
 

International Journal for Multidisciplinary Research (IJFMR) 

 
E-ISSN: 2582-2160   ●   Website: www.ijfmr.com   ●   Email: editor@ijfmr.com 

 

IJFMR260169566 Volume 8, Issue 1, January-February 2026 1 

 

Advanced Time–Frequency Characterization of 

VLF Transients Using Continuous Wavelet 

Transform 
 

Ashutosh Kumar1, Amrendra Kumar2, D. K. Sondhiya3 

 
1,2,3Govt. Polytechnic College, Sahibganj, Jharkhand, India. 

 

Abstract: 

Continuous Wavelet Transform (CWT) has emerged as a powerful tool for analyzing nonlinear and 

non‑stationary electromagnetic signals. In this study, Very Low Frequency (VLF) transient signals 

recorded by the DEMETER satellite are analyzed using Morlet wavelet–based multiresolution analysis. 

The proposed approach provides superior time–frequency localization compared to conventional Fourier 

methods and enables detailed visualization of transient structures. The scalogram representation reveals 

resonance characteristics, harmonic components, and temporal energy distribution associated with 

ionospheric wave–particle interaction processes. 
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1. INTRODUCTION 

Spectral analysis of VLF signals plays a crucial role in understanding electromagnetic wave propagation 

in near‑Earth plasma environments. Traditional Fourier transform techniques provide only global 

frequency information and are inadequate for transient signals whose frequency content changes with 

time. Wavelet transform overcomes these limitations by offering simultaneous time–frequency 

representation with adaptive resolution [1–3]. This property makes it particularly suitable for the analysis 

of non‑stationary signals such as whistlers and transient emissions observed in the ionosphere. 

 

2. THEORETICAL BACKGROUND 

Wavelet transform employs localized oscillatory basis functions called mother wavelets to analyze signals 

across multiple scales. The Continuous Wavelet Transform (CWT) of a signal x(t) is expressed as: 

W(a, b) = ∫ x(t) ψ*((t − b)/a) dt  ........................................ (1) 

where a represents the scale parameter and b represents the translation parameter. The inverse relation 

between scale and frequency enables identification of both low‑frequency and high‑frequency 

components. In practical applications, discrete dyadic sampling of scale and translation leads to the 

Discrete Wavelet Transform (DWT), forming the basis of multiresolution analysis (MRA) [2,4]. 

In MRA, a signal is decomposed into approximation and detail coefficients corresponding to different 

frequency bands. This hierarchical decomposition provides efficient representation of transient structures 

and localized features in signals [5]. The energy distribution of wavelet coefficients plotted over time and 

scale produces a scalogram, which serves as a time–frequency energy map. 

 

3. DATA AND METHODOLOGY 

The VLF data analyzed in this work were recorded by the DEMETER micro‑satellite during seismic 

activity periods. The satellite carries instruments capable of measuring electric and magnetic field 

components in the VLF range. Wavelet‑based scalograms were generated using MATLAB software to 

visualize time–frequency energy distribution. Morlet wavelet was selected due to its good localization in 

both time and frequency domains [6]. 
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4. RESULTS AND DISCUSSION 
Figure 1: Waveform of Dispersive Whistlers

 
 

Figure 2: Spectrogram of VLF Dispersive Whistlers 
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Figure 3. Wavelet scalogram of VLF Dispersive Whistlers. 

 
 

Figure 4. Waveform of Spiky Whistlers 

 
 

Figure 5: Spectrogram of Spiky Whistlers 
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Figure 6: Wavelet scalogram of Spiky Whistlers 

 
 

The scalograms demonstrate localized high‑energy regions corresponding to resonance phenomena and 

harmonic structures. Variations in scale indicate changes in frequency content over time, confirming the 

effectiveness of wavelet‑based analysis for transient VLF signals. The presence of harmonic bands and 

energy packets supports the interpretation of wave–particle interaction mechanisms in the ionospheric 

medium [7–9]. 

 

5. CONCLUSION 

This study presents a comprehensive time–frequency analysis of VLF transients using continuous wavelet 

transform. The method provides improved visualization and characterization of transient behavior 

compared to conventional spectral approaches. The results confirm the capability of wavelet analysis to 

identify resonance features, harmonic structures, and temporal variations associated with ionospheric 

electromagnetic phenomena. 
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