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Abstract: Among various spectral analysis tools arisen in the last years, some were more prominent, such as Fourier transform,
windowed Fourier transform and wavelet transform (WT). Nevertheless, all of them present implementation restrictions for an
ideal extraction for low as well as high frequencies, of variant signals in time, as, for example, signals containing time-varying
harmonics. In this sense, this study presents a review of concepts on the S-transform (ST), also known as Stockwell transform,
applied in the analysis of some signals in the context of power quality (PQ). ST gathers, in a single function, positive qualities of
both short time Fourier transform (STFT) and WT. This study presents a mathematical basis and some considerations regarding
ST, referring to published papers, including a comparison between ST and STFT, as well as WT. It is worth emphasising that a
final solution for the extraction of the low- and high-frequency information from time-varying signals is not yet available. ST is a
satisfactory approach, but it still needs more detailed studies. This study presents a necessary set of steps for a better
understanding of ST, reproduction of examples found in correspondent literature, as well as the ones regarding PQ.

According to the initial research studies, the extraction of the
frequency spectrum received its first impulse after investigations
on the periodic function decomposition in convergent
trigonometric series [1]. Consequently, the Fourier transform (FT)

Nomenclature

f frequency, Hz
glm,n] Gaussian window on time

Glm,n]  Gaussian window on frequency has become one of the widely used tools for obtaining spectral
h(t) signal on time components. However, one of its limitations is the detection and
hIkT] discrete time series analysis of signals with frequencies that vary over time, which, for
H §1gna} on frequency some practical applications, may be essential. In 1946, Dennis
J Imagmary part . Gabor proposed a solution for such limitation through windowed
p.m.q.k factors that control window use of FT to analyse time—frequency. This was the reason for the
mAp sample f.requ.ency interval emergence of the short time Fourier transform (STFT), also known
nAr sample time interval as windowed Fourier transform (WFT) [2], or as Gabor transform
N signal length [3]. Nevertheless, the latter is also incapable of adequately trace
X FFT of signal x dynamic signals due to limitations on its fixed time window width.
@, w modified Gaussian window Therefore, the main disadvantages of STFT are the disability to
S S-transform result detect and analyse low frequencies and incorrect time resolution of
T time interval, s high-frequency events.

t time, s Grossmann and Morlet [4] proposed, in 1984, the wavelet
x(t) signal on time transform (WT), which enabled to extract information in time and
X signal on frequency frequency domains and became the most adequate tool for dynamic
a frequency location signals. However, WT is noise sensible and has limitations in direct
p frequency bandwidth intuitive visual interpretation of the frequency scale. Finally,
v frequency variable centre of a band frequency Stockwell et al. [5], in 1996, proposed the S-transform (ST).
m Pinumber =~ 3.1416 Among ST properties, the most prominent are its resolution,
o standard deviation depending on frequency and the time—frequency domain, as well as
T time location, s the extraction of phases that compose the analysed signal.

With the description of generalised S-transform (GST) [6], it
was possible to improve the resolution in time on the initial
moment and the frequency resolution on the final part of an event.
According to the specific analysis, it is possible to apply a different
window to ST, as, for example, bi-Gaussian and hyperbolic
window, inter alia [7], aiming at a better resolution.

The main problem that drives much of the research previously
presented is the restrictions observed by FT, WFT and WT in
extracting low- and high-frequency information from time-varying
signals, such as, in the context of PQ, signals that contain
harmonics varying in time. In this sense, this paper presents a
review of concepts on the ST, also known as Stockwell transform,
applied in the analysis of some signals in the context of PQ. This
paper reviews the ST fundamental mathematical formulation, its

1 Introduction

The search for the optimum representation of the frequency
spectrum has become more important along the years, especially
nowadays, in the context of power quality (PQ). The need for
characterising the phasors that represent harmonic contents has
increased with time-varying harmonic (TVH), considering the real
non-periodic signal characteristic along time.

Research studies for tools that respond better to TVHs have
improved over the years, focusing on higher speed and resolution.
Finding an adequate tool, considering PQ challenges, is of vital
importance, especially with the proliferation of devices that
generate harmonic, interharmonic, and sub/supraharmonic

components.
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properties, as well as results of simulations with ST and other
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Fig. 1 Schematic diagram for ST application [10]

implemented time—frequency analyses, based on correlated
literature. It also presents additional topics related to discrete S-
transform (DST) and discrete orthonormal Stockwell transform
(DOST). A section will be dedicated to GST and its implication in
different windowing, with figures of their properties. In addition,
some PQ applications will be presented, as well as a brief analysis
of their potentialities. It is worth emphasising that a final solution
for the extraction of the low- and high-frequency information from
time-varying signals is not yet available. ST is a satisfactory
approach, but it still needs more detailed studies.

