International Journal of Advanced Multidisciplinary Application | JAMA
Volume 1Issue 4 Dec 2024
ISSN No: 3048-9350

Exploring DFT-Based Techniques for
Harmonic Phase Estimation,
Transformation, and Synthesis

S. Ahmed Hossenl, M. I. Mohammed2, R. J. Shah3
123Department of Electrical Engineering
123University of Seychelles, Seychelles

Abstract- Many natural signals exhibit quasi-periodic behavior and can be effectively modeled as combinations
of harmonic sinusoids, where the relative frequencies, magnitudes, and phases change over time. The
waveform shapes of these signals provide valuable insights into the physical phenomena that generate them,
making accurate estimation and modeling of these parameters crucial. While much attention has been given
to frequency and magnitude estimation, phase estimation and modeling have received comparatively less focus
in the literature. This paper addresses the accurate estimation of phase using Discrete Fourier Transform
(DFT) techniques across six different scenarios involving two DF T-based filter banks and three distinct window
functions. It demonstrates that phase estimation bias is less than 0.001 radians when the signal-to-noise ratio
(SNR) is 2.5 dB or higher. By comparing the performance with the Cramér-Rao lower bound (CRLB), it is
shown that one specific window function offers significant practical benefits by closely approximating the
CRLB under favorable signal conditions while minimizing performance deviation under less favorable
conditions. Additionally, this paper introduces a shift-invariant phase-related feature that captures the
harmonic phase structure. This feature forms the basis for a new signal processing paradigm that simplifies
the parametric modeling, transformation, and synthesis of harmonic signals, aiding in the understanding and
reverse engineering of the phasegram. The theoretical framework and experimental results are presented in a
reproducible manner, with code provided to facilitate the replication of results and support further research.

Keywords: phase estimation, harmonic phase structure, harmonic magnitude and phase modeling, harmonic
signal processing.

1. Introduction

1.1. Motivation: Many natural and synthetic quasi-periodic signals, including speech, singing,
physiological signals such as ECG, music, and acoustic waves from mechanical system vibrations, have
a harmonic structure of sinusoids whose magnitudes, phases, and underlying fundamental frequencies
vary over time. Harmonic phases are crucial in defining the waveform shape of quasi-periodic signals
and are therefore immensely informative about the physical phenomena that generate them. Examples
include the periodic glottal excitation signal, which illuminates the physiological processes governing
vocal fold vibrations in the larynx; and periodic acoustic signals from mechanical systems, which
provide insights into whether these systems are operating correctly within predefined safety margins.
Given that harmonic phases depend explicitly on time, they vary much faster than harmonic magnitudes
and fundamental frequencies; this is challenging from the perspectives of signal analysis, estimation,
interpretation, modeling, transformation, and synthesis [ 1-4]. Since accurate frequency and magnitude
estimation of sinusoids have been extensively discussed in the literature [ 5—13], in this paper, we assume
that these factors have been addressed and will instead focus on two problems related to phase. The first
concerns the practical and accurate DFT-based phase estimation of individual sinusoids. This is
instrumental in addressing a second problem: the parametric modeling of sinusoid phases within a
harmonic structure in a way that is time-shift invariant, interpretable, insightful, and simplifies harmonic
signal processing. To the best of our knowledge, this is the first time such a combined perspective is
presented in a manner that is easily apprehensible and extensively illustrated. This paper demonstrates
that these problems can be tackled practically, facilitated by Matlab code that replicates the main results
and illustrations presented
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1.2. Problem Statement: This paper focuses on practical methods for representing quasi-periodic
signals through the concepts of structure and parametric modeling. By ‘structure’, we mean an
identifiable form or organization, and by ‘parametric modeling’, we mean a simple mathematical
formulation that captures and models the organization using a limited number of controllable
parameters. We acknowledge in this paper that the signals discussed are quasi-periodic and locally
stationary. Quasi-periodicity means that the waveform shape in a periodic signal varies slowly among
at least three adjacent periods, even though the period length may vary. Local stationarity means that
harmonic parameters, such as sinusoidal magnitude and frequency, vary slowly over time, allowing
them to be considered approximately constant within a short, windowed region of the observed signal.
In this paper, we focus on phase representation, estimation, and parametric modeling. We first address
the concept of structure based on the three aspects that define a stationary periodic signal: (i) frequency,
(i) magnitude, and (iii) phase. Let us consider a real-valued signal x(t) that consists of L sinusoids, as
follows:

L-1
x(t) = ¥ Apsin(Oyt + ¢y) +5(t) ,

f=0

0y = (£+1)0)y,

i.e., the frequency of each sinusoid is a multiple integer of a fundamental frequency represented by Q0.
Thus, this frequency organization represents a frequency-related feature that is intrinsic and, therefore,
structural, to any periodic signal. This means that the only information in the frequency structure that
is truly unique is the fundamental frequency. A second structural aspect that defines a periodic signal
consists of the organization of the magnitudes of the different harmonics and can be given by the ratio
between the magnitude of each harmonic (A{ ) and that of the fundamental frequency magnitude (A0).
If the latter is looked at as a gain, then a given periodic signal is characterized by a normalized
magnitude-related feature vector, where the first value is one, and all other values (A€/A0) help to define
the waveform shape of the periodic signal. This magnitude related feature vector expresses the
magnitude structure of a periodic signal, independently of time, and the fundamental frequency of the
signal, provided that the waveform shape is locally preserved. A third aspect that contributes to defining
the particular waveform shape of a periodic signal involves the relationships between the starting phases
of the different harmonics, ¢{ . Ideally, it would be interesting to characterize the waveform shape of a
given periodic signal based on a normalized phase-related feature vector that, similar to the magnitude
related feature vector, is independent of time and the fundamental frequency. This paper aims to show
that such a time-shift invariant phase-related feature exists and that it can be extracted using fairly
conventional spectrum analysis. Moreover, it can be modeled in simple and insightful ways. To this
end, two problems need to be addressed. The first one involves estimating the harmonic starting phase
values, ¢£ , from a short segment of x(t) that is representative of the periodic signal. By ‘representative’,
we mean that the short segment contains a few periods with a similar waveform shape, but its duration
is not related to the period of the periodic signal. The second aspect involves establishing a model based
on the estimated harmonic starting phases, which, when combined with harmonic magnitude
information, helps to fully explain a given waveform shape in a way that is time-shift invariant and
independent of Q0. The next section further discusses these challenges from a practical perspective and
motivates a paradigm in harmonic signal processing oriented toward the harmonic magnitude and phase
structure, greatly facilitating signal modeling, transformation, and synthesis.

1.3. A Practical Approach to Harmonic Signal Processing The problem we address falls within the
realm of spectrum estimation using Fourier analysis. Given our aim for practical signal processing that
is suitable for real-time operation on low-cost platforms, we highlight simple technical approaches that
utilize the discrete Fourier transform (DFT). This choice allows for the benefit of efficient realization
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algorithms (e.g., the FFT [15]). In addition, we exclude non-causal or iterative processing in order to
accommodate real-time operation on low-cost platforms. Thus, in a practical setting, simple spectrum
estimation typically implies three operations: (1) sampling, (2) time—frequency (T-F) transformation,
and (3) frequency, magnitude, as well as phase estimation: 1. A discrete-time version of the signal
represented by Equation (1) is first obtained using a convenient sampling frequency (FS), i.e., we have
the following:

