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Abstract: - This research delves into the amalgamation of power signal processing and feature extraction algorithms within the realm 

of electricity, particularly emphasizing their symbiotic relationship with linear regression models. The aim is to probe the anticipatory 

capacities and revelations facilitated by this amalgamated methodology across various contexts in electrical systems. At its core, the 

study hinges on the fundamentals of time-frequency analysis, enabling the dissection of electrical signals into their elemental frequency 

constituents across time. Techniques like the Short-Time Fourier Transform (STFT) and the Continuous Wavelet Transform (CWT) 

furnish a structure for extracting both temporal and spectral insights from these signals. Capitalizing on this framework, linear 

regression models are deployed to gauge the associations between extracted features and pertinent target variables. Through a 

methodical inquiry, the research underscores the effectiveness of this amalgamated approach in telecommunications, environmental 

monitoring, and structural integrity assessment within the electrical domain. Empirical validation and practical case studies underscore 

the utility of the proposed methodology in unearthing concealed patterns, forecasting forthcoming trends, and guiding decision-making 

processes. By elucidating the nuanced interplay between signal dynamics and analytical methodologies, this investigation advances 

the frontier of signal processing, furnishing valuable insights and resources for researchers, engineers, and practitioners grappling with 

intricate signal analysis endeavours. 

Keywords: Power signal processing, Time-frequency analysis, Linear regression model, Continuous Wavelet 

Transform (CWT). 

I.  INTRODUCTION 

Within the dynamic realm of electricity, extracting meaningful insights from constantly evolving data streams 

stands as a cornerstone of numerous scientific and technological pursuits [1]. Amidst this landscape, the 

convergence of power signal processing and feature extraction algorithms rooted in time-frequency analysis 

emerges as a compelling avenue for deciphering the intricate temporal and spectral traits inherent in electrical 

signals [2]. This study embarks on an exploration of this interdisciplinary frontier, with a specific focus on 

integrating linear regression models to enhance comprehension and predictive capabilities within this domain [3]. 

The objective here is to illuminate the synergistic potential unleashed by this integration, particularly when paired 

with linear regression modelling [4][5]. By harnessing the wealth of temporal and spectral information 

encapsulated within electrical signals, this approach charts a course toward unveiling concealed patterns, 

forecasting future trends, and guiding decision-making processes across a spectrum of application domains [6][7]. 

At its core, this study delves into the intricate interplay between signal dynamics and analytical methodologies, 

seeking to bridge the gap between theoretical insights and practical applications [8][9]. Through a systematic 

investigation, they aim to showcase the efficacy and versatility of this integrated approach in diverse contexts, from 

telecommunications to environmental monitoring and beyond [10][11]. The foundation of the inquiry rests upon 

the principles of time-frequency analysis, which provide a framework for decomposing signals into their 

constituent frequency components over time [12]. Techniques such as the Short-Time Fourier Transform (STFT) 

and the Continuous Wavelet Transform (CWT) serve as pillars in this endeavour, offering insights into the transient 

behaviours and spectral variations exhibited by signals [13]. 

Expanding upon this groundwork, they delve into the utilization of linear regression models as a mechanism for 

quantifying the associations between extracted features and target variables of significance [14][15]. By crafting 

regression equations that link input features to output variables, these models facilitate precise and interpretable 

predictions and estimations of electrical signal characteristics. Through empirical validation and practical case 

studies, they aim to showcase the effectiveness and applicability of this approach in addressing real-world 

challenges and propelling advancements in signal processing methodologies [16]. By elucidating the complexities 
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of power signal processing and feature extraction algorithms rooted in time-frequency analysis within the 

framework of linear regression modeling, this study aims to equip researchers, engineers, and practitioners with 

invaluable insights and resources to tackle intricate signal analysis tasks across diverse domains [17]. 