2 S-transform

ST can be considered a hybrid method, between STFT and WT.
This tool can be classified as a frequency-dependent STFT or a WT
with corrected phase. ST can be defined as

+00
S f) = f h(z)%ﬂe’”’”zfz’ze-ﬁ”ff dr. (1)

window

The frequency-dependent window enables a frequency resolution
with narrower ranges for higher frequencies and wider range ones
for lower frequencies. The concentration of the energy resulting
from a signal, when analysed by ST and STFT, allows a better
comparison of the resulting energies in the time—frequency axes, as
subsequently shown. Opposite to WT, phase information provided
by ST is connected to origin in time, using FT as a basis, which is
not possible with continuous wavelet transform, where phase
information is locally referenced [8, 9].

The following section presents DST, its algorithm on the
optimised form, as well as some final comparisons between ST and
conventional methods as STFT and Wigner distribution function
(WDF).

2.1 Discrete S-transform

Considering h[kT], with k=0,1,...,N —1, denoting a discrete
time series corresponding to A(t), with a sampling time interval 7,
FT is defined by
" =
AN —jemnkIN
H[ NT] = kgoh[kT]e , )

Using (2), TS (1) discrete time series A[kT] is found by alternating
f—n/NTandt — jT:

N-1
it yp| = X H[TRr xer e, a0 @)
k=0

where jm and n=1,...N—1. With n=0, ST equals the
constant, defined as:

N-1
S[jT,0] = % Zoh(%) (4)
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Equation (4) creates an average time constant on the zero
frequency (n = 0), providing that the reverse is exact. ST reverse is
then

N[ N a1l
h[kT] = 2 [ﬁ Z S[jT, W]]emnkw_ (5)

k=0 k=0

Using the fast Fourier transform (FFT) speed would be an
alternative to streamline the DST calculation. By definition, ST can

be expressed as the convolution of (x(z)e /%) and (|f ‘ e S 2) ().

Applying FT to both sides (x(z)e™ /") and (| |e"/") the result
is

St f) = f ooX( f+ a)e @I et qo (6)

0o

Therefore, DST may be derived from the FFT product of X(f + a)

with the windowing e’ and, finally, applying FFT reverse of
ejz;mt‘

Considering the sampling interval t = nAr, f = mAp, a = pAp,
A7 and the sampling frequency Ap, DST sampling frequency may
be expressed as

N-1
SX(YZAT, mAF) = Z X[(p + m)AF]e—ﬂ(pzlmz)eijn/N . (7)
p=0

Based on (7), it is possible to obtain the optimised algorithm for ST
calculation, as per the next section.

2.2 DST algorithm

Utilising FFT algorithm may streamline ST implementation, given
the existing relation between ST and FT, as pointed out in (6).
According to the algorithm, the FT of any input signal needs to be
calculated only once. Therefore, by using ST on its discrete form,
for each required value of frequency m, the spectrum can be moved
towards the frequency by m. Gaussian window G[n, m] can then be
evaluated and ST calculated using the inverse fast Fourier
transform (IFFT), as presented in (7). The algorithm that calculates
the ST may be presented as follows [10]:

1. Execute discrete Fourier transform of time series A[kT] (with N
samples and a sampling interval T) to obtain H[m] using the
FFT routine. This step is calculated once.

2. From the Gaussian on time g[k,n], calculate the Gaussian
location G[n, m] for the necessary frequency n/NT.

3. Change the spectrum H[m/NT] to H[(m+n)/NT] for the
frequency n/NT.

4. Multiply H[(m + n)/NT] by G[n, m] to obtain B[n/NT,m/NT].

5. Calculate the IFFT of B[NTn,NTm] to obtain the line of
S[NTn,uT] corresponding to the frequency m/NT.

6. Repeat steps 3—5 until all lines of S[n/NT,uT] corresponding
to all discrete frequencies n/NT are defined.

Fig. 1 shows a schematic representation of this algorithm.

2.3 Discret orthonormal Stockwell transform

In 2007, Stockwell [11] presented an even more efficient
alternative to calculate ST, in relation to the initially proposed
discrete method (3), called DOST, which utilises an orthogonal set
of base functions to locate the spectrum, keeping the local phase
properties.

