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Summary 

 

Spectral decomposition maps the 1D seismic signal 

into the time-frequency domain and spectral 

balancing boosts the same to distribute the power 

spectrum over the complete frequency components 

equally. Former enhances the lateral resolution and 

latter enhances the spectral resolution which helps in 

the better interpretation of faults in the large seismic 

volume. In this frame of paper, continuous wavelet 

transform is applied to the seismic volume. The 

results of several wavelets such as Shannon wavelet, 

Ricker wavelet, Morlet wavelet, difference of 

Gaussian (DOG) wavelet are compared. Finally, 

spectral balancing is employed to increase the 

spectral quality. This renders the better visibility of 

the subtle faults which are almost imperceptible in 

the original seismic section. Depicted results on the 

seismic data provided by ONGC ensures the validity 

of the proposed algorithm. 

 

Introduction 

 

Spectral decomposition is a non-unique process 

which transforms the signal into time-frequency (TF) 

energy cubes which characterize the time-dependent 

frequency response of subsurface rocks and 

reservoirs. It maps the non-stationary 1-D seismic 

signal into a 2-D matrix. TF analysis of a non-

stationary signal such as seismic trace is a very 

complex task as the spectral components vary with 

time. TF analysis has evolved to a great extent with a 

variety of algorithms that yield a temporal and 

spectral resolution. The common TF transforms used 

can be classified into three classes. The first class is 

the linear transform which comprises the short-time 

Fourier transform, the continuous wavelet transform 

(CWT), the S-transform. The second class is the 

quadratic transform for e.g., Wigner-Ville 

distribution. The third class is based on sparse 

inversion, such as matching pursuit decomposition 

(MPD) and exponential pursuit decomposition 

(EPD). Though the quadratic methods render better 

TF resolution than linear, cross terms interfere with 

the TF analysis. MPD increases the lateral 

discontinuity, thereby causing false fault and it is 

more computationally intensive. As spectral 

decomposition enhances the lateral and spectral 

resolution, it enhances the seismic data quality and 

thus helping interpreters in analyzing the faults.  

 

The relative movement of the neighboring blocks 

with respect to each other results in the formation of 

typical geological structure i.e., faults. From a 

geological perspective, faults may seal porous 

reservoir rocks and render the formation of 

hydrocarbon reservoirs. To meet the increasing 

demand of the hydrocarbons, the survey areas are 

getting vast. Thus, manual interpretation and 

detection of faults is very time consuming and 

cumbersome. Therefore, increasing the resolution of 

the seismic data aids in interpreting the major as well 

as subtle faults efficiently. 

 

A considerable amount of work has been in spectral 

decomposition using various TF transform methods. 

Castagna et al., 2006 and Chopra et al., 2015b has 

compared CWT, MPD, EPD, discrete Fourier 

transform and it has been found that EPD and MPD 

are the most useful technique in the quantitative 

analysis but computationally expensive in case of a 

large volume. CWT method is commonly used in 

spectral decomposition using various wavelets at 

different frequencies (Chakraborty et al., 1995; 

Chopra et al., 2015a; Kola et al., 2015; Sinha et al., 

2005). Matching pursuit decomposes a seismic signal 

into a linear expansion of waveforms that are chosen 
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from a dictionary of functions. These waveforms are 

chosen in order to best match the signal structures 

(Mallat et al., 1993; Wang, 2006). The disadvantage 

of MPD is lateral discontinuity and computational 

complexity. Recently, a lot of work has been done on 

spectral decomposition using synchrosqueezing 

transform (Chen et al., 2014 and Wang et al., 2014) 

and S transform (Huang et al., 2015 and Liu et al., 

2017).  Followed by spectral decomposition, spectral 

balancing is done irrespective of the spectral 

decomposition technique used. In this, the amplitude 

of the spectral frequencies are enhanced where it is 

low. Thus, making it perfectly balanced over all the 

frequencies (Chopra et al., 2016). 

 

The following sections explain the detailed algorithm 

thoroughly. The proposed workflow is shown in Fig. 

1. At first, the dip is estimation using complex trace 

analysis which is further enhanced using the 

Gaussian/Laplacian pyramid. The estimated dip is 

used in filtering the seismic data using the dip steered 

median filter. Followed by this, continuous wavelet 

transform is applied on the dip steered median 

filtered volume using various wavelets. Followed by 

this, spectral balancing is employed. Finally, the 

paper is concluded in the final section. 

 

Dip Estimation   

 

Dip attribute determines the best fit line in 2D 

seismic data or the best-fit plane in 3D seismic 

volume for every trace between the neighboring 

traces on a horizon. Taner et al., 1979 proposed a dip 

estimation technique using complex trace analysis.  

 

Further, the weighted average of the dip is calculated 

to obtain the smoother seismic section (Barnes 2000). 

But complex trace analysis suffers from waveform 

interference and instantaneous frequency can fall 

outside the seismic bandwidth resulting in negative 

values. Hence, to enhance the dip attribute, the 

Gaussian/Laplacian pyramid approach is employed to 

reduce the noise and preserve the edges in the data 

(Mahadik R. et al., 2019). Further, dip steered median 

filter (DSMF) is applied to the inline section which 

removes the random noises and enhances lateral 

continuity of the reflections in the seismic data 

(Francelino 2013). This additionally provides an 

enhanced signal to noise ratio. 

 

 
Figure 1: Proposed Workflow. 