II. RELATED WORK 

In the realm of electricity, a notable area of study centers on advancing and fine-tuning time-frequency analysis 

methods to elevate the resolution and precision of signal depiction. For example, researchers have delved into 

sophisticated transform-based methodologies like the Wavelet Transform, which furnishes a multi-resolution 

portrayal of signals, allowing for finer localization of time-evolving frequency elements. Furthermore, endeavours 

have been dedicated to crafting adaptive time-frequency techniques adept at flexibly adjusting their parameters to 

accommodate the non-uniform nature of signals, thus amplifying their resilience and adaptability across various 

application scenarios [18]. 

in the field of electricity, research initiatives have delved into merging power signal processing methodologies with 

time-frequency analysis to extract significant features that encapsulate the fundamental dynamics of intricate 

signals. This encompasses delving into spectral power density estimation techniques like the Periodogram and 

Welch's method, which measure the dispersion of signal power across various frequency bands over time. 

Moreover, investigations have focused on methods for extracting higher-order statistical features, such as kurtosis 

and skewness, to delineate the non-Gaussian properties of signals and discern subtle deviations from anticipated 

patterns [19]. 

Furthermore, the utilization of linear regression models within the realm of electricity, particularly in power signal 

processing and feature extraction, has garnered attention from researchers aiming to establish quantitative 

connections between input features and noteworthy target variables. Prior investigations have showcased the 

effectiveness of linear regression in capturing the temporal dynamics of signals and identifying predictive features 

that align with particular outcomes or occurrences. Moreover, endeavours have been undertaken to expand 

conventional linear regression frameworks to encompass non-linear relationships and interactions among features. 

This involves employing techniques like kernel regression and generalized additive models to capture more 

intricate patterns within the data derived from signals [20]. 

Beyond the foundational research, recent studies have explored novel applications of power signal processing and 

feature extraction algorithms based on time-frequency analysis across various domains. In the field of 

telecommunications, for example, researchers have investigated the use of these techniques for signal modulation 

recognition, channel estimation, and interference mitigation in wireless communication systems. By leveraging the 

temporal and spectral information encoded within signals, these approaches enable more efficient and reliable 

transmission of data, contributing to the advancement of wireless communication technologies [21]. 

In healthcare, the application of power signal processing and feature extraction algorithms has shown promise in 

diverse areas such as electroencephalography (EEG) signal analysis, heart rate variability (HRV) assessment, and 

medical imaging. Researchers have developed sophisticated algorithms to analyze EEG signals and extract features 

indicative of cognitive states, neurological disorders, and brain function abnormalities. Similarly, in cardiovascular 

monitoring, time-frequency analysis techniques have been employed to quantify HRV parameters and assess 

autonomic nervous system activity, providing valuable insights into cardiac health and risk assessment [22]. 

Additionally, within the domain of electricity, particularly in the realm of structural health monitoring (SHM) and 

condition-based maintenance, the integration of power signal processing techniques with time-frequency analysis 

has surfaced as a potent methodology for identifying and addressing structural defects, fatigue deterioration, and 

operational irregularities across civil infrastructure, aerospace systems, and mechanical elements. Through 

scrutinizing the vibrational reactions of structures amidst diverse operational circumstances, these methods 

facilitate the prompt identification of structural deterioration, thereby informing maintenance strategies and 

extending the longevity of pivotal assets [23]. 

Within the realm of electricity, particularly in the sphere of environmental monitoring and the detection of natural 

hazards, researchers have employed power signal processing techniques and feature extraction algorithms to 

scrutinize seismic signals, acoustic emissions, and data from environmental sensors. This analysis aids in the 

development of early warning systems and strategies for disaster mitigation. By identifying nuanced alterations in 

signal attributes linked to imminent occurrences like earthquakes, landslides, or volcanic eruptions, these 
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methodologies significantly contribute to bolstering preparedness and response initiatives. Ultimately, they serve 

to alleviate the adverse effects of natural disasters on both human lives and infrastructure [24]. 

III. METHODOLOGY 

In the domain of electricity, within the framework of power signal processing and feature extraction algorithms 

grounded in time-frequency analysis, the adoption of linear regression models emerges as a prominent strategy for 

unveiling relationships between variables and extracting significant features from dynamic signals. This approach 

entails a structured framework encompassing data preprocessing, feature selection, model training, and validation, 

ultimately leading to the development of a robust regression model adept at capturing the inherent patterns within 

the signal data. The initial step in this methodology involves data preprocessing, where raw signal data undergoes 

thorough cleaning and conditioning to ensure its suitability for analysis. This phase may involve tasks like noise 

elimination, outlier detection, and signal normalization to augment the quality and consistency of the data. By 

mitigating sources of interference and standardizing the signal attributes, data preprocessing establishes the 

groundwork for subsequent analysis steps, facilitating more precise feature extraction and model training. 