Once the ST phase properties are kept, it is possible to make a
cross-spectral analysis to measure phase deviations between each
of the multiple components of two-time series as a time—frequency
function. Moreover, it is possible to define a generalised
instantaneous frequency, applicable to non-stationary broadband
signals.
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Fig. 2 DOST diagram proposed

(a) Processing, (b) The order of the coefficients into a vector [13]

An example of DOST process gain was presented in [12], in the
analysis of PQ-related disturbances, where ST computational
processing for a voltage signal of 250 ms spent ~50 s and used 1
GB of memory, while the DOST computational processing for the
same signal spent only 0.03 s and used 124kB of memory.

An efficient ST representation may be defined by the internal
sums between a time series x[k7] and the base functions defined as
a function of such sums, with the parameters v (frequency variable
indicator of the centre of a band frequency), f (indicator of the
frequency bandwidth) and 7z (time variable indicator of time
location) [11]:

k=N-1

snkn:s(m%)_ ;::0 TSy polKT].  (8)

Base function S, s ) [kT] is written as

f=v+pl2-1
ei27r(k/N)f

- VB ¥ =yz—ﬁ/2 )

-2/ pf, e—izzr(N 12NTT

S(u,ﬂ,r)[kT]
Xe

1/{/p is a normalisation factor to provide the orthonormality of
base functions. Therefore, base functions for DOST in v frequency,
f and time index 7 may be given as:

ieiir‘rf=l/+ﬂ/2_1 m N B
SwpalkTl = = elr @B, (10)
p f=v=-pn

Fig. 2a shows the DOST processing diagram proposed by Battisti
and Riba [13]. The diagram indicates that the sampled signal (in)
passes into the frequency domain (fft), where it is then split by
larger or smaller clusters, depending on the position of the
frequency bandwidth (called ‘frequency bandwidth decomposition
of the DOST’ by the authors), as proposed by (8)—(10), whose
inverse (ifft) is re-clustered (glue) in a linear output (out).

Fig. 2b indicates that the linear output can be visualised by a
rearrangement along the time—frequency axis of the energy
coefficients. At this point, a ‘mirrored’ representation occurs for
the positive side (lines 10-16) as well as for the negative side (lines
02-08) of the frequency, as well as the central output f=0 (DC in
lines 1 and 9) [13, 14].

2.4 Comparisons

This subsection presents and discusses simulation resultant of [5],
indicating time-series classes, for which ST is considerably useful
and has a satisfactory performance.
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Fig. 3a is a time series composed of three distinct frequency
variations used to illustrate and compare ST performance in
relation to STFT.

A comparison between Figs. 35 and ¢ shows that ST has a
better resolution in frequency than STFT for a 6 Hz frequency.
Nevertheless, the ST resolution is worse than STFT for the
frequency explosion. By comparison, it is observed that the
frequency bandwidth for this ST explosion is between about 45 and
65 Hz (considering A=20Hz). For the STFT, the frequency
bandwidth is 47-60 Hz (with a A =13 Hz), i.e. a smaller bandwidth
when compared to ST. Both tools behaved similarly for a 26 Hz
frequency. However, by observing temporal resolution, ST can
detect the occurrence time and the energy variation on the highest
frequency. Furthermore, from Figs. 3¢ and d, STFT has a
commitment between detecting short-length high- and low-
frequency signals. When the STFT window width is widened, it
demonstrates a low capacity to distinguish the three signal
components.

Similarly, Fig. 4a presents a time series composed of two blasts
on the 107.52 Hz frequency and two crossed chirps. From Fig. 45,
ST may detect all four components. In Fig. 4c, STFT can only
detect the chirps, but it cannot detect the blasts in higher
frequencies. In Fig. 4d WDF result is presented, where a good
resolution in time and frequency for the crossed chirps is
observable. The disadvantage, though, is that WDF has crossed
terms that will produce too many undesired values (lines)
represented by the noise. Furthermore, crossed terms will make
both blasts distorted.

An implementation of the fast algorithm for DOST (O(Nlog N))
presented in [11, 14-16] is mathematically described by Battisti
and Riba [13]. Fig. 3a illustrates the DOST application result for
the same synthetic signal presented in Fig. 5b. Symmetry in
relation to the x-axis is not seen in the ST, given in Fig. 3b.
Although not being visually friendly, orthogonality provides a
more efficient representation through orthogonal functions, aiming
not only at higher processing speed but also at the complete
recovery of the original signal. These characteristics could, for
example, be studied in the context of the research presented by
Reddy et al. [12], which may result in a promising application in
the compression and decompression of signals in PQ [17].