 

Spectral Decomposition 

 

Spectral decomposition decomposes the time-

dependent seismic trace into time-dependent 

frequency bands. Improved spectral decomposition in 

TF space is provided by the sliding window i.e., 

short-time Fourier transform. But this method suffers 

from the TF resolution limitation since the window 

length is predefined. Time resolution is poor in case 

of short window length and frequency resolution is 

poor in long window length. This issue is resolved in 

CWT which uses variable window length and hence 

increases the temporal and spectral resolution. The 

continuous wavelet transform is given as: 

               
   *
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          (1) 

where a is a scaling parameter, b is a translation 

parameter, ψ is the mother wavelet, f(t) is the signal, 

and W(a,b) is the CWT scale decomposition. 

Complex wavelets such as Morlet, Ricker, Shannon 

and DOG wavelets are used in the complex wavelet 

transform in which the real and imaginary (i.e.  phase 

rotated) wavelets are simply convolved with the input 

seismic trace to form complex voice components. 

Voice components introduced by Goupillaud et al., 

1984 are the function of spectral magnitude and the 

phase. It is given as: 

                 , , exp ,v t f m t f j t f        (2) 
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Spectral Balancing 

 

The main objective of spectral balancing is to 

enhance the low-resolution frequency components of 

spectral decomposition to obtain a perfectly balanced 

resolution. If the seismic data is spectrally balanced 

or in simple words, if the frequency bandwidth is 

extended, the resulting data can have a higher vertical 

and lateral resolution. The power spectrum of the 

data is given in Figure 1. It can be seen that the 

normalized power deteriorates after 30 Hz. This leads 

to using few frequency components and some 

spectral information may be missing in the low-

frequency components such as fault and fractures. 

For better fault interpretation, it is highly likely to 

balance the data spectrally. 

   

 

Figure 2:  Normalized power spectrum of a KG basin 

seismic volume before spectral balancing. 

 

The spectral balancing magnitude is given as (Fatima 

et al., 2010, Chopra et al., 2016): 
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where  ,avgP t f  is the smoothed average power 

spectrum obtained by averaging the power of spectral 

magnitude given by    
2

, ,P t f m t f overall the 

traces in the seismic volume in a given predefined 

time window.  peakP t  is the peak of the average 

spectrum.  is the prewhitening parameter which is 

0.04 in normal cases and can be taken as 0.01 in 

larger surveys to further broaden the spectrum. Each 

frequency band is equalized by its scaling function 

which depends upon the amplitude levels in this 

band. All these scaled frequency bands together are 

added to obtain the balanced sections. Some 

applications allow a percentage of the input data to be 

added back to improve the results. Rigorous testing 

needs to be performed on the data to enhance the 

frequency spectra within sensible bandwidth. 

 

 

Figure 3:  Normalized power spectrum of a KG basin 

seismic volume after spectral balancing. 

 

Experimental Results 

 

For this study, the input data is a 3D seismic 

processed post-stack data volume, located in the 

offshore K.G. Basin, licensed by GEOPIC, ONGC, 

Dehradun. The inline range is from 1982 to 4517, the 

crossline range is from 8800 to 14000 with a step size 

of 2. The data is recorded for 4 seconds with the 

sampling interval of 4ms. The original seismic 

section with inline 3000 is as shown in Fig. 4. 

 

Spectral balancing of frequencies from 5 to 90 Hz 

provided good results in improving the resolution 

without increasing noise. The spectral balancing of 

frequencies beyond 90 Hz produces more noises.  

The power spectrum of seismic data after spectral 

balancing is depicted in Fig. 3. 
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Figure 4:  Original inline seismic section (Inline number: 3000) 

 

 
                                    (a)                                              (b) 

 

      
    (c)               (d) 

 

Figure 5:  30 Hz spectral decomposition component of an inline section using a) DOG wavelet; b) Morlet wavelet; 

c) Ricker  wavelet; d) Shannon Wavelet 

 



Fault Interpretation using Spectral Decomposition and Spectral Balancing 

 
 

Figure 5:  Enhanced seismic inline section after spectral balancing with annotations. 
 

 

 

After generating the complex wavelets such as DOG, 

Morlet, Ricker and Shannon, of 30 Hz center 

frequency, it is convolved with seismic traces and the 

30Hz spectral component is generated. The spectral 

component of DOG, Morlet, Ricker and Shannon 

wavelets are illustrated in Fig. 4. From the figure, it is 

evident that the Morlet wavelet shows better results 

than others. Other wavelets distort the section and 

invite discontinuities. Fig. 5 shows an enhanced 

seismic inline section after spectral balancing. The 

region contained in ellipse shows the enhanced 

resolution of the seismic section and the arrows show 

the perceptible fault visibility.   

 

Conclusions 

 

Spectral decomposition converts the signal into the 

TF domain, where the time and frequency can be 

analyzed simultaneously. To obtain TF analysis, 

CWT is employed using Shannon, Morlet, DOG and 

Ricker wavelets. Among these, the Morlet wavelet 

gives better results than others. But the spectral 

distribution is not perfectly balanced and high-

frequency components have a low amplitude. In 

order to interpret faults which are usually high 

frequency components, spectral balancing is used to 

stretch the bandwidth and enhance the amplitude 

where the resolution was poor. This evenly balances 

the spectrum and faults are not easily visible in the 

seismic data. This helps geologists and geophysicists 

study and interprets the subtle and minor faults in a 

seismic volume. In future, we aim to delineate the 

faults automatically using machine learning 

algorithms on the spectrally balanced seismic 

volume. 
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