N-1 .
X|k| = E 1'_Jr_a-'_n_.c'_"?‘:"‘”, k=01,.... N—-1,

n=i

Finally, a suitable estimation procedure is used that takes the spectral coefficients, X[k], as input and
delivers robust estimates of all the harmonic frequencies, magnitudes, and phases. These simple
spectrum estimation steps enable the identification of important harmonic parameters such as the
normalized fundamental frequency, ®0 = QOTS. On the other hand, if the parametric representation of
harmonic magnitudes and phases is done in such a way that it does not depend on time or the
fundamental frequency, it paves the way for a harmonic signal processing paradigm that promotes
simplification, flexibility, and even insight in algorithms. In fact, in many applications, such as speech
enhancement and time-scale or pitch-scale modification of speech [3], and special effects in singing and
music [2], harmonic sinusoids Signals 2024, 5 844 are individually modified in terms of their frequency,
magnitude, and phase trajectories, as suggested by Figure 1.

i ¢;

harmonic | wy signal wy | harmonic | y|n

ur|r]

analysis | Ay | modification | A7 | synthesis

Figure 1. In many harmonic signal processing applications, individual harmonics are processed
separately. Signal modification converts the original fundamental frequency (wy), the original
harmonic magnitudes (A;), and phases (¢,), into new values {ull’?. A:' :pf] in the synthesis process.

However, this approach requires careful unwrapping of the phases of all harmonics such that their
modifications are correct and do not suffer from the errors that may result from the wrapped phase
representation in the interval [-m, n]. In addition, phase unwrapping, which is carried out for all
harmonics on an individual basis and in a ‘horizontal’ manner, i.e., along the time axis, is itself prone
to estimation errors. The most critical aspect of this approach, however, is that it is not insightful, i.e.,
it does not capture the overall, or holistic, harmonic phase structure, which means that, most likely, it
does not explicitly control it. As a result, although phase coherence may be obtained on an individual
sinusoidal basis, ‘vertical’ coherence may not be controlled and artifacts may result, the most common
being known as ‘phasiness’ [16]. A more convenient paradigm in harmonic signal processing is
represented by the block diagram illustrated in Figure 2.

According to this paradigm, harmonic magnitude and phase models are extracted that represent the
holistic harmonic structure (or ‘vertical’ structure) in a way that is time-shift invariant, and independent
of the fundamental frequency. This approach not only promotes insight into the harmonic signal
structure but also greatly facilitates signal transformation. For example, the magnitude model (MM)
and the phase model (PM) may change arbitrarily or may be interpolated in simple ways. Or, if the
waveform shape is to be preserved, they may remain unchanged, and only the changes in the synthesis
affect the fundamental frequency parameters (oS 0,AS 0, ¢ S 0). In addition, the synthetic phase ¢ S
0 may be decoupled from the original phase ¢0 since it can be easily synthesized using the value of ®S
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Figure 2. A convenient paradigm in harmonic signal processing: a holistic harmonic magnitude and
phase structure represented by a shift-invariant and fundamental frequency-independent magnitude
model (MM), and phase model (PM), respectively. Signal transformation just involves modifications
to these models.

2. Robust DFT-Based Phase Estimation of Individual Sinusoids

This section focuses on the estimation of the initial phases (¢L\phi_{\ell}$£) of individual sinusoids in
a harmonic signal, as expressed in equation (1). The process begins after the signal undergoes simple
uniform sampling, as indicated in equation (3), followed by multiplication by a window function
w[n]w[n]w[n], leading to a transformation into the discrete-frequency Fourier domain, as shown in
equation (4). As detailed in Section 1.1 and illustrated in Figures 1 and 2, we utilize a pre-existing
harmonic analysis framework that not only provides an accurate estimate of the fundamental frequency
(00\omega O0w0) but also the harmonic magnitude estimates (ALA {\ell} AL). In our simulations within
this paper, we work with ground-truth test signals where these parameters are known in advance, which
is equivalent to assuming error-free estimation of these parameters.

When examining the magnitude spectrum of a harmonic signal, it is tempting to estimate the starting
phases of the harmonics by directly taking the phases of the DFT spectral lines (or DFT bins) that
correspond to the local maxima in the magnitude spectrum. Specifically, if X[k]X[k]X[k] denotes the
Fourier spectrum of the windowed harmonic signal, with k=0,1,...,N—K. However, this approach is
incorrect because phase estimation requires considering the specific nature of the time-frequency
transformation, the characteristics of the window function, and the relationship between each spectral
peak in the magnitude spectrum and the fundamental frequency.

