limitations associated with rms
methods are discussed in [4].
The spectral energy of phase voltages can be properly used for

voltage sag characterization with exactly the same performance
of rms-based methods when the reference voltage is obtained
during the steady-state operation. The advantage of the energy-
based analysis is the less computational effort in real-time appli-
cations. However, this procedure presents the same drawbacks
of the conventional rms method.
The transition between presag and during-sag voltage con-

tains a large amount of higher frequency components [1],
termed as transients in this paper. The analysis of transients
can provide an accurate identification of the point on wave of
sag initiation and recovery. This information may be used for
network operators to improve their supply. The performance of
some equipment used for mitigating sags also depends on the
detection of the point on wave of sag initiation [2].
The discrete wavelet transform (DWT) and its variant, the

maximal overlap discrete wavelet transform (MODWT), de-
compose a sampled signal in time into scaling and wavelet coef-
ficients. The well-known application of the wavelet coefficients
is to detect and classify PQ disturbances [5]. For instance, the
start and end time of voltage sags can be identified by means of
the wavelet coefficient analysis [6], [7]. However, the wavelet
coefficients are quite influenced by the mother wavelet. An in-
teresting feature of the wavelet transform is its energy conser-
vation principle, where the spectral energy of a signal can be de-
composed into the scaling and wavelet coefficient energies. The
wavelet coefficient energies of the DWT [8], [9] and MODWT
[10] have also been used for fault and some PQ disturbance de-
tection.
This paper presents a new methodology to compute the

scaling and wavelet coefficient energies of the wavelet trans-
form, instead of the spectral energy analysis, as a fast and
efficient tool for voltage sag characterization. The scaling
coefficient energy analysis provides sag indices (magnitude
and duration) in accordance with the definition with processing
time equivalent to the rms voltage computation. However, the
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wavelet coefficient energies can be used for high-speed detec-
tion of sags, providing additional point on wave of sag initiation
and recovery more effectively than the well-known wavelet
coefficient analysis. The extraction of sag indices by means
of the proposed wavelet-based energies is almost not highly
influenced by the choice of the mother wavelet. In addition, the
MODWT provides better performance than the DWT.
Several wavelet-based methods for PQ disturbance analysis

have been developed. Notwithstanding, the performance evalu-
ation of these methods with actual data has been small. The ex-
traction of the voltage sag indices obtained through the proposed
wavelet-based methodology was compared to the conventional
rms-based method by using actual records with voltage sags.
This performance assessment with actual data will be vital for
further development of voltage sag detection methods to yield
results in satisfactory agreement with practical applications. In
addition, all of the wavelet-based equations were developed for
real-time applications.

II. ENERGY OF THE REAL-TIME MODWT

Both the DWT and MODWT use low- and high-pass filters
(scaling and wavelet filters) to divide the frequency band of the
input signal into scaling and wavelet coefficients, respectively.
The scaling and wavelet filters are quadrature mirror
filters of length (even number) associated with the selected
mother wavelet, which divides the frequency spectrum of the
original signal into octave bands. As a consequence, at the first
scale, it is well-known that:
• the scaling coefficients are mainly influenced by the
smallest frequency components of the original signal, from
dc to , where is the sampling frequency; in case
of voltage sag data obtained through a typical digital fault
recorder with 15.36 kHz, these coefficients may pre-
serve information regarding the fundamental power fre-
quency;

• the wavelet coefficients are mainly influenced by the
highest frequency components of the signal, from to

, which can be properly used for high-speed detection
of the transients at the point on wave of sag initiation and
recovery [6].

In contrast to the DWT, there is no downsampling in
MODWT [11]. Therefore, transients induced by faults as well
as transients in voltage sags can be detected faster by means of
the MODWT [12]. In this paper, and are computed through
the MODWT.
By using the MODWT pyramid algorithm, all samples of

the signal, which are intended to be analyzed (main window),
are required to compute and . The first coefficients
may present border distortions because their computation is ac-
complished with samples at the beginning and end of the main
window [11].
The scaling and wavelet coefficients of the MODWT can also

be computed in real time by using a modification of the pyramid
algorithm [12], as follows:

(1)

Fig. 1. Real-time computation of the wavelet coefficients of the MODWT. (a)
Original signal. (b) Real-time wavelet coefficients .

