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Abstract
The complexity of power quality disturbances (PQDs) is a significant 
risk factor in the electricity sector. An accurate and fast analysis of 
these disturbances provides crucial information to cover all the 
issues related to power quality. The main objective of this study is to 
explore a new analytic technique, including all kinds of disturbances 
that can appear in electrical networks, that differs from previous 
technologies such as the Fourier transform. Three methods based on 
the Stockwell transform, namely, the discrete orthonormal Stockwell 
transform (DOST), discrete cosine Stockwell transform (DCST), 
and discrete cosine transform (DCT), were used to analyze PQDs 
in time–frequency representation. These methods diagnose the 
disturbance’s signal properties, which are dependent on resolution 
and absolute phase information. Nine PQDs, including normal 
sine waves, were mathematically modeled and used to evaluate 
the proposed methods. All the methods can effectively simulate 
and analyze PQDs. Among them, DOST is the most effective in 
providing clear and high-resolution time–frequency representations 
of signals. The classification of disturbances was fulfilled based on 
statistical features extracted from matrices derived from Stockwell 
transform-based methods, such as analytic approaches (mean, 
variation, standard deviation, entropy, skewness, and kurtosis). 
Neural networks, a method utilizing intelligence classifiers, were used 
for pattern recognition, and the patterns of the different methods 
were compared. Simulation results proved that DOST needs fewer 
samples than other methods; its capability to deal with signals in 
time–frequency resolution is also more viable. The neural network 
classifier has a higher accuracy rate than the K-nearest neighbor 
and decision tree methods and approximates the support vector 
machine method.
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1. Introduction

With the emergence of modern power systems, 
the severity of supply power quality problems has 
increased due to the proliferation of disruptive 

resources, such as nonlinear loads and renewable 
energy. In an attempt to address these issues and 
take advantage of safe time, increased accuracy, and 
fast response and analysis, the provision of informa-
tion about the disturbances is of utmost importance. 
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Many methods and algorithms are currently em-
ployed to achieve a high level of analysis and extract 
the disturbance information. The Stockwell trans-
form, introduced in Ref. [1], is an effective tool for the 
time–frequency resolution analysis of power quality 
disturbance (PQD) signals. The Stockwell transform 
operates by fixing the modulating ability with respect 
to the x-axis (time axis), while the localized scalable 
Gaussian window handles dilation and translation. 
This interrelation results in a phase spectrum that is 
absolute and always referenced to the origin of the 
time axis, which serves as a fixed reference point. 
Previous studies [2, 3] have explored the detection, 
classification, and localization of PQDs using various 
types of wavelet functions and consequently have 
provided time and frequency information by means 
of multi-resolution analysis. However, the wavelet 
transform is limited in its ability to analyze nonsta-
tionary signals; this aspect is where the Stockwell 
transform proves its capabilities. In Ref. [4], the 
Stockwell transform was introduced for PQD anal-
ysis by using parameters such as root mean square 
(RMS; instantaneous and fundamental RMS), total 
harmonic distortion (THD), TnHD, and total wave-
form distortion of the disturbances. A comparison 
study [5] between the Stockwell transform, wavelet 
transform (WT), and short-time Fourier transform 
(STFT) was also proposed for power quality analy-
sis. The discrete orthonormal Stockwell transform 
(DOST) has been illustrated as having a clear struc-
ture [6, 7]. From the DOST concept, the discrete co-
sine transform (DCT) and discrete cosine Stockwell 
transform (DCST) were derived, both of which can 
produce real-valued transforms. The properties of 
these transforms, including their basis functions and 
directed graph structures of coefficients, have also 
been investigated. In Refs [8, 9], DOST and other 
methods were used to analyze PQDs that may occur 
in ultrahigh-voltage power system transmission lines 
caused by faults. For new feature extraction based 
on DOST, the two-dimensional fast-DOST was pro-
posed [10], and the genetic algorithm (NSGA-II) was 
employed for the determination task. DOST was 
also used in Refs [11, 12] to analyze nonstationary 
signals related to ground motions by using a seed 
record or target amplitude of DOST coefficients. In 
Ref. [13], the Wigner–Ville distribution synchronized 
with the Hilbert transform was considered to specifi-
cally analyze the most common PQDs, including sag 
and swell. The Hilbert transform was employed to 
convert the data into an analytical format that could 
be fed into the Wigner–Ville distribution for improved 