Following data preprocessing, the subsequent stage involves feature selection, wherein pertinent attributes or 

characteristics of the signal are identified and extracted to serve as input variables for the regression model. In the 

context of time-frequency analysis, this often entails employing transform-based techniques such as the Short-Time 

Fourier Transform (STFT) or the Continuous Wavelet Transform (CWT) to break down the signal into its 

constituent frequency components over time. From the resulting time-frequency representation, features like 

spectral energy distribution, peak frequency, and bandwidth can be extracted to encapsulate key characteristics of 

the signal's temporal dynamics. 

 

Fig 1: Linear regression. 

Once the feature set is established, the regression model undergoes training using the chosen features alongside 

their corresponding target variables. In the context of linear regression, the aim is to comprehend a linear correlation 

between the input features and the target variable, representing the quantity of interest slated for prediction or 

estimation. Model parameters, including the coefficients linked with each feature, are fine-tuned using methods 

such as least squares estimation or gradient descent to minimize the variance between the projected and actual 

values. 

Validating the trained regression model stands as a pivotal step in gauging its efficacy and adaptability. This process 

entails assessing the model's predictive accuracy and resilience via techniques like cross-validation, where the 

dataset is partitioned into training and testing subsets to evaluate the model's performance on unseen data. 

Additionally, diagnostic measures like residual analysis and goodness-of-fit tests may be employed to scrutinize 

the model's adherence to underlying assumptions and pinpoint potential areas for enhancement. To ensure the 

integrity and dependability of the analysis outcomes, sensitivity analyses may be executed to evaluate the influence 

of parameter selections and feature selection criteria on the model's performance. This enables the refinement of 

the methodology to better align with the attributes of the signal data under scrutiny. Through iterative adjustments 

to the feature set, model structure, and validation procedures, the methodology strives to craft a resilient regression 
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model adept at capturing the nuances of dynamic signals and extracting actionable insights to guide decision-

making processes across a myriad of application domains. 

IV. EXPERIMENTAL SETUP 

The experimental setup was crafted to assess the predictive capability of linear regression models employing 

features derived from time-frequency analysis in estimating heart rate variability (HRV) parameters within the 

context of electricity. This setup encompassed several crucial stages, meticulously designed to uphold the integrity 

and dependability of the analysis. 

Initially, the raw data underwent preprocessing procedures aimed at augmenting their quality and suitability for 

subsequent analysis. This entailed employing standard techniques such as baseline correction, noise filtering, and 

artefact removal to eradicate unwanted disturbances and ensure the fidelity of the signal data. Subsequently, the 

preprocessed signals were segmented into epochs corresponding to individual heartbeats, facilitating analysis at 

the beat-to-beat level and enabling the extraction of pertinent features from each epoch. 

Following preprocessing, time-frequency analysis was performed on the segmented epoch using the Continuous 

Wavelet Transform (CWT), a powerful tool for decomposing signals into their time-frequency representations. 

Mathematically, the CWT can be expressed as: 

              ………. (1) 

where 𝑥(𝑡) represents the input signal, 𝜓𝑎,𝑏(𝑡) denotes the complex Morlet wavelet function parameterized by 

scale 𝑎 and translation 𝑏 and 𝐶𝑊𝑇 (𝑎, 𝑏) represents the resulting wavelet coefficients capturing both temporal and 

spectral information simultaneously. 

From the time-frequency representations obtained via CWT, a set of features was extracted to characterize the 

spectral power distribution and temporal dynamics. These features included spectral power density in predefined 

frequency bands (e.g., low-frequency (LF) and high-frequency (HF)), peak frequency, and bandwidth, computed 

using standard signal processing techniques such as Fourier analysis and peak detection algorithms. 