(2)

where occurs once the last samples of the orig-
inal signal are not available, and the first coefficients,
which would be affected by border effects in the conventional
pyramid algorithm, cannot be computed in real time; corre-
sponds to the last sampling; is the first sample of the orig-
inal signal taken into consideration to compute and ; and

and . The processing time has
to be accomplished into seconds.
The scaling and wavelet coefficients of the DWT can also be

computed in real time by means of inner products of and
with the last samples of , respectively. Therefore, in real-
time applications, the time consumption to compute these co-
efficients is the same as the MODWT. However, due to the
downsampling process, the real time and of the DWT are
computed only in alternate samplings, whereas and of the
MODWT are computed in every sampling.
Fig. 1 depicts the process to compute the real-time wavelet

coefficient of the MODWT by using the Daubechies wavelet
with four coefficients (db(4)). The original signal is a sampled
version with 1200 Hz of an actual signal with transients.
From in real time, is always the last sample of the main
window (last signal sampling), increasing when the real-time
line reaches a new sampling. In this case, is the first sample
with transients.
It is well known that each scaling and wavelet coefficient is

located in time at the midpoint of the samples of the orig-
inal signal that originated such coefficients by means of an inner
product with and , respectively [11]. In real time, however,
and of the MODWT are computed at sample with the

last samples of the signal, and these coefficients are associ-
ated with the th sampling. Therefore, a delay of the real-time
scaling and wavelet coefficients regarding the coefficients of the
conventional pyramid algorithm is expected.



338 IEEE TRANSACTIONS ON POWER DELIVERY, VOL. 28, NO. 1, JANUARY 2013

The spectral energy of a window of length sliding in
the real-time voltage (signal sliding window) is given by

(3)

where and are the
energies of the voltages , respectively. In this
paper, is equal to one cycle of the power frequency
.
According to the theorem of Parseval, the energy of a signal

can be decomposed in terms of the energy of scaling andwavelet
coefficients [11]. In real time, the spectral energy of the signal
sliding window (3) can also be decomposed into the scaling
coefficient energies and the wavelet coefficient energies

, at the first scale, as follows:

(4)

where and are proposed to be decomposed into two more
components

(5)

(6)

since . The energies and are computed
by means of the scaling sliding window and wavelet sliding
window [Fig. 1(b)], which are located at the real-time coeffi-
cients and , respectively.
The components and are due to the scaling and

wavelet coefficients with border effects of the samples inside
the signal sliding window as follows:

(7)

(8)

since . Instead of the first real-time
coefficients of the scaling and wavelet sliding windows, which
are not affected by border effects of the samples of the voltage
sliding window, the coefficients with border effects and are
used to compute and , respectively. These coef-
ficients are computed as follows:

(9)

(10)

where and

is a sequence of the last and
the first samples of the signal sliding window.

The components and are computed with the real-time
scaling and wavelet coefficients, as follows:

(11)

(12)

since . The first coefficients of the scaling
and wavelet sliding windows are not taken into account.
The scaling and wavelet coefficient energies were defined by

[10] as follows:

(13)

(14)

since . These energies take into account
all real-time coefficients into the scaling and wavelet sliding
windows, respectively. Therefore, the coefficients with border
effects of the signal sliding window are not taken into account.
As a consequence, .

III. CHARACTERIZATION OF VOLTAGE SAG

The IEEE Standards 1159-1995 [13] and IEC 61000-4-30 [3]
are the two main standards that define voltage sag (dip), swell,
and interruption. In this paper, based on these standards, voltage
sags, swells, and interruptions are characterized by their magni-
tude (rms value) and duration as follows.
• The voltage sag starts when at least one of the rms voltages
drops below the threshold of 90% of the reference voltage
and ends when all three rms voltages have been recovered
above this threshold for durations from half-cycle to 1 min.

• The voltage swell starts when at least one of the rms volt-
ages rises above the threshold of 110% of the reference
voltage and ends when all three rms voltages have been re-
covered below this threshold for durations from half cycle
to 1 min.