signal processing. The assessment of PQDs further 
introduced a new trend [14] of applying the synthetic 
evaluation method for steady-state power quality, in-
corporating improvements from the traditional best–
worst method by using triangular fuzzy numbers. 
Furthermore, solutions for locating poor power qual-
ity sources and fault locations were used to identi-
fy the origin of disturbances in the electric network 
and improve the responsibility assignment [15]. In 
Ref. [16], the principles of various machine learning 
techniques were introduced to improve the efficacy 
and management of power distribution networks. 
The effectiveness of unsupervised and supervised 
models was evaluated using various indicators. 
As a recent field of deep learning, neural networks 
have been used for PQD classification purposes. 
Convolutional neural networks were presented in 
Ref. [17] as detectors and classifiers for faults. In this 
study, we present nine disturbance signals related to 
PQDs and analyze them using the aforementioned 
proposed methods. Performance evaluation was 
conducted for each disturbance, and the results ob-
tained from DOST, DCST, and DCT were compared. 
The aim of this research was to evaluate the perfor-
mance and effectiveness of the proposed methods 
(DOST, DCST, and DCT) for PQD signal simulation 
and analysis (stationary and nonstationary). Pattern 
recognition by neural networks was utilized for in-
telligence classification-based feature extraction. 
By utilizing the aforementioned methods, this study 
can gather insights into the boundaries of traditional 
power quality analysis approaches, which often rely 
on methods such as the STFT and WT. The use of 
Stockwell transform-based methods allows for im-
proved time and frequency localization, providing a 
more detailed understanding of PQDs. The afore-
mentioned methods can also significantly enhance 
the detection and localization of PQDs, accurately 
capturing the time and frequency characteristics of 
various power quality issues, thereby providing pow-
er system operators with a more comprehensive 
view of system disturbances. Such a level of detail 
is crucial for promptly diagnosing and addressing 
power quality problems.

The remainder of this article is organized as 
follows. Section 2 introduces the materials and 
methods used in analyzing and classifying PQDs. 
Section 3 presents the proposed methodology 
and flowchart. Section 4 discusses the analyses 
and simulation results of the PQDs obtained from 
the Stockwell transform-based methods and their 
corresponding time–frequency representations 
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(DOST, DCST, and DCT). Cases and examples are 
provided to verify the effectiveness of the proposed 
methods subjected to many PQD signals. Section 5 
presents the classification of PQDs. The conclusions 
are presented in Section 6.

2. Materials and methods

The succeeding sections discuss the different time–
frequency representations based on Stockwell 
transform methods that were used for power quali-
ty analysis. Neural network classifiers were utilized 
to classify the disturbances and extracted features 
into classes. The methods included DOST, DCT, and 
DCST.

2.1 DOST

In Ref. [18], DOST is presented as a highly effective 
illustration of the Stockwell transform. The DOST 
technique represents an orthogonal approach to 
essential tasks, prioritizing the spectrum and focus-
ing and preserving the valuable phase properties of 
the Stockwell transform; thus, it can also be viewed 
as a variation of the Fourier transform. By capitaliz-
ing on the concept of low frequencies over longer 
periods, the DOST allows for the occurrence of rel-
atively low sampling rates, resulting in subsamples 
that can mainly capture low-frequency components. 
Conversely, high frequencies necessitate high sam-
pling rates to ensure the proper distribution of coef-
ficients; a sample spacing paradigm is described in 
Ref. [19]. The DOST offers a collection of (N) ortho-
normal unit-length vectors that operate within spe-
cific regions in the frequency domain, thus providing 
a versatile set of tools. These districts are stated by 
three different limitations, namely, v, β, and τ. The kth 
basis vector is given as follows:
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Thus, DOST is the inner product between a 
time series h[k] and the basis functions defined as 

a function of D[k], where v is the center frequency 
band for each product, β is bandwidth, and τ is time 
location.