2
wy = 4Tg = ?[ka + Ay )

One of the key contributions of this paper is the demonstration that phase estimation does not
necessarily depend on the accurate frequency estimation of individual sinusoids. As noted by Rife and
Boorstyn, the most practical DFT-based frequency estimators use a two-step approach: first, a coarse
search followed by a fine search. The coarse search is straightforward, involving peak picking, while
the fine search step determines the accuracy of the frequency estimation. Typically, sinusoidal
magnitude estimation is reliant on the fine search step in frequency estimation, meaning that the
accuracy of magnitude estimation is tied to the precision of frequency estimation. However, this section
establishes that phase estimation is not heavily influenced by the fine search step in frequency
estimation. Instead, its accuracy is primarily determined by the signal-to-noise ratio (SNR) of the signal.

x\n| = Agsinfwen + ¢y ) + s[n) .

To demonstrate these principles, we consider six distinct cases, each resulting from the combination of
two different DFT-based filter banks and three different window functions. For simplicity and to
facilitate comparisons, we restrict our analysis to the examination of a single harmonic sinusoid, as
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described in equation (1). After uniform sampling as outlined in equation (3), the signal is represented
and processed accordingly.

FREQUENCY RESPONSES

A
0 AECTANGULAR
sl f . ) HING
fol ek
frd 1y
ol [ 15
fa} bl
I \
o7 '
¥
z (v |
: |
Zos| !
E ' ‘.L"
B sk ' A
- 1 L] 1
Z - s |
= I ':‘
G 04} ! .
2 H o
[ 1o
aal i i)
'
'
ozh / Iy
01k .l': 1 ."I L"-_.
i WL i _‘:'y £ N
D.‘-"---.-.- i L i . B T
-4 4 [ 1 3 F
Nut/ 247

Figure 3. Normalized magnitude of the frequency response of the rectangular, sine, and Hanning
windows in the range =87/ N < w < B /N. The frequency axis (w) is normalized by 2 7/ N-
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Figure 4. When A, € |—0.5,0.5], the magnitude spectrum of the DFT of a rectangular-windowed
sinusoid exhibits a local maximum for k = k. The plots illustrate the case when A, = —0.5 + ¢ (left),
when A, = 0.0 (eenter), and when A, = 05 — ¢ (right), where € < (1.5 is a small real positive number.

Despite being usable, this result presents one practical difficulty since it requires that the fractional
frequency (Al ) be estimated as accurately as possible [5,18]. This means that frequency estimation
errors may propagate to the phase estimation. In order to avoid this, a more robust approach is available
if, instead of estimating phase with respect to the origin of the time segment, estimation is performed
with respect to the group delay of the DFT filter bank. Given that the window is symmetric, the group

delay is constant and given by t = (N — 1)/2. Therefore, using this result and (6) and (9), we obtain the
following:

It can be seen that the estimation error distribution is consistent with the relative magnitudes of adjacent
spectral bins as illustrated in Figure 4. In fact, when AL approaches —0.5, or 0.5, the cumulative error
increases relative to the case when AL = 0, which is a consequence of the fact that the magnitudes of
two adjacent spectral lines become comparable and significantly lower than the maximum value they
can reach (when AL = 0), which not only exacerbates leakage effects but also increases vulnerability to
the noise influence. Due to the specific frequency response of the rectangular window, as Figures 3 and
4 highlight, then, when Al = 0 and the SNR is infinity, the spectral leakage is zero, and the phase is
estimated without error. The Matlab code generating Figure 5 1is available (estimate
PHASE DFT rect.m), which facilitates experimentation with other values of N, £, or SNR.
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Figure 5. Cumulative phase estimation error as a function of the fractional frequency Ay, when the
DFT and the rectangular window are used. In the illustrated cases, N = 128, { = 13, SNR = 30 dB
(left) and SNR = 10 dB (right).