3 Different Gaussian window controls

This section presents some proposals to control the Gaussian
window width. The first of them was the GST [18] that, in its turn,
originated various others, such as modified S-transform (MST)
[19], bi-Gaussian S-transform (BGST) [20] and variations, as
presented below.
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Fig. 3 Performance comparison with

(a) Time series with 127 samples composed of three different synthetic signals. The first half presents a 6 Hz frequency, whereas second half presents a 25 Hz frequency and an
explosion signal for ¢ equal to 20s with 52 Hz. The function that defines the samples is given by Ah[0:63] = cos(2xt % 6.0/128.), h[63:127] = cos(2x * 25.0/128),
h[20:30] = A[20:30] + 0.5 * cos(2xt % 52.0/128.0), (b) ST amplitude for the time series of part (a), (¢) STFT for time series of (a) using a Gaussian window, with a standard
deviation of 16 units, (d) the same as in (c), yet altering window size to 20 units and the form to a rectangular window. Reproduced based on [5]
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Fig. 4 Performance comparison with

(a) Synthetic time series composed by two blasts of 107.52Hz frequency and two crossed chirps, according to the following expression:
h[0:255] = cos(2(10 + t/7) * t/256) + cos 2w(256/2.8 — t/6.0) # t/256), h[114:122] = h[114:122] + cos(2xt * 0.42) and h[134:142] = h[134:142] + cos(2xt % 0.42), (b) ST
amplitude of (a) time series, (¢) STFT amplitude (with Gaussian window) of time series in (a), (d) WDF of (a) time series [5]
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3.1 Generalised S-transform
GST is defined in [18] as

Sh, f) = f mh(t)w”(f—t,f)e’j”f’dty n

0

where p is a set of parameters that determines the w form and
property, which is the ST window as in the equation:

Pr_ — I f] -(t—r)2f2/2p2.

®P(t — 7, f) —@-Pe (12)

GST is, then, obtainable through FT:
Sz, f) = / H(a + /)W(a, f)e™™ da, (13)
where,
+00 )

H(a+ f) = / h(t)e? 1" dt, (14)
and

WP(a, f) = / wP(t, fe 7 dr . (15)

ST w window ought to satisfy four conditions [20]:

[ i pras=1, (16)
[ Tsiweme=o a7
W1, f) = [P —1, ~ T, ()
SV 1., =0, (19

The highlights are the first condition (16) that provides ST
convergence to FT:

f S, fyde = HP), (20)

oo

once integrated to the whole 7z, and the third condition (18) that
provides symmetry between the function forms analysed in ST,
either for positive or negative frequencies.

1.5

amplitude
e

o
T

-0.5

.
0 20 40 60 80 100 120
samples

a

Fig. 5 Signal and DOST results, where

Based on this generalisation and utilising the described p
parameter, some ST variation proposals arose, aiming at a better
representation of frequency along the time axis, as the MST and
BGST, described below.

3.2 Modified S-transform

One of the ways to control the Gaussian window is to vary linearly
the window standard deviation with the frequency, through a
progressive width control, given by the following relation:

p=mf, 2]

as discussed in [10]. Nevertheless, in order to better use this control
artifice [19], a & factor is also added:

p=mf+k, (22)

which applied to the ST results in a variant of (12):

m.k _ If] —(t =22 mf + ky?
-7, = .
oD \/ﬂ-(mfﬂc)e 3)

The final expression is similar to the one presented in (11):

S, f) = f h) W £y e (24)
Parcel
/1
nf + 5 @

represents the number of cycles (periods) of a frequency that may
be contained in a standard deviation ¢ of the Gaussian window. So,
o(f) provides an improved and progressive resolution in this case
[19]. When too small, the Gaussian window retains few cycles
from the sine wave and the frequency resolution degrades in low
frequencies. Conversely, if the window is too big, it retains more
cycles inside itself and, as consequence, time resolution degrades
in high frequencies [19].

3.3 Other windowing proposals

Another variation proposed by Sejdi¢ et al. [21] was controlling the
Gaussian window width through the equation

(a) Time series was defined and presented in Fig. 3a, (b) Representation of DOST the synthetic signal presented in (@)
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Moreover, a combined proposal following (22) introduced a new
arrangement for parameter ¢ [19]:

p=mfi+k. (28)

Similarly to the modified Gaussian window (23), this may be
represented by

m.q.ke_ — |f|
Y D = e 0

whose final expression is similar to (24).