2.2 DCT

The DCT is based on the discrete Fourier transform 
but uses real numbers (R). The Stockwell transform 
represents a collection of data points as the sum of 
sine wave components with different frequencies (Hz) 
and amplitudes. In contrast to the complex exponen-
tials used in the Fourier transform, DCT employs co-
sine functions. The advantages of using DCT include 
its ability to concentrate most of the data into a few 
transformed coefficients, its independence from the 
input data, and its suitability for interpreting frequen-
cy-related coefficients. In Ref. [20], DCT was used to 
extract features that are primarily related to temporal 
variations. For a one-dimensional signal x(n) of length 
N, the DCT coefficients X(k) can be calculated as 
follows:
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where X (k) represents the DCT coefficient at index k, 
C (k) is a scaling factor defined as C(k) = 1 for k = 0, 
and C(k) = √2 for k ≠ 0.

2.3 DCST

DCT, which is used in many applications during sig-
nal processing, is a real-valued transform and hence 
is better suited for compression and filtering. The 
use of relations in the Fourier transform contributes 
to the easy adaptation of the DOST algorithm. The 
DCT uses only positive frequencies [21]. In DCT, 
relatively high frequencies are needed, and the fre-
quency space must be partitioned to be adjusted. 
Furthermore, the most straightforward approach in 
DCT is to continue using the dyadic partitions.

DCST DCT DCTI
K

ni= ⊕( )=
−

1
1 � (4)

2.4 �Pattern recognition based on 
neural networks

Neural networks are pivotal assets in artificial in-
telligence (AI) technologies as they can showcase 
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Table 1. Mathematical models for PQDs and relevant parameters.

PQ disturbance Class Equations Parameters
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Figure 1: PQD signal models covering all types of disturbance signals (stationary and 
nonstationary) included normal sine waves.
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remarkable competence in fault detection and 
classification. The efficacy of this technique of us-
ing neural networks lies in the existence of an ideal 
solution for the input data and the nuanced train-
ing regimen that defines the system’s capabilities 
[22]. By harnessing the potential of well-calibrated 
smart systems, the discernment and categorization 
of power quality disruptions can traverse multiple 
phases in neural networks. These phases, which 
are intricately computed via computational analysis, 
can yield vector matrices. Each matrix serves as the 
bedrock for executing a robust spectrum of tasks, 
from anomaly identification to fault categorization, 
underscoring AI’s pivotal role in maintaining seam-
less power system operations [23]. In this research, 
pattern recognition based on neural networks was 
used to classify PQDs.

3. Proposed methodology

The focus of this research was the stationary and 
nonstationary PQD waveforms, which were nor-
malized based on pure 50 Hz sine wave calculation 
(Eq.  (5)). The disturbance signal F(t) is a function of 
time, with amplitude A and a fixed frequency f of 
50 Hz denoting the normal power supply voltage 
frequency. Predefined parameters were adopted for 
the remaining variables of the PQD model. Figure 1 
shows the PQD signals used to meet the objective 
of this work. Nine disturbance signals were used, 
including normal sine waves. Table 1 presents the 
full details of each parameter. Each signal differed 
in duration. All of the PQDs were modeled and gen-
erated using the MATLAB package. After the data 
for all disturbances were prepared, the data quality 
was enhanced by pre-processing. This step involved 
cleaning, transforming, and organizing raw data into 
a suitable format for further analysis. Figure 2 shows 
the flowchart of the proposed method, particularly 
the analysis and classification of the PQDs. Then, the 
disturbance models were inputted into the Stockwell 
transform-based methods (DOST, DCST, and DCT). 
The signals in the time–frequency representation 
were analyzed, and the matrices for all types of PQDs 
were obtained. Features were extracted for each sig-
nal, including the mean, variation, standard deviation, 
entropy, skewness, and kurtosis. The technique of 
recognizing patterns by using neural networks was 
employed to classify the disturbance based on the 
derived features.