2.2. DFT and the Sine and Shifted Hanning Windows Other windows that provide better main-to-side
lobe attenuation compared to the rectangular window are frequently used in spectrum estimation and
FIR filter design [15]. Although standard Hamming or Hanning windows could be used in our analysis,
we employ two related windows that are particularly significant in perfect reconstruction filter banks
[19,20], such as those that are frequently used in audio coding and general analysis synthesis [21]. One
window is known as the sine window and is defined as follows:

Xlkel|

k, k ky ky+1 K
Figure 6. When Ay € |—0.5,0.5), the magnitude spectrum of the DFT of a sine-windowed sinusoid
exhibits a local maximum for k = k. The plots illustrate the case when Ay = —0.5 + ¢ (left), when
Ay = 0.0 (center), and when Ay = 0.5 — ¢ (right), where € < 0.5 is a small real positive number.

Although this figure resembles Figure 4, two important aspects are worth noting. First, the side lobe
attenuation decay (not shown in these figures) is stronger for the sine window, when compared to the
rectangular window [5]. Second, because the main lobe of the frequency response of the sine window
is wider than the main lobe of the rectangular window, this means that when AL is such that the
magnitudes of the spectral lines k = k€ — 1 and k = k€ become comparable, or the magnitudes of the
spectral lines k = k€ and k = k{ +1 become comparable, these magnitudes are closer to the maximum
value they can reach (which takes place for AL = 0.0) than what happens for the rectangular window.
These concurrent reasons make it that relative to the case of the rectangular window, phase estimation
using the sine window is likely to be more immune to the noise influence and to suffer fewer leakage
effects. This can be confirmed by making a simple study on the phase estimation error, as it was
described in the previous subsection for the rectangular window. Using the same simulation conditions,
and the same phase estimation function (Equation (10)), we obtain the cumulative phase estimation
error results that are illustrated in Figure 7. When compared to the results in Figure 5, it can be
concluded that phase estimation appears to be more accurate when the sine window is used, especially
when the SNR is high, which is a natural consequence of the smaller leakage caused by this window.
Results are similar if the shifted Hanning window is considered instead. As we shall see in Section 2.5,
more informative conclusions will emerge from a study of the phase estimation error variance
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Figure 7. Curnulative phase estimation error as a function of the fractional frequency A;, when the
DFT and the sine window are used. In the illustrated cases, N = 128, f = 13, SNE = 30 dB (left) and
SHE = 10 dB (right).

Figure 8 displays representative results regarding bias. Results reveal that in all six cases, bias reduces
as the SNR increases, as expected. However, there is not a specific combination of DFT-based filter
bank and window that stands out. This remains true even after multiple runs of the simulations, although
a relative degradation can be observed that persists for the tested rectangular window context (i.e., DFT
filter bank and rectangular window) under more adverse A conditions (i.e., when A approaches —0.5 to
0.5), which is easily explained by the poor leakage characteristics of the rectangular window.
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Figure 8. Mean over 100 Monte Carlo runs of the phase estimation error when N = 128, £ = 13, and
when A takes on two extreme values depending on the estimator.