In all variations, when p=1orm=1,g=1and k=0, it is
possible to return the original equation (1).

Still, other proposals have come up with differentiated
solutions, such as [22] with a compact support kernel.

2 y
el o2 f2mf + k>2, (29)

4 Optimisation by maximum

concentration

energy

As seen in Section 3, there are various ways to control the
Gaussian window width. It is more challenging when various
parameters are involved, as presented in (28) with variables m, ¢
and £. In [19], for example, the authors empirically selected such
parameters. Nevertheless, these cannot be generalised for all kinds
of signals. It would then be more adequate to generate such
parameters adaptively, according to the nature of the signal. In this
sense, Sejdi¢ ef al. [21] proposed the use of the genetic algorithm
(GA) to select m, g and £, obtaining the transform with the highest
energy concentration, indicated by the best GA selection.

Concentration measure (CM), using ST, is obtainable by the
equation below:

1
CM(m, ¢,k) = ’
m,q /::/fg Sgﬂq.k(t’ f)‘ dl‘df (30)
where
Sk, f) s,
smak, £y = . f) o

VLS LSSk | arar
Optimisation by CM provides a better resolution in frequency
along time, particularly the signals that present TVH in their
composition.

Following the same idea, Beuter et al. [23] proposed an
optimised window, by means of a variant of particle swarm
optimisation (PSO) called adaptive individual inertia weight based
on best, worst and individual (AIW-PSO). Some of the presented
results indicated additional gains in energy concentration and better
resolution on time—frequency representation, as well as the
indication of many other solutions of local maximums that serve
the highest CM.

5 Power quality applications

In the PQ field, manifested disturbances may be classified by
voltage variations of short (sags, swells and interruptions) and long
(undervoltage, overvoltage and sustained interruptions) duration,
oscillatory and impulsive transients, as well as waveform
distortions (harmonic, interharmonic, noise, notching and direct
current (DC) component), inter alia. In this context, Dash et al.
[24] may be considered as one of the first works approaching ST
implementation in PQ.

In order to have a better overview of the context in PQ, this
research reproduces a comparison of analyses resulting from ST
and WT application to signals that characterise problems of voltage
sag and swell, transitory oscillatory, harmonic distortions and
noise, as presented in [25]. It is worth mentioning that the authors
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Fig. 6 Synthetic signals with voltage swell and sag with 30 dB noise
superposition [25]
(a) Oscillogram, (b) Spectrogram, (¢) ST, (d) WT coefficients (db4)

n [24, 26], inter alia, found similar results to the ones presented
here and, therefore, follow the same approach principle.

Fig. 6a presents a situation of voltage swell and sag, with a
superposition of 30dB noise. Fig. 6b is the spectrogram
corresponding to the magnitude of frequency components, with a
60 Hz fundamental frequency. Conversely, Fig. 6¢ presents the root
mean square (RMS) values of the analysed signal. RMS values are
calculated based on the maximum amplitude of the ST resulting
matrix for each sample, as found in [25]:

i | o

Finally, Fig. 6d represents the coefficients that result from WT
application using the mother wavelet of the Daubechies family
with support 4 (db4).

As observed, solely through the spectrum represented in
Fig. 6b, it is not possible to obtain much information on
synthesised events over time. However, a comparison between
Figs. 6¢ and d shows a lot of noise in the signal, so that WT was
unable to identify manifested sag and swell conditions. ST, in its
turn, allows correct detection in time as well as amplitude
quantification of sag and swell occurrences, even in the presence of
noise.

Fig. 7a depicts a synthetic signal with voltage sag and swell in
the presence of harmonic distortion. Fig. 7¢ shows that, even in the
continuous presence of harmonic distortion, ST is able to clearly
detect and classify the occurrence of manifested voltage sag and
swell. This is also true, but may be hindered, via WT application
(Fig. 7d).

Fig. 8a represents a voltage signal formed by a sequence of PQ
disturbances with a 30 dB noise superimposed. The following
sequence forms the signal: steady-state signal set at 60 Hz; initial
oscillatory transient; voltage sag; oscillatory transient end; and
return to the steady-state signal. In Fig. 8 FFT spectral analysis is
used as reference. In Fig. 8c the analysis resulting from the
application of the ST reflected on the time axis is displayed. The
spectral analysis indicates noise immunity and displays precisely
the beginning and end of each event. The same does not occur with
the use of WT in Fig. 84, which is severely affected by the noise
superimposed on the signal.