F t A ft( ) = ( )sin 2π � (5)

Figure 2: Flowchart of the PQD analysis 
and classification system.
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Figure 3: Normal sine wave: (a) target 
disturbance – nonstationary signal 
(clean and stable sine wave without any 
disturbance) for all methods, (b) DOST, 
(c) DCST, and (d) DCT.
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4. Simulation and analytical results

In this study, three methods based on the Stockwell 
transform were employed to achieve the proposed 
purpose of analyzing DOST, DCST, and DCT. 
The goal of our performance evaluation was to 
demonstrate whether these methods could deliver 
high-accuracy performance in the time–frequency 
representation. These techniques can quickly reveal 
the quality of events and entail excellent and clear 
contrasting features and high frequencies, enabling 
us to determine the locations, times and intervals 
of failures, and the interruptions and distortions oc-
curring in power system networks (power quality 
issues). The sampling can handle low-ratio infor-
mation by mixing low-frequency and high-interval 

data. Here, DOST was considered a derivative of the 
Fourier transform, acting as a submodel for low fre-
quencies. The scheme can handle high-frequency 
data by taking specific samples and distributing 
them with interspaces. It also provides vectors for all 
lengths of orthogonal units within the time–frequency 
representation. Then, DCST (i.e., DOST based on 
DCT) was used for high-frequency data to achieve 
high-resolution results. The disturbance signals were 
simulated with different time periods to facilitate the 
study of the capabilities of all methods. Figures 3–5 
show the simulation results for the nonstationary 
disturbance signals (normal sine wave, interruption, 
and oscillatory transient) in DOST, DCST, and DCT as 

 

Figure 5: Oscillatory transient 
disturbance signal: (a) target 
disturbance – nonstationary signal and 
its corresponding Stockwell transform-
based methods, in which disturbance 
in all plots occurs at 0.066–0.08 s; 
(b) DOST – may exhibit better noise 
robustness than other time–frequency 
analytic techniques, resulting in cleaner 
and clearer plotting of PQDs even in 
the presence of noise or interference; 
(c) DCST – frequency magnitude 
increased to 400 Hz corresponding 
to the time disturbance interval in (b); 
and (d) DCT – rising multiples in these 
disturbances, from 0 Hz to 105 Hz, 
with inter-harmonic and harmonic 
features.

Figure 4: Interruption disturbance 
signal: (a) target disturbance – 
nonstationary signal (from 0.075 s 
to 0.2 s) for all methods. Intended 
coefficients of the time and frequency 
fluctuations, including amplitude and 
angle, for all methods; (b) DOST – the 
signal time interval corresponds to the 
target signal and works to accurately 
capture localized changes in signal 
characteristics; (c) DCST – some 
effects on the windows; and (d) DCT – 
much more limited frequency resolution 
compared with other time–frequency 
analytic methods but may capture a 
few fine-frequency details in the PQDs.
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Figure 6: Sag disturbance signal: (a) 
target disturbance – stationary signal 
and its corresponding plots allow each 
method to perform excellently, with 
the disturbance occurring from 0.16 s 
to 0.23 s; the intended coefficients of 
both time and frequency fluctuations, 
including amplitude and angle, for all 
methods. (b) DOST – sag effects with a 
corresponding rate of 100%. (c) DCST 
– moderate resolution may not capture 
all of the fine details for certain PQDs 
with rapidly changing characteristics, 
leading to less clear plots. (d) DCT – 
operates on discrete data points and 
assumes the signal to be periodic; this 
discrete nature may lead to artifacts 
in the time–frequency representation, 
affecting the clarity of the plots. 

one-dimensional plots with constant amplitudes to 
represent instantaneous changes in the voltage level. 
Finally, DCT, which can handle nonnegative frequen-
cies, offers the advantage of being separated into 
frequency space partitions as a means of inspect-
ing the consequences of different frequencies. Here, 
no effects appeared with the normal sine wave for 
all methods, indicating a stable signal with no distur-
bance. However, for the other forms of disturbances, 
the effects were evident. In particular, the time period 
of the disturbance in the time–frequency was at high 

resolution, especially for the corresponding results 
with the target signal. Figures 5(b) and 5(c) show 
the frequency magnitude reaching 400 Hz, which 
corresponds to the time disturbance interval. This 
finding implies significant effects starting from 0 Hz 
to 105 Hz, with the harmonic and inter-harmonic 
components caused by the strike disturbance. 
Figures 6–11 show the stationary disturbance signals 
at different times (i.e., start and end) for each PQD. 
The methods vary in their effects, which are de-
pendent on the high-frequency content that may 
have accompanied the disturbances. DOST and 
DCST demonstrate high levels of representation for 
the boundary signals, whereas DCT requires more 
high-frequency content to function properly and 