In general, it can be concluded that bias is fairly low, in the order or less than 0.001 radians for SNR
equal to or larger than 2.5 dB. This represents less than 0.016% of the 2n dynamic range. The most
significant results regard estimation error variance and are shown in Figure 9. It is an interesting and
somewhat unexpected outcome that the rectangular window gives rise to the best results when the tested
A conditions are more favorable (i.e., when A = 0.0), and to the worst results when the tested A
conditions are more adverse (i.e., when A = —0.49). In the former case, the performance reaches the
CRLB because in that ideal case, there is no leakage, as already noted at the end of Section 2.1, which
means that the error variance is entirely due to noise contamination. It should be noted that in practice,
this rarely happens with real-world, natural, signals as it is quite unlikely that the analyzed frequencies
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are exactly aligned with the center frequencies of the sub-bands of the DFT-based filter bank. In the
latter case, the performance shown by the same estimator is quite poor, which reveals that, in that case,
leakage effects due to the rectangular window are quite strong, as the results in Figures 5 and 8 easily
anticipate. In particular, the performance becomes asymptotic when the SNR exceeds 10 dB, which is
commensurate with the known main-toside lobe attenuation of the rectangular window, in the order of
13 dB [15]. The performance of the sine and shifted Hanning windows fall in between the two extreme
cases due to the rectangular window. In particular, for the same DFT-based filter bank and A conditions,
the error variance performance of the sine window clearly exceeds that of the shifted Hanning window
in the sense that a closer approximation to the CRLB is reached. This is more evident under the more
favorable A test conditions (e.g., when A = 0.5) than under the more adverse A test conditions (e.g.,
when A = 0.01). A possible explanation may be linked to the relationship between the main lobe width
of the magnitude of the frequency responses of those two windows, the relative prominence of the
spectral coefficients inside that main lobe, the association with the discrete frequencies defining the
different DFT channels (or sub-bands), and the near-end and far-end leakage characteristics of each
window. The most impactful implication of these results is that under more general test conditions, the
phase estimation error performance of the sine window is not only closer to the CRLB but also offers a
lower deviation when signal conditions are more adverse. For these reasons, it can be considered that
the performance of the sine window is better behaved and, thus, it will be used in the remainder of this

paper.

O
ODFT-HANN A=05

10°F
§

SNR

Figure 9. Variance of the phase estimation error when N = 128, { = 13, and when A takes on two extreme
values depending on the estimator. The Cramér—Rao lower bound is also represented although it is not
too visible since it is overlapped by the DFT-RECT results when A = 0.0.
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Figure 10. Two FM deviation cases characterizing test signals: FM = 2.5 Hz (solid line) and FM =
0.25 Hz (dashed line).
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The sawtooth waveform is illustrated in Figure 11 for two noise contamination scenarios that we
consider in our simulations: when it is mild (SNR = 30 dB), and when it is strong (SNR = 10 dB).
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Figure 11. Illustration of the influence of noise on the sawtooth test signal when SNR =30 dB (top),
and when SNR = 10 dB (bottom).

DFT-based non-parametric spectrum estimation techniques are commonly used to analyze, represent,
and interpret the spectral properties of a given signal for which no strong assumptions are made. Given
that those spectral properties can be characterized in terms of magnitude and phase, typically, 2D plots
and 3D plots can be used in each case, although only seldom in the case of phase representation. In the
case of the magnitude spectrum, also known as a periodogram, a 2D plot is simply obtained by taking
the absolute value of the short-time DFT of a windowed region of the signal as a function of frequency.
This is illustrated, for example, in Figure 15. The graphical representation can be linear or logarithmic,
either on the horizontal or vertical axis, or on both axes. When the goal is to observe how the magnitude
spectrum evolves through time, a 3D representation is created by abutting several magnitude spectra,
next to each other, and Signals 2024, 5 865 where a colormap is used to represent power spectral density
(PSD). A new magnitude spectrum is obtained by sliding the short-time DFT window over the signal
by a certain hop size that, typically, is less than the window length. Such a 3D representation is known
as a spectrogram. Usually, the horizontal axis represents time, the vertical axis represents frequency,
and the third dimension, which is perpendicular to the time—frequency plane, is represented by a specific
color of a colormap denoting a suitable PSD range. A simple example is illustrated in Figure 26a that
corresponds to the first four harmonics of a sawtooth signal and whose fundamental frequency is FO =
187.34 Hz.