• Voltage interruption starts when all three rms voltages drop
below the threshold of 10% of the reference voltage and
ends when at least one of them rises above this threshold
for durations from half cycle to 1 min.

Voltage sags are mainly due to faults [1]. Only voltage sags
will be properly dealt with in this paper. However, the analysis
accomplished here can be extended for voltage swell and inter-
ruption characterization.

A. RMS-Based Analysis

The IEC PQ measurement standard 61000-4-30 [3] pre-
scribes a precise rms-based method for obtaining the voltage
magnitude as a function of time. In fact, most commonly used
PQ monitors calculate not the fundamental component but the
rms value over a one-cycle or half-cycle window of the power
system frequency [2]. The calculation of the one-cycle rms
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voltage can be repeated every half-cycle [3]. However, in this
paper, the rms voltage is obtained over a one-cycle
window sliding sample by sample in time (voltage sliding
window), as follows:

(15)

where ; the th rms value is associated with
the sample and are the rms
voltages of , respectively.
Typically, the nominal voltage is used as a reference. How-

ever, the voltage at a specific point of the system varies with the
time of day. In practical applications, the average voltage over
a shorter or longer period, computed many times along the day,
is used as a reference voltage . In this paper, actual records
with voltage sags are assessed and a period of one cycle
before the event is used to compute as follows:

(16)

where ; are
the average values in one cycle of the rms voltages

, respectively. The system has
to be in steady-state operation at least in two cycles before the
sample .
The most commonly used methods compare the rms voltages

with thresholds and a voltage sag can be confirmed if

(17)

for more than a half-cycle; 0.1 and 0.9 are rms
voltage thresholds. In a case of voltage swell,
for more than a half-cycle, where 1.1. With regard to the
voltage interruption, the voltages tend toward zero and

.
The residual voltage is defined in this paper as the rms

voltage magnitude as a percentage of a reference voltage during
the voltage sag as follows:

(18)

where are the residual voltages of
, respectively.

Fig. 2 depicts the voltages and currents of an actual record
with voltage sag due to a single-line-to-ground (SLG) fault upon
a parallel line and the respective one-cycle rms voltages as well.
At the monitoring point, the fault inception and clearance times
were located at samples and , respectively.
According to Fig. 2(a), the voltage magnitude in phase C

clearly dropped soon after the fault inception at sample to
a value of less than the pre-event voltage for about three-and-a-
half cycles. After the fault clearance, at sample , the voltage
came back to about the presag voltage. However, according to
standards, voltage sags are referred to as rms events. This means
that instead of looking at the instantaneous voltage waveforms,
voltage sag initiation and recovery as well as sag duration are

Fig. 2. Actual oscillographic record with a voltage sag due to an SLG fault
upon a parallel line. (a) Voltages. (b) Currents. (c) RMS voltages.

obtained through rms voltage analysis. The samples and
are defined in this paper as the point on wave of sag initiation
and recovery, respectively.
With regard to the rms-based analysis [Fig. 2(c)], from

the sample , the rms voltage related to the faulted phase
presented a significant drop in magnitude for about

four cycles, whereas the other two presented a minor drop.
After the fault clearance, the voltage came back to about the
presag voltage from the sample . In this paper, and

are the start and end time of sags obtained through the
rms voltage analysis, respectively. The sag duration is given by

.

B. Spectral Energy-Based Analysis

This paper presents an alternative method to detect voltage
sags by means of the one-cycle spectral energy analysis of the
voltages, such as those defined in (3). A voltage sag can be
detected by comparing to a reference energy value ,
which is computed at sample as follows:

(19)

where , are the av-
erage values in one cycle of the energies ,
respectively. The system has to be in steady-state operation at
least in two cycles before .
The rms voltage obtained over a one-cycle window (15)

can be defined in terms of the one-cycle voltage energy (3), as
follows:

(20)

Taking into consideration and computed at the same
sample , during the steady-state operation, the residual
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Fig. 3. Voltage sag detection by using: (a) normalized rms voltages and (b)
normalized energy voltages.

voltage can be computed as a function of the spectral energy
(the Appendix) as follows:

(21)

By using the spectral energy of the voltage instead of the rms
voltage, from (17), a voltage sag can be detected if

(22)

for more than a half-cycle; and
0.81 are energy thresholds. Voltage swell and interruption are
detected if and , respectively, where

1.21.
Fig. 3 depicts the one-cycle rms voltages and the one-cycle

energies regarding the phase voltages shown in Fig. 2, both of
which normalized the respective reference voltages and energies
obtained during the steady-state system operation. Both of them
presented a meaningful signature of the sag.
Exactly the same features presented by the rms voltage were

obtained by using the energy of the voltages (Fig. 3). The energy
related to the faulted phase presented a significant drop in
magnitude, whereas the other two presented a minor drop. The
residual voltages were the same and the start and end times of
the sag were and , respectively. However, by com-
paring (3) and (15), the computational effort is reduced by using
the energy-based method.

C. Scaling Coefficient Energy-Based Analysis

Taking into account the frequency response of the scaling
and wavelet filters as well as the energy decomposition the-
orem, is mainly related to the energy of the fundamental fre-
quency component, whereas the is related to the energy of
the high-frequency components of the signal. The energy related
to the fundamental frequency component is usually higher than
the energy of the high-frequency components of the transients.
Therefore, the spectral energy is expected to be
similar to the scaling coefficient energy .

Fig. 4. Actual voltage sag. (a) Phase C voltage: . (b) Spectral energy of
the voltage: . (c) Scaling coefficient energies and . (d) Wavelet
coefficient energies and . (e) Wavelet coefficients .

The frequency response of the scaling filter changes a little
with the mother wavelet. However, at the first scale, the fun-
damental frequency component is located far from the cutoff
frequency of such a filter. As a consequence, the scaling coeffi-
cient energies are expected to be little influenced by the mother
wavelet.
Fig. 4 depicts the phase C voltage shown in Fig. 2, the respec-

tive one-cycle energies , , , , and , as well
as the wavelet coefficients of by using the wavelet
Daubechies with four coefficients (db(4)).
According to Fig. 4, during the steady-state system operation

, , , and . In
this case, . During the voltage sag, presents
a hard increase of energy from the point on wave of sag initiation
and recovery. On the other hand, presents a decrease of
energy. However, the maximum value of is about
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and, in distinct time, the minimum value of is about
. The energy is exactly the sum of and

. However, taking into account , thus
. In fact, visually, and presented

similar features in Fig. 4(b) and (c), respectively.
In order to demonstrate that the waveforms and

in Fig. 4 are quite similar, a square of the correlation coef-
ficient—coefficient of determination 0.99999969 was
obtained by means of a correlational analysis between these
energies.
Considering the scaling coefficient energies are quite similar

to the spectral energies , it is expected that the scaling
coefficient energy analysis may provide similar voltage sag in-
dices to that obtained through the spectral energy. In this case,
reference energy is defined as follows:

(23)

where . are average
values in one cycle of . The system must
be in steady-state operation at least in two cycles before .
Assuming , as an analogy to (21), the residual voltage

can also be computed by using , , and as follows:

(24)

A voltage sag can be detected by comparing the scaling co-
efficient energies of the voltages with the related reference en-
ergies, as follows:

(25)

for more than a half cycle. Both voltage swells and interruptions
are detected if and for more than a
half-cycle, respectively. The samples and are the start and
end times of voltage sags obtained by means of .

IV. PERFORMANCE ASSESSMENT FOR THE EXTRACTION OF
VOLTAGE SAG INDICES

In order to demonstrate that the scaling coefficient en-
ergy-based analysis provides voltage sag indices in accordance
with the rms definition with no influence of the power system
topology, a database composed of 219 actual records with
voltage sags was evaluated. The voltage sags were recorded
with various sampling frequencies (from 1.2 to 15.36 kHz) upon
138-, 230-, and 500-kV transmission lines of Brazilian power
systems. The voltage sags were due to single-line-to-ground,
double-line-to-ground, line-to-line, and three-phase faults. In
each actual record, the magnitude (minimum residual voltage
termed as sag depth), the start and end times, and duration
indices were extracted by means of the energy-based method-
ologies and compared to the rms definition.