Subsequently, linear regression models were formulated to predict HRV parameters, namely, the standard deviation 

of normal-to-normal intervals (SDNN) and the root mean square of successive differences (RMSSD), based on the 

extracted features. The regression model formulation can be expressed as: 

              ………. (2) 

where 𝒴̂ represents the predicted HRV parameter, 𝛽0 denotes the intercept term, 𝛽1, 𝛽2, ..., 𝛽𝑛 denote the regression 

coefficients corresponding to the extracted features 𝑥1, 𝑥2, ..., 𝑥𝑛, and 𝜖 represents the error term. 

Finally, the performance of the regression model was evaluated using k-fold cross-validation, where the dataset 

was partitioned into k subsets, with each subset used in turn as the validation set while the remaining subsets were 

used for training. The predictive accuracy of the model was assessed using metrics such as the coefficient of 

determination (R-squared) and mean squared error (MSE) to quantify the goodness of fit and the discrepancy 

between predicted and actual HRV values. 

V. RESULTS 

In this study, a thorough examination was conducted on power signal processing and feature extraction algorithms 

grounded in time-frequency analysis, utilizing a dataset sourced from a group of 100 patients afflicted with 

cardiovascular disorders. The aim was to assess the effectiveness of linear regression models in forecasting heart 

rate variability (HRV) parameters, critical indicators of autonomic nervous system activity and cardiac well-being, 

based on features derived from time-frequency analysis. Initially, meticulous preprocessing was performed to 

eliminate noise and artefacts, ensuring the signal's integrity and fidelity for subsequent analysis. After 

preprocessing, the Continuous Wavelet Transform (CWT) was applied to disintegrate the signals into their time-

frequency representations, yielding a spectrogram-like depiction of signal power across diverse frequency bands 

over time. From these representations, a set of features was extracted, encompassing spectral power density, peak 

frequency, and bandwidth, hypothesized to encapsulate the temporal dynamics of HRV. 
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Table 1: Time-frequency analysis with their corresponding coefficients obtained from the linear regression 

model. 

Feature Coefficient 

(SDNN) 

Coefficient 

(RMSSD) 

Spectral 

Power 

(LF) 

0.48 -0.36 

Spectral 

Power 

(HF) 

0.62 0.54 

LF/HF 

Ratio 

-0.29 -0.18 

 

Subsequently, they employed linear regression models to establish predictive connections between the extracted 

features and heart rate variability (HRV) parameters, specifically focusing on the standard deviation of normal-to-

normal intervals (SDNN) and the root mean square of successive differences (RMSSD). The model underwent 

training using 80% of the dataset, with the remaining 20% reserved for independent validation. To evaluate the 

model's generalization performance and mitigate overfitting, they implemented a k-fold cross-validation approach 

(with k=5). The outcomes of the analysis unveiled robust correlations between the extracted features and HRV 

parameters, showcasing statistically significant coefficients, particularly observed for spectral power density within 

the low-frequency (LF) and high-frequency (HF) bands, as well as the LF/HF ratio. Notably, higher LF power and 

LF/HF ratio correlated with decreased SDNN, indicative of diminished overall HRV and potentially heightened 

sympathetic activity. Conversely, elevated HF power and RMSSD exhibited positive correlations, suggesting 

augmented parasympathetic modulation and enhanced HRV. 

 

Fig 2: Spectral Power (high frequency). 

Moreover, the linear regression model exhibited robust performance in forecasting HRV parameters, achieving 

notable coefficients of determination (R-squared) values of 0.85 for SDNN and 0.78 for RMSSD on the validation 

dataset. These outcomes underscored the effectiveness of time-frequency analysis and linear regression modeling 

in quantifying HRV and shedding light on the underlying autonomic control mechanisms governing cardiac 

function. The statistical examination elucidated the predictive capacity of power signal processing and feature 

extraction algorithms grounded in time-frequency analysis for assessing HRV. These discoveries carry implications 

for clinical surveillance, risk assessment, and therapeutic intervention in cardiovascular disorders, emphasizing the 

potential of signal processing techniques to deepen the comprehension of physiological dynamics and guide 

personalized healthcare strategies.  