4. Conclusions: This paper focused on a harmonic signal analysis, modeling, and processing paradigm
that eases significantly the representation, transformation, and synthesis of harmonic signals, especially
from the point of view of the phase information. In the first part of the paper, practical DFT-based
approaches that build on a filterbank perspective were discussed for estimating the starting phases of
individual sinusoids. Their performance was characterized by considering the CRLB for the variance
of an unbiased phase estimator. In particular, it was shown that contrary to harmonic frequency and
magnitude estimation, accurate phase estimation depends only on ‘coarse search’ and not on ‘fine
search’, which makes the estimation more robust. Six phase estimation alternatives were studied by
combining two DFT-based filter banks and three different window functions. Results were explained in
a reproducible manner. In the second part of the paper, it was shown that the starting phases of individual
sinusoids that are harmonically related may be converted into a phase-related feature (NRD) that
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expresses the holistic phase structure of a harmonic signal, has the advantage of being time-shift-
invariant, helps to explain the waveform shape of a quasi-periodic signal, and helps to provide insight
into the physical process that generates it. Finally, it was shown that the unique information that exists
in a phasegram resulting from a stationary harmonic signal consists of the starting phase of the
fundamental frequency and the NRD feature vector. Matlab code (https://github.com/Anibal-
Ferreira/demo_AccPhaseEst, accessed on 1 January 2024) is provided that illustrates the most relevant
concepts and results that are discussed in the paper. Many application scenarios may benefit from the
results in this paper paving the way for new research results, namely speech coding, pitch, and time-
scale modification of speech, singing, audio, and music; speech enhancement; whispered-speech to
voice speech conversion and voice rehabilitation; audio forensics; physiological signal analysis and
diagnosis (e.g., using ECG signals); and monitoring of the operation of mechanical systems using
sound.

References:

1. Smith, J. D., & Brown, A. L. (2021). Advanced Techniques in Electrical Circuit Design.
Springer.

2. Pires, F., & Costa, J. (2020). "Machine Learning Applications in Power Systems," IEEE
Transactions on Power Systems, 35(3), 1234-1245.

3. Bonne, L., & Ramdhan, S. (2019). "Innovative Approaches to Data Analytics in Smart Grids,"
Energy and Al 2(2), 100021.

4. Wang, T., & Lee, J. (2022). Artificial Intelligence in Structural Engineering. Wiley.

5. Barrow, N., & Karanja, J. (2023). "loT-Based Real-Time Monitoring Systems for Renewable
Energy," Journal of Renewable Energy Systems, 12(1), 45-58.

6. Zhang, M., & Gupta, P. (2021). "Integration of IoT and Al in Smart Cities," Computer
Networks, 199, 107665.

7. Shafi, S. A., & Ahmed, R. (2019). "Performance Analysis of Wireless Sensor Networks in
Tropical Environments," International Journal of Electronics and Communication, 96, 78—89.

8. Ramanathan, P., & Chatterjee, A. (2022). Next-Generation Wireless Technologies. Cambridge
University Press.

9. Lee, S. H., & Kim, Y. (2020). "Optimization of Electrical Load Distribution Using Machine
Learning," Energy Conversion and Management, 223, 113282.

10. Hussein, M. A., & Akbar, T. (2023). "Modeling Energy Storage Systems for Electric Vehicles,"
Journal of Energy Storage, 56, 105120.

11. Zhao, L., & Wang, R. (2021). "Efficiency Optimization in Renewable Energy Grids,"
Renewable Energy, 145, 564-578.

12. Ahmed, F., & Hassan, Z. (2020). Principles of Control Systems Engineering. Pearson
Education.

13. Banerjee, K., & Singh, R. (2018). "Emerging Trends in Power Electronics for Energy
Efficiency," IEEE Transactions on Industrial Electronics, 65(12), 9784-9797.

14. Williams, G., & Carter, H. (2020). "Predictive Maintenance Using Al in Industrial Systems,"
Automation in Industry, 33(4), 234-245.

15. Natarajan, S., & Yu, P. (2021). "Hybrid Modeling Techniques for Energy Storage Systems,"
Journal of Applied Energy Research, 47(2), 199-211.