Fig. 9a reproduces the steady-state signal (fundamental
frequency of 60 Hz) plus 40 dB of noise and a voltage fluctuation
from sample 500 (37.5 ms). The spectral scattering, indicating
inter-harmonic and sub-harmonic frequencies, characterising the
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voltage fluctuation, is shown in Fig. 9b. The result of the analysis
via a ST with relative superimposed noise immunity is presented,
allowing to exactly characterise the beginning of the voltage
fluctuation event. In Fig. 94 it is observed that WT is affected by
noise and does not provide information on the beginning of the
observed voltage fluctuation.

The authors in [25] pointed out an accuracy above 92% in
classifying disturbances associated with the PQ fault even in the
presence of a 20 dB noise. However, for a 40 dB noise, the same
authors stated a 99% accuracy.

Similarly, other papers use the ST characteristics and properties
to classify disturbances, such as [27], or even with other combined
techniques, as found in [28-31].

A form of visualisation resulting from the ST in function of the
time, when applied to two other random synthetic signals, is
presented in Figs. 10a and b. Signals may be analysed and
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Fig. 9 Synthetic signals with voltage fluctuation started at 37.5 ms with
the superposition of a 40 dB noise. Figure added for this article review
(a) Oscillogram, (b) Spectrogram, (¢) ST, (d) WT coefficients (db4)

compared regarding resolution commitment in frequency versus
time. Windowing, in the last two examples, was not optimised as
the CM presented before.

In the example of Fig. 10b, the surface depicted in Fig. 10c
illustrates ST potentiality for a more detailed examination along
time for determinate frequencies, as for 60 Hz in Fig. 10d. Even
though the waveband is short (two cycles between 30 and 70 ms),
frequency variation, if well-explored, may be considered, for
example, in some philosophies of digital protection for electrical
systems. A computational implementation of optimised ST
determines a better representation of analysed signals in the
considered time interval. This potentiality was not explored in [27],
nor in [25] or other research studies that were consulted up to the
present moment.

In Fig. 11a, the oscillatory transient is identified by ST through
two curves (curves I and IT) extending along the frequency axis.
Likewise, as pointed out in Fig. 8, this 3D representation indicates
that, during the transition between the events, frequencies were
around 0.7 kHz.

In Fig. 11b, for better visualisation, a magnification was
presented in the range 0.2-3.0 kHz. In the transition section of the
steady-state signal for the voltage fluctuation, a peak is observed in
65 ms, highlighting the region of the signal with superimposed
noise.

Additional examples of ST applications in PQ could be listed as
like inrush current detection [32, 33], harmonic detection [34-36],
current harmonic distortion analysis and/or voltage [37, 38] and
flicker [39, 40].

6 Conclusion

This paper presented the fundamental concepts of ST and its
relations to STFT and WT. Visual comparisons with STFT, WT
and WDF pointed a better spectral resolution for ST. The GST and
its windowed application show that it is possible to establish a
relation between the Gaussian windowing due to the frequency and
its form (width and amplitude) for different density results in the
time—frequency plane.

Therefore, there are different proposals to choose the
parameters to form the Gaussian window. An optimised and
adequate choice provides a higher energy concentration and, thus,
better resolution in time—frequency. For different applications, it is
possible to choose an adequate window and to obtain a good
resolution according to the desired emphasis.
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Fig. 11 ST perspective showing an
(a) Initial and final oscillatory transients interspersed with a voltage sag in the presence of a 30 dB noise, as shown in Fig. 8, () Signal in the presence of a 40 dB noise and voltage
fluctuation started at 37.5 ms, as indicated in Fig. 9

DOST allows higher processing speed, although it is not often
visually friendly, exactly because it is synthesised by orthogonal
functions. In specific applications, such as image digital
processing, DOST is efficient and appropriate.

For analyses in the PQ context, ST was able to identify a
disturbance with noise or transitory, where WT was not able to
obtain similar results due to noise sensitivity. However, ST still has
two disadvantages. The first is related to the DC component of
exponential decay (frequency = 0), because it cannot analyse a DC
variation in time, considering only the average length of the
analysed signal. The second one is associated with high
frequencies, where the window is too narrow, which implies a
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reduced number of signal samples to be analysed by ST. It may
compromise frequency—time resolution quality.
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