A. Extraction of Voltage Sag Indices

As expected, the spectral energy-based analysis provided ex-
actly the same indices of the rms-based analysis in all cases.
According to (5), the scaling coefficient energy proposed

in this paper is composed of two components

Fig. 5. Extraction of sag indices through of the MODWT and .

TABLE I
PERFORMANCE ASSESSMENT OF AND OF THE MODWT

db, coif, and sym: Daubechies, Coiflets, and Symlets wavelets.
: Number of coefficients of the wavelet base functions.

0.9999999 in all cases.

. The component is an energy computed with the
scaling coefficients influenced by the border effects of the

voltage sliding window, whereas is computed with the last
coefficients of the scaling sliding window and are

mainly influenced by the fundamental power frequency compo-
nent. Disregarding the influence of the border effects and
expanding the computation of with all coefficients of the
scaling sliding window, [10] proposed is the scaling coeffi-
cient energy for voltage sag detection. Therefore, and are
similar.
Fig. 5 depicts the voltage sag depth versus duration obtained

through the energy of the MODWT with db(4) and the rms
voltages for all actual voltage sags. is defined as
the coefficient of determination as a result of the 2-D correla-
tion analysis of the sag depth versus duration of the rms voltage
sag definition with the sag depth versus duration of the energy
. According to Fig. 5, provided residual voltage and dura-
tion according to the definition, because a strong relationship of
voltage sag indices from and the rms voltages was obtained

0.99999999).
Table I summarizes the performance of the energies and
of the MODWT in extraction of voltage sag indices, where

and are the
average errors of and with the rms definition, respectively.
The same analysis was accomplished for the energy of the
DWT (Table II).
As discussed in the previous section, for all wavelet

base functions. This statement was confirmed by means of sta-
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TABLE II
PERFORMANCE ASSESSMENT OF THE ENERGY OF THE DWT

0.9999999 in all cases.

tistical analysis of actual data: according to Table I, voltage sag
depth and duration extracted through and of the MODWT
are in accordance with the rms definition for all evaluated
mother wavelets because a strong relationship ( and

) of these sag indices with the definition
was obtained in all cases.
With regard to the start and end times of the voltage sags,
of the MODWT provided and for

all evaluated wavelets ( and in Table I). On
the other hand, of the MODWT was affected by the mother
wavelets, presenting waveforms with shifting forward in time.
For instance, by using the db(4), and were detected in
about two samples after and , respectively, where
and are the start and end times of voltage sags obtained by
means of . By using a wavelet with many more coefficients,
such as the db(12), and were detected in about 9.6 samples
after and , respectively. Therefore, presented better
performance than .
The real-time scaling coefficients provide shifting forward in

time for long mother wavelets due to the convolution process of
the MODWT. Therefore, the energies and also present a
shifting forward in time with the mother wavelet because these
energies are only computed with the coefficients of the scaling
sliding window. However, the component is compensated
with the border effects in order to ensure in all
samples. As a consequence, the energy presents sag mag-
nitude, duration, as well as start and end times for all mother
wavelets, in accordance with the rms definition.
The proposed energy analysis is based on the energy decom-

position theorem of the wavelet transform ,
which is also valid for the DWT. Taking , of
MODWT and DWT into account may provide energy points
to the similar energy waveform. Therefore, of the DWT
may also provide voltage sag indices in accordance with the
rms definition. In fact, according to Table II, the of the
DWT presents voltage sag depth and duration in accordance
with the definition without influence of the mother wavelet

0.9999999). However, due to the downsampling by
a factor of two, of the DWT provided and one sample
after and , respectively, in about 50% of the analyzed
actual records ( and ). Therefore, of the
MODWT presented better performance than the DWT.