 

Figure 7: Swell disturbance signal: (a) 
target disturbance – a stationary signal 
and represented by all methods, with 
disturbance occurring from 0.2 s to 
0.28 s; the intended coefficients of 
both time and frequency fluctuations, 
including amplitude and angle, for all 
methods. (b) DOST, (c) DCST, and 
(d) DCT – depend on the specific 
characteristics of the simulated PQDs. 
For disturbances with complex or 
rapidly changing time–frequency 
components, the DCT may not be 
the most suitable method, despite its 
simple but precise plots.
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provide good results. The analysis of disturbances by 
using Stockwell transform-based methods can ob-
tain results in high resolution with less time and vari-
ation. DCST is similar to DCT but slightly restricted in 
space. The basic task oscillates from its center due 
to the sharp (cut-off) window, causing ringing around 
the boundaries and reducing the time locality, al-
though the extent is less apparent for DOST. Notably, 
some disturbances may exhibit characteristics of dis-
turbance signal behavior depending on the specific 
context and duration of the disturbance. Additionally, 
harmonics appear in both stationary and nonstation-
ary disturbances. The distinction between station-
ary and nonstationary disturbances is based on the 

duration and consistency of the disturbance. Our re-
sults indicate that a strong disturbance signal at high 
frequency clearly affects DOST, DCST, and DCT. 
Meanwhile, at medium frequencies, DOST remains 
clear and DCST is moderately affected, whereas 
DCT shows no significant effect (Figures 6 and 7). By 
contrast, as shown in Figures 8–11, DCT has a better 
capture function than the other methods.

5. Classification of the PQDS

Various disturbances were utilized as targets to ob-
tain the results. Signal processing methods, such 
as sag (C1), swell (C2), interruption (C3), harmonics 
(C4), flicker (C5), oscillatory transient (C6), sag with 
harmonics (C7), and swell with harmonics (C8), were 

Figure 9: Sag with harmonics 
disturbance signal: (a) target signal – 
a stationary signal (from 0.05 s to 
0.15 s); the intended coefficients of 
both time and frequency fluctuation, 
including amplitude and angle, for all 
methods. (b) DOST representation – 
uses different windowing functions in 
which a selected appropriate window 
can enhance the clarity of the plot by 
minimizing spectral leakage and side 
lobe effects. (c) DCST representation. 
(d) DCT representation – the rising 
multiple effective in this type of 
disturbance (inter-harmonics and 
harmonics: 25, 50, 75, and 104 Hz).

 

Figure 8: Harmonic disturbance 
signal: (a) target signal – a stationary 
signal; the intended coefficients of 
both time and frequency fluctuations, 
including amplitude and angle, for all 
methods. (b) DOST time–frequency 
representation – ability to represent 
stationary and nonstationary signals, 
contributing to the clear plotting of 
disturbances. (c) DCST time–frequency 
representation. (d) DCT – known for its 
energy compaction properties, in which 
a large portion of the signal energy is 
concentrated in a few DCT coefficients; 
this method can result in some 
aspects of the disturbances being well 
represented, while others are not.
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Figure 10: Swell with a harmonic 
disturbance signal: (a) target signal – 
a stationary signal from 0.1 s to 
0.18 s; the intended coefficients of 
both time and frequency fluctuation, 
including amplitude and angle, 
for all methods. (b) DOST time–
frequency representation. (c) DCST 
representation. (d) DCT representation. 