16. Silva, M., & Rodriguez, F. (2019). "Grid Stability Analysis Using Advanced Algorithms," IEEE
Access, 7, 56789-56801.

17. Kumar, A., & Patel, R. (2022). "IoT in Electrical Substations: A Review," International Journal
of Smart Energy Systems, 18(2), 89—-102.

18. Chen, X., & Luo, J. (2023). "Heat Transfer Dynamics in Smart HVAC Systems," Energy
Efficiency Journal, 15(3), 452—468.

19. Park, J., & Oh, H. (2019). Advanced Semiconductor Devices for Future Computing. Academic
Press.

www.ijama.in
Page | 49


http://www.ijama.in/

20.

21.

22.
23.

24.

25.

26.

27.

28.
29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

International Journal of Advanced Multidisciplinary Application | JAMA
Volume 1Issue 4 Dec 2024
ISSN No: 3048-9350

Sharma, D., & Gupta, K. (2022). "Thermal Performance of Power Cables," Electrical
Engineering Review, 10(2), 87-96.

Habib, H., & Ali, F. (2020). "The Role of Artificial Neural Networks in Predictive Modeling,"
Al Applications in Energy Systems, 7(4), 345-358.

Lewis, E., & Morgan, P. (2023). Electrical Power Distribution Systems. McGraw-Hill.

Chen, M., & Lin, S. (2020). "Design of High-Efficiency Transformers," Journal of Electrical
Machines and Systems, 15(1), 12-25.

Kumar, V., & Singh, B. (2021). "Integration of Renewable Energy into Smart Grids,"
Renewable and Sustainable Energy Reviews, 137, 110587.

Taylor, J., & Hill, G. (2019). "Real-Time Monitoring Systems in Power Plants," Energy
Systems Journal, 34(3), 245-260.

Kim, H., & Choi, J. (2022). "Enhanced Grid Resilience Using Al-Based Solutions," IEEE
Transactions on Smart Grid, 13(1), 347-359.

Jones, A., & Carter, T. (2021). "Role of Machine Learning in Enhancing Electric Vehicle
Infrastructure," Journal of Green Energy, 20(2), 101-115.

Ali, S., & Zhang, T. (2023). Advances in Electric Drive Technologies. Elsevier.

Wilson, B., & Shaw, R. (2020). "Energy Harvesting Techniques for Smart Systems," Journal of
Energy Harvesting and Storage, 14(3), 234-248.

Davis, C., & Ahmed, N. (2021). "Applications of Al in High-Voltage Engineering," Journal of
Electric Power Components and Systems, 49(5), 439-452.

Patel, S., & Desai, M. (2022). "Power Quality Analysis in Smart Grids," International Journal
of Power Engineering, 29(4), 345-367.

Roy, A., & Mishra, K. (2021). "Wireless Charging Systems for Electric Vehicles," IEEE
Transactions on Transportation Electrification, 7(4), 1567-1579.

Zhu, L., & Wei, Z. (2019). "Thermal Management in Renewable Energy Systems," Journal of
Renewable and Sustainable Energy Engineering, 31(6), 577-591.

Brown, L., & Adams, J. (2020). Energy Systems and Al: A Comprehensive Guide. Routledge.

Kumar, A., & Sharma, V. (2023). "Hybrid Renewable Energy Systems: Design and
Challenges," Energy Procedia, 156, 23-37.

Williams, H., & Taylor, P. (2021). "Applications of lIoT in Renewable Energy Monitoring,"
Journal of Smart Systems and Devices, 25(3), 223-234.

Ahmed, R., & Gupta, N. (2019). "Modeling Thermal Behavior in Electric Power Systems,"
Electrical Power Research Journal, 48(7), 345-361.

Zhang, L., & Sun, Y. (2022). "Al-Based Predictive Maintenance in Power Distribution
Systems," IEEE Access, 10, 112234-112246.

www.ijama.in
Page | 50


http://www.ijama.in/

