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Chapter 1 

Introduction 

Seismic reflection method is a branch of exploration seismology. The method 

provides a direct and detailed picture of subsurface geological structures in terms of 

earth’s reflectivity distribution by scanning the subsurface using acoustic energy 

generated by controlled source. The method aims to detect significant geological 

boundaries and subsurface discontinuities (lateral and vertical) favorable for hydrocarbon 

(oil, gas and coal) and mineral exploration. The acoustic wave energy encounters with the 

boundary between the two geological formations or beds having different velocities (v) or 

densities (ρ) or, broadly, acoustic impedances (Z) leading to sudden change in acoustic 

impedance (Sheriff, 1994; Sheriff and Geldart, 1995). A part of the transmitted energy 

reflects back towards the surface due to the acoustic impedance change at the boundary. 

The strength of the reflection purely depends on the Reflectivity Coefficient (RC) value 

at the boundary. For a simple two-layer case as shown in Figure 1.1, the RC in terms of  

compressional or longitudinal wave velocity (Vp) is given by (Telford et al., 2010),   

�� =  �� − ���� + �� = 
���� − 
����
��� + 
����� 

Here Z1= 
����and Z2= 
���� are the acoustic impedances of first and second 

layers characterized by densities
�, 
�and primary wave velocities���, ��� respectively. 

The other part of the acoustic energy propagates into the second layer with a change in 

direction. The strength of the transmitted energy depends on the Transmission Coefficient 

(Telford et al., 2010) given by  

� =  2���� + �� = 2
����
���� + 
���� 

Similarly, one can also write the RC and TC in terms of S wave velocities. 
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Figure 1.1: 2D-schematic of two-layer system. 

 

Generally, two types of field operations are preferred in seismic studies, namely, 

(i) Two-dimensional (2D) surveys (ii) Three-dimensional (3D) surveys 

The 2D seismic data helps to infer the subsurface structural features as a single 

vertical cross-section sliced into the Earth beneath the seismic line. Generally, the 2D 

surveys are used for regional reconnaissance or for detailed exploration work where 

Source ReceiversReceivers
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economic resources are limited and may not support the cost of 3D (Steeples and Miller, 

1990; Francese et al., 2002; Juhlin et al., 2002; Hammer et al., 2004). The 3D surveys 

provide the three-dimensional image of the subsurface structural features as 3D data 

volumes (Buker et al., 1998; Buker et al., 2000; Biondi, 2006; Chaouch and Mari, 2006). 

Even though the 3D seismic studies are expensive, they offer spatially continuous and 

consistent 3D data blocks which reduce the uncertainty in the interpretation of structurally 

complex geological features or small stratigraphic targets. 

4D Seismic Studies: The 3D seismic data acquired at different times (more than one 

time) over the same region along the same seismic 3D grid can be used to search for 

temporal changes in the fluids within the reservoir rock formations. Such studies are 

called 4D Seismic surveys. 4D seismic studies are very popular in oil and gas exploration. 

In the seismic field acquisition, the reflection amplitude and the corresponding 

Two Way Travel time (TWT) are measured. The TWT provides the velocity distribution 

of the subsurface and the reflection amplitudes are useful to obtain other seismic 

attributes. The raw data recorded in the field is further processed using skilled sequence 

of techniques to render the most accurate image of subsurface geologic structures 

(Yilmaz, 2001). Seismic processing helps to suppress the unwanted signal energies that 

come from multiple reflections, natural noises, and direct waves (Yilmaz, 2001).Such 

imaging helps to map the high yielding pockets of coal, oil and gas reserves accurately 

and cost-effectively.  

The success of the seismic study depends on the following five key parameters 

1. Positioning and Surveying: Accurate and precise measurements of the location 

of source and receivers are fundamental and vital in seismic data acquisition. Even 

the seismic data with good quality is worthless for interpretation without knowing 

the positions of source and receiver locations. In marine and land environments, 

energy source and receiver layout patterns are pre-planned, and their positions 

pre-determined. The Global Positioning System (GPS) technology offers 

unprecedented accuracy in the position measurements of source and receivers. 

The Differential GPS (DGPS) correction techniques offer the accuracy between 2 

cm to 30 cm, which is adequate for seismic studies.  