B. Effectiveness of the Real-Time MODWT and DWT

Table III summarizes the floating-point operations (FLOPs),
per sampling, performed by means of the real-time scaling and

TABLE III
EFFICIENCY OF THE REAL-TIME ALGORITHMS

: number of coefficients of the scaling and wavelet filters;
: number of FLOPs to compute ;
: number of FLOPs to compute ;

: performed every sampling;
: performed in alternate samplings.

wavelet coefficient energies for various mother wavelets, spec-
tral energy, and rms algorithms. All energies require only ad-
dition and multiplication operations in each sampling, whereas
the rms voltage requires the same FLOPs of the spectral energy
plus a division and a square root operation in each sampling.
Addition and multiplication operations were considered to be
one FLOP. However, the number of FLOPs to compute a divi-
sion and a square root is a function of the iterative method for
estimating these operations in a specific processor. For instance,
a digital signal processor (DSP) usually performs the square
root by means of an estimation process followed by two iter-
ations of the Newton–Raphson algorithm. As a benchmark, the
TMS320xF2833xDSP performs square root and division opera-
tions with 28 and 24 execution time in CPU cycles, respectively.
In this paper, it is assumed that the rms algorithm requires about
55 FLOPs.
The energy presented the voltage sag indices in accor-

dance with the rms definition with almost no influence of the
mother wavelet. Therefore, a compact wavelet with simple im-
plementation such as the db(4) is a good choice for voltage
sag analysis, presenting time consumption equivalent to the rms
voltage (Table III). In addition, modern processors perform sev-
eral million FLOPs per second and the computational efforts of
all of them are much less than the time step. Therefore, the pro-
cessing time criterium might not be a critical task for real-time
applications with modern processors. The real advantage of the
proposed wavelet-based analysis is the additional information
for high-speed sag detection obtained by means of the energy
, as addressed in the next section.

V. POINT ON WAVE OF VOLTAGE SAG
INITIATION AND RECOVERY

Though very simple and efficient, rms-based methods can
provide errors in estimation of some sag characteristics. For
instance, the rms voltage does not immediately drop to a
lower value, but takes a while during the transition, and the
rms voltage does not immediately recover after the fault [2],
[14], which can lead to errors in estimation of sag initiation

and recovery , such as that shown in
Fig. 2.
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The spectral energy of the voltages can be decomposed into
scaling and wavelet coefficient energies . of
the MODWT proved to be useful for the identification of sag
magnitude and duration according to the definition, whereas it
will be demonstrated in this section that of the MODWT can
provide additional high-speed sag detection and accurate iden-
tification of the point on wave of sag initiation and recovery,
which are important parameters for power system protection
and sag mitigation devices [15], [16].

A. Wavelet Coefficients

The transition between presag and during-sag voltage con-
tains a large amount of higher frequency components [1], called
transients in this paper. According to [2], beyondmagnitude and
duration, transient inception in both voltages and currents is an-
other fundamental concern for voltage sag characterization. For
instance, the point on wave of sag initiation and recovery of the
event shown in Fig. 2 are followed by transients.
The wavelet coefficients are quite influenced by the transients

during the point on wave of sag initiation and recovery. Re-
cently, papers have been proposing the wavelet coefficients of
the DWT for detection of these periods [6], [7]. However, the
wavelet coefficients of the MODWT provide faster detection of
the transients in real time [12].
According to Fig. 4(e), the wavelet coefficients of the

MODWT before presented random values due to electrical
noises. However, the coefficients from the point on wave of
sag initiation and recovery presented higher values due to the
transients. Therefore, the point on wave of sag initiation and
recovery can be detected by means of thresholds ( and )
established during the steady-state operation as the average
3 the standard deviation of the wavelet coefficients [6].
The wavelet coefficients are a good alternatives for high-

speed voltage sag detection. However, in critical cases, such as
a voltage sag due to a high resistance fault located far from the
monitored point, the transients can be very damped and can
be strongly influenced by the choice of the mother wavelet, and
the high-speed sag detection can fail.
Fig. 6 depicts the phase A voltage of an actual record with

minor voltage sag and very damped transients; the energies ,
, and ; as well as the wavelet coefficients of this voltage

by using db(6) and db(20). The voltage was sampled at 5.76
kHz. By using db(6), the wavelet coefficients [Fig. 6(c)] at the
point on wave of sag initiation and recovery, at samples and
, did not present reliable values to be distinguished from the

coefficients related to the noises in steady-state operation. With
regard to the db(20), the wavelet coefficients [Fig. 6(e)] could
not detect the transients at the point on wave of sag initiation
and recovery.