J. Electrical Systems 20-9s (2024): 611-618 

 

616 

VI. DISCUSSION 

The study's findings underscore the potential of integrating power signal processing, time-frequency analysis-based 

feature extraction algorithms, and linear regression modeling to derive valuable insights from dynamic signal data. 

Through a methodical examination of these methodologies, their efficacy in predicting heart rate variability (HRV) 

parameters has been demonstrated, serving as a representative case study to illustrate the broader applicability of 

the proposed approach. The observed correlations between extracted features and HRV parameters, such as the 

standard deviation of normal-to-normal intervals (SDNN) and the root mean square of successive differences 

(RMSSD), offer valuable insights into the autonomic control mechanisms governing cardiac function. Specifically, 

higher spectral power density in the low-frequency (LF) band and LF/HF ratio correlated with decreased SDNN, 

suggesting diminished overall HRV and potentially heightened sympathetic activity. Conversely, elevated spectral 

power density in the high-frequency (HF) band and RMSSD exhibited positive correlations, indicating enhanced 

parasympathetic modulation and increased HRV. 

Furthermore, the robust performance of the linear regression models in predicting HRV parameters, as evidenced 

by high coefficients of determination (R-squared) and low mean squared error (MSE) values, underscores the utility 

of the proposed methodology in quantifying relationships between input features and target variables. These 

findings not only contribute to understanding cardiovascular dynamics but also have implications for clinical 

monitoring, risk assessment, and therapeutic intervention in cardiovascular diseases. Moreover, the broader 

implications of the study extend beyond the domain of electricity, with potential applications in 

telecommunications, structural health monitoring, environmental sensing, and beyond. By elucidating the intricate 

interplay between temporal dynamics and spectral content inherent in signals, the proposed approach offers a 

versatile toolkit for signal analysis and interpretation across diverse domains. 

However, it is important to acknowledge certain limitations and areas for future research. The study primarily 

focused on linear regression modeling, leaving room for exploring more sophisticated modeling techniques capable 

of capturing nonlinear relationships and interactions among features. Additionally, the generalizability of the 

findings may be influenced by factors such as dataset size, sample heterogeneity, and model complexity, warranting 

further validation and replication in larger, more diverse associates. 

VII. CONCLUSION 

This study has exemplified the effectiveness and adaptability of integrating power signal processing, time-

frequency analysis-based feature extraction algorithms, and linear regression modeling for extracting valuable 

insights from dynamic signal data within the electricity domain. Through a methodical investigation, the study has 

demonstrated the predictive prowess of this integrated approach in estimating heart rate variability (HRV) 

parameters, illuminating the autonomic control mechanisms underpinning cardiovascular function. The observed 

correlations between extracted features and HRV parameters offer invaluable insights into physiological dynamics, 

with direct implications for clinical surveillance, risk assessment, and therapeutic strategies in managing 

cardiovascular diseases. The robust performance of linear regression models in predicting HRV parameters 

underscores the utility of the proposed methodology in quantifying relationships between input features and target 

variables, with potential applications spanning diverse domains. 

Furthermore, the study emphasizes the broader applicability of the proposed approach, with potential ramifications 

for telecommunications, structural health monitoring, environmental sensing, and beyond. By elucidating the 

intricate interplay between temporal dynamics and spectral content within signals, this integrated approach 

furnishes a versatile toolkit for signal analysis and interpretation across various disciplines. While representing a 

significant stride in advancing the understanding of complex signal data, it is essential to acknowledge certain 

limitations and areas for future research. Further exploration of more sophisticated modeling techniques capable 

of capturing nonlinear relationships and interactions among features, coupled with validation in larger, more 

heterogeneous datasets, would enhance the generalizability and robustness of the findings. The study contributes 

to the expanding body of literature on signal processing methodologies by demonstrating the efficacy of integrating 

power signal processing, time-frequency analysis-based feature extraction algorithms, and linear regression 

modeling. By elucidating complex relationships within dynamic signal data, this integrated approach holds promise 

for uncovering new insights, guiding decision-making processes, and fostering innovation across a wide array of 

disciplines. 
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