used in addition to a normal pure sine wave signal 
(C0) (Figure 12). The signal properties were as fol-
lows: 6.4 kHz as the fundamental frequency, 15 cy�-
cles, 128 samples per cycle, and 1920 samples. The 
value of 100 was set for each case. In this study, 
a multilayer neural network [24] was used with a 
three-layer neural network in a forward configuration 
to form a neural network group. The neural network 
group employed nine-dimensional feature vectors as 
inputs and generated a one-dimensional objective 
output vector. The initial layer comprised nine nodes, 
followed by a hidden layer with five nodes and an out-
put layer with one node. Each neural network group 
represented a specific feature category, enabling us 
to identify distinct disturbance types. In this setup, 
an output value of 1 signifies the presence of a par-
ticular disturbance in the sample, whereas an output 
value of 0 indicates its absence. This approach could 
effectively untangle the interconnection between the 

different disturbance types, further enhancing the 
recognition accuracy. The signal-to-noise ratio was 
applied at different levels (20, 30, 40, and 50 dB) to 
detect the capability of the signal processing meth-
ods (DOST, DCST, and DCT) in the disturbance 
analysis with a distorted environment. The accuracy 
rate was calculated using three types of methods, 
namely, decision tree (DT), support vector machine 
(SVM), and K-nearest neighbor (KNN), in addition 
to the proposed method of using a neural network. 
The neural network method outperformed KNN and 
DT, but SVM obtained a slightly higher accuracy rate 
(Figure 13). Figure 14 shows that the comparison of 
the coefficients of the proposed methods – DOST, 
DCST, and DCT – based on a comprehensive set 
of statistical properties reveals distinct characteris-
tics of each method. DCT consistently exhibits lower 
mean values, indicative of its emphasis on preserv-
ing the central tendency of the data. However, it also 
introduces higher variance, skewness, and kurtosis, 
suggesting increased spread, asymmetry, and heavy 
tails in distributions. DOST and DCST, on the other 

 

Figure 11: Flicker disturbance signal: 
(a) original signal – a stationary signal; 
the intended coefficients of both time 
and frequency fluctuation, including 
amplitude and angle, for all methods. 
(b) DOST, (c) DCST, and (d) DCT – the 
rising multiple effectiveness in these 
types of disturbances (25, 75, and 99 
Hz for inter-harmonics and harmonics).
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hand, maintain slightly higher mean values and low-
er variance, skewness, and kurtosis, implying a pro-
pensity for less variation, symmetry, and lighter tails. 
Standard deviation and entropy measurements con-
firm DCT’s greater spread and lower randomness in 
data than DOST and DCST. These insights provide 

valuable guidance for method selection as DCT of-
fers greater variation but might introduce more dis-
tortion, while DOST and DCST prioritize data pres-
ervation and balance. The choice depends on the 
application’s objectives and preferences regarding 
data characteristics.

Figure 13: Accuracy comparison between the neural network method and SVM, KNN, and DT.

 

Figure 12: Disturbance classification-based statistical analysis (mean, variation, standard 
deviation, entropy, skewness, and kurtosis) of the DOST, DCST, and DCT coefficients.
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Figure 14: Statistical analysis features properties’ comparison (mean, variation, standard 
deviation, entropy, skewness, and kurtosis) of DOST, DCST, and DCT coefficients.

6. Conclusion

DOST, DCST, and DCT are all signal processing tech-
niques for analyzing and simulating PQDs. The pri-
mary difference between these methods lies in the 
manner in which they transform signals. DOST em-
ploys a set of orthonormal basis functions to convert 
signals into the time–frequency domain, whereas 
DCST uses cosine functions. Meanwhile, DCT utiliz-
es only cosine functions and is best suited for signals 
that are symmetric around their midpoint. Regarding 
their ability to simulate PQDs, each method has its 
own strengths and weaknesses. DOST appears to 
be a superior choice because it offers precise and 
clear representations of signals in the time–frequency 
domain. DCST is better suited for analyzing har-
monic and inter-harmonic distortions, whereas DCT 
is commonly used for compression applications. 
Here, the performance of these methods in simulat-
ing PQDs was evaluated. The results showed that 
all three methods can effectively detect and analyze 
different types of disturbances, but their performanc-
es vary depending on the specific characteristics of 

the signal being analyzed. Therefore, the choice of 
method depends on the specific application and the 
type of disturbance being investigated. Regarding the 
increased values in the performance evaluation, this 
research found that the neural network classification 
technique is suitable for classifying PQDs based on 
the Stockwell transform methods. Matrix vectors ex-
tracted from DOST, DCST, and DCT coefficients are 
inputted into the pattern recognition neural network 
layers. This technique can be extended to classify a 
large number of disturbances, and only signal vectors 
need to be added. 
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