B. Wavelet Coefficient Energies and

The wavelet coefficient energy is computed with the last
coefficients of the wavelet sliding window. There-

fore, is also influenced by high-frequency noises and tran-
sients. According to Fig. 4(d), during the steady-state system
operation, was almost constant. These energy
values are due to the high-frequency noises and are assumed to
be disturbance free. However, due to the transients, a fast-rising

Fig. 6. Actual record with minor voltage sag. (a) Phase A voltage: . (b)
Scaling coefficient energy: db(6). (c) Wavelet coefficients— —db(6).
(d) Wavelet coefficient energy— and —db(6). (e) Wavelet coeffi-
cients— —db(20); (f) wavelet coefficient energy— and —db(20).

energy occurred from the point on wave of sag initiation and
recovery, at samples and . A similar wavelet coefficient
energy was used by [10] for real-time detection of voltage
sags by using the real-timeMODWT. An offline version of by
using the DWT was also used by [8] and [9] for power system
disturbance detection.
The energies and are also good alternatives for high-

speed voltage sag detection. However, these energies, such as
the wavelet coefficients, are influenced by the choice of the
mother wavelet and can fail in critical cases. For instance,
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did not present a sharp increase of energy from samples and
in Fig. 6(d) and (f).

C. Wavelet Coefficient Energies With Border Effects

According to Fig. 1, when the signal sliding window reaches
the first sample affected by transients, the real-time wavelet co-
efficient is a result of an inner product of the wavelet filter
with the last samples of the signal, where samples are

related to the steady-state operation. As a consequence, an in-
crease in magnitude of is expected because the last coeffi-
cients were only computed with samples during steady-state op-
eration. At the first sample with transients, all of the wavelet co-
efficients with border effects are also computed by means of
an inner product of with samples of the steady-state op-
eration and the first sample affected by the transients. Therefore,
all coefficients may also present an increase in magnitude.
In real time, at the first sample with transients, and will

only take into consideration one wavelet coefficient affected by
the transients, whereas of the MODWT will take into con-
sideration coefficients affected by the transients. There-
fore, may present the sharpest increase of
energy during the transient period.

D. Wavelet Coefficient Energies

This paper proposes the real-time wavelet coefficient ener-
gies as , which take into consideration the
effects of the noise and transients as well as the border
effects . For instance, according to Fig. 4(d), during
the steady-state system operation was almost con-
stant (there are no border effects). These energies are due to the
high-frequency noises and are assumed to be disturbance free

. However, due to the transients and border effects,
fast-rising energy occurred at samples and ,
where and are estimations of the point on wave of voltage
sag initiation and recovery, respectively, obtained through
analysis. The energy increased faster to a
higher value than , which is a good feature for transient de-
tection.
Fig. 7 depicts the wavelet coefficients of the MODWT as

well as and of the voltage shown in Fig. 4(a) for five
wavelets: db(4), db(8), db(12), coif(6), and coif(12) in order to
show the influence of the mother wavelet in real-time detection
of the transients in the point on wave of sag initiation.
The real-time wavelet coefficient is computed with the

last samples of the original signal, which include the th
sample. Therefore, the real-time sample of the signal is used
to compute the th wavelet coefficient and will be used to com-
pute the next real-time coefficients. As a consequence, the
transients starting at the th sample can be detectable from the
real-time sample to the future next samples according to the
features of the wavelet base functions (e.g., the fault-induced
transients started at sample in Fig. 7). By using the wavelets
db(4), db(8), db(12), coif(6), and coif(12), the first considerable
wavelet coefficient peak was located at samples , , ,

, and , respectively. Therefore, there is a shifting for-
ward in time of the wavelet coefficients and the related energy

with long mother wavelets. On the other hand, the energy
was less influenced by the choice of the mother wavelet, and

Fig. 7. Wavelet coefficients and wavelet coefficient energies and

: (a) db(4), (b) db(8), (c) db(12), (d) coif(6), (e) coif(12).

the point on wave of sag initiation could be detectable at the first
sample with transients in all evaluated mother wavelets (Fig. 7).
The real-time energy presented better performance for

point on wave of sag initiation and recovery than both the
wavelet coefficients and the energy because fast (no shifting
in time to detect the transients) and accurate (increase of energy
for transient detection) detection of these point on waves were
accomplished with almost no influence of the mother wavelet,
even though in critical cases.