2. Seismic energy source: In earlier field investigations, dynamite was invariably 

used/preferred as a source of seismic energy for both land and marine surveys. 

Even today, in land seismic studies, especially in areas of soft, unconsolidated and 

weathered surface layers, dynamite is preferred as a source for generating seismic 



4 

 

energy. The dynamite is buried and detonated safely in plugged shot holes below 

the surface layer to generate clean acoustic energy pulse. However, in urban 

and/or populous areas, dynamite is obviously not practical. Among the variety of 

energy source technologies used for acquiring seismic data, vibroseis is the state 

of art technique being used worldwide. Large servo-hydraulic vibrators on 

vibroseis trucks are safer, faster, more adaptable and environment friendly than 

the other techniques.  

3. Data recording: The network of geophones positioned on the surface are used to 

records the reflected energy. The geophones convert the reflected energy into 

electrical signal and transmit to the central recording system for quality control 

checks. Quality control is vital, not just during data recording, but at every stage 

of a seismic study. 

4. Data processing: The seismic response of subsurface is more complex than the 

ideal theoretical models. The measured seismic reflection pulses are not perfectly 

sharp and they change their shape while passing through the Earth. The recorded 

seismic data is a mixture of primary reflections from the interface between 

subsurface formations and some kind of unwanted noises that does not have any 

geological and geophysical interpretation. The fundamental goal of data 

processing is to separate the signal from noise. In addition to that, we apply 

geometry, static correction, normal move out correction, filtering, true amplitude 

recovery, deconvolution, stacking and migration processes to construct more 

accurate model of the subsurface. Based on the need, the  seismic data processing 

aims at  

(i) Enhancing signal at the expense of noise 

(ii) Providing velocity information 

(iii) Collapsing diffractions and placing dipping events in their true subsurface 

locations (migration) 

(iv) Increasing resolution 

The seismic data processing requires accuracy, reliability, speed and substantial 

computing power. The advanced mathematical algorithms and complex 

geophysical processes applied to 3D seismic data require enormous computing 

resources.   
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Figure 1.2: Flow chart of reflection seismic data processing steps 

5. Data Interpretation: The seismic interpretation needs amplitude and velocity 

anomaly analysis using the appropriate computer codes. The results are 

corroborated/interpreted using available geology to assess the likelihood of 

finding favorable structures for oil and gas accumulation  
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Noise in seismic data 

The noises that corrupt the seismic data are of two types, namely (i) random/ 

incoherent and (ii) coherent noises (Telford et al., 2010).  

Random Noise: The disturbances in the seismic signal amplitudes that lack the trace-to-

trace spatial coherency are considered as the random noise. The random/white noise does 

not result from the source that generates the seismic energy. In land seismic reflection 

surveys, near surface scattering, wind and rain are possible sources for random noise. 

Based on the assumption that random noise is the additive white Gaussian noise, it can be  

attenuated using several techniques like band pass filtering (Yilmaz, 2001), f-x 

deconvolution (Canales, 1984), wavelet de-noising (Foster et al., 1994), f-x Eigen 

filtering (Trickett, 2003), Cadzow filtering (Trickett, 2008), f-x SSA (Sacchi, 2009), 

MSSA (Oropeza and Sacchi, 2011) etc. In general, stacking of M traces also improve S/N 

ratio by a factor of √�(Sheriff and Geldart, 1982). 

Coherent Noise: The seismic source is the origin of spatially coherent noise. It is an 

undesirable additive energy to the primary reflections. Such energy shows consistent 

phase from trace to trace. The multiple reflections/multiples, surface waves like ground 

roll and airwaves, coherent scattered waves, dynamite ghosts etc., are the coherent noises 

commonly present with the seismic data (Figure 1.3). Improper removal of coherent 

noise affects nearly all the processing techniques and complicates the interpretation of 

geological structures. The land seismic reflection data mainly contains ground roll and it 

is obvious to know its characteristics. The ground roll is the low velocity (<1000 m/s), 

low frequency (< 15 Hz) and high amplitude surface/Rayleigh wave energy that travel 

along the surface. Because of the dispersion, different frequency component produce 

different ground roll mode in the data. This energy can be suppressed using band pass 

frequency filtering, f-k filtering techniques (Yilmaz, 2001). 