E. Effectiveness of the Real-Time MODWT and DWT

The proposed MODWT energy analysis is based on the en-
ergy decomposition theorem of the wavelet transform, which is
also valid for the DWT: for MODWT and DWT.
Therefore, of the DWT may also provide the point on wave
of sag initiation and recovery. Fig. 8 depicts the wavelet coef-
ficient energy of the MODWT and the DWT by using the
db(4) wavelet of the voltage sag shown in Fig. 4(a). The energy
of the DWT is computed in alternate samplings (downsam-

pling process) and the two possible cases were taken into ac-
count of the DWT computed in odd samplings [Fig. 8(b)]
and of the DWT computed in even samplings [Fig. 8(c)].
According to Fig. 8, the energies of the MODWT and

DWT are similar. However, of the DWT can detect the
point on wave of voltage sag initiation and recovery either at
the same time as the MODWT [Fig. 8(b)] or one sample after
[Fig. 8(c)]. Therefore, the real-time detection of the point on
wave of voltage sag initiation and recovery is faster by means
of the energy of the MODWT.

VI. CONCLUSION

This paper presented an energy-based methodology for char-
acterization of voltage sags. The spectral energy of the voltages
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Fig. 8. Effects of the downsampling of the wavelet transform. (a) of the
MODWT. (b) of the DWT (in odd samplings). (c) of the DWT (in even
samplings).

provided exactly the same voltage sag indices (magnitude and
duration) as the rms definition with less computational efforts
per sample. However, the point on wave of sag initiation and re-
covery are not accurately identified by using these techniques.
The spectral energy of the voltages can be decomposed into

scaling and wavelet coefficient energies at the first scale with
processing time equivalent to the rms voltage computation by
using compact mother wavelets. Based on actual data analysis,
the scaling coefficient energy provided magnitude and dura-
tion of voltage sags according to the definition. However, the
wavelet coefficient energy provided additional high-speed de-
tection of the point-on-wave of sag initiation and recovery. Both
scaling and wavelet coefficient energies were scarcely affected
by the choice of the mother wavelet. The maximal overlap DWT
presented better performance than the DWT.
Electrical equipment operates best when the rms voltage is

constant and equal to the nominal rms voltage. For example,
computers, consumer electronics, induction and synchronous
motors, and adjustable-speed drivers are sensitive to reductions
in voltage. Some of these electrical devices can stop operating
completely in a case of voltage sag. In addition, voltage sag may
cause false tripping in protection apparatus. Therefore, the real-
time detection of the point of wave of voltage sags by means of
the wavelet coefficient energy analysis and the real-time estima-
tion of the residual voltage by means of the scaling coefficient
energy analysis can be useful for voltage sag mitigation devices
and the protection of power systems.

APPENDIX
DESCRIPTION AND DEMONSTRATION ON (13)

From (20), the one-cycle voltage energy can be defined in
terms of the one-cycle rms voltage, as follows

(26)

The sample to compute and is also the same. In addi-
tion, the sliding window to compute both the spectral energies

of the voltage and the rms voltages is the same. In this way, from
(26) and (19), at sample

(27)

(28)

The variance of the rms voltage in one cycle (from
to ) is defined in terms of the arithmetic average of the

squared rms voltage and the square of the arithmetic average of
the rms voltage, as follows:

(29)
Taking into account the steady-state system operation when

the reference rms voltage and the reference energy of the
voltage are computed, from to , the variance
of the rms voltage tends to zero because a voltage similar to
a sinusoidal function with minor distortion is expected. In this
way

(30)

Computing and during steady-state system operation,
from (28) and (30)

(31)

and from (16)

(32)

Finally, taking into account and computed during the
steady-state system operation, the residual voltage can be com-
puted with either the rms voltage or the spectral energy of the
voltage, as follows:

(33)

where .
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