Colored Noise: The noise that occupies characteristic frequency spectrum is known as 

colored noise. If the frequency content of the noise falls outside the band of signal 

frequencies then it is easy to remove such noises using the frequency filtering techniques 

(Yilmaz, 2001). If the frequency content of the noise overlap with signal frequency band, 

it is difficult to suppress such noisy component using conventional filtering techniques.  
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Figure 1.3: Schematic illustrating different types of waves in seismic reflection 

experiment. 

Although we classify the noise into different categories, the question ‘What is 

noise?’ is highly subjective (Scales and Snieder, 1998). The noise in the seismic records 

shows spatio-temporal variability. Simple visual inspection of the data cannot assure the 

identification of noise and its nature. The primary seismic events show trace-to-trace 

correlation and their energy is limited to specific frequency band. One can define the 

signal of interest as the energy that shows trace-to-trace coherency. Spatially coherent 

noise is the most troublesome and deceptive compared to random noise as it shows 

consistent trace to trace correlation (Telford et al., 2010) and sometimes occupies the 

frequency band of signal. Although the frequency analysis (Claerbout, 1976; Yilmaz, 

2001) is useful to identify the band limited seismic signals, the analysis fails to identify 

the deceptive noise having frequency within the spectral band of the signal. The statistical 

techniques provide the estimates of the data like standard deviation, variance etc., which 

enable us to identify the noise. Geologically consistent seismic interpretation requires the 

seismic sections without noise and artifacts. Hence, it is obvious to suppress the noise 

using appropriate techniques before other seismic data processing steps.  

State of the Art 

Researchers have developed several filtering techniques to suppress the noise in 

the field data (Yilmaz, 2001; Canales, 1984; Abma and Claerbout, 1995; Ulrych et al., 

1999; Karsli et al 2006). The random noise, which is present in the data, could be easily 

recognized with flat spectral components in the frequency domain, whereas the correlated 



8 

 

and coherent noises create serious problem in identifying primary reflections. Because of 

the nonlinear behavior of earth processes, noise will always appear as a combination of 

white and colored. Even though the frequency filtering helps to remove the noise lying 

outside the frequency band of the signal, the decomposition of the non-stationary data 

into frequency domain using non-data adaptive fixed basis functions (sines and cosines) 

creates artifacts. The sudden/sharp change in reflection amplitudes cannot be reproduced 

in the signal reconstruction using such non-data adaptive basis functions. 

In addition to the noise problems, field data also suffers from data gaps due to 

malfunctioning of instruments (certain receivers). For accurate interpretation of the 

reflectors and their continuity, it is necessary to reconstruct the data gaps appropriately. 

Researchers have been employing various techniques to recover missing seismic data 

with regular and irregular intervals, involving domain conversion. The data converted 

into other domains using Fourier transform (Sacchi et al., 1998; Duijndam et al., 1999; 

Liu and Sacchi, 2004; Sacchi, 2009; oropeza and Sacchi, 2011), Radon transform 

(Darche, 1990; Trad, et al., 2002), etc., is processed to recover the missing data. 

Interpolation methods have also provided their significant contribution to seismic data 

processing in missing data reconstruction. Researchers have also employed prediction 

filter based algorithms to recover the missing data (Spitz, 1991; Abma and Clearbout, 

1995; Porsani, 1999; Naghideh and Sacchi, 2007, 2010). However, reconstruction using 

any method yields good results only if the data is noise free. Secondly, interpolation (in 

frequency or time domain) is not a good choice to implement on the non-stationary data 

sets. Thus, the separation of noise in frequency domain may sometimes fails to replicate 

the real signatures from the processed data. 

Singular Spectral Analysis (SSA) is a popular technique invariably applied in 

atmospheric as well as geophysical data analysis from late seventies. Even though the 

SSA subspace methods originated in eighteenth century, the key development was made 

by  Kari Karhunen and Michel Loève in the late 1940s (Loeve, 1945; Karhunen, 1947) 

through the spectral decomposition of covariance operator of stochastic process. Later, 

Broomhead and King (1986a, b) and Fraedrich (1986) successfully employed the SSA 

and Multichannel SSA (MSSA) methods on time series for attractor reconstruction. The 

term ‘singular spectrum’ comes from the spectral decomposition of a matrix into a set 

Eigenvectors (column and row) and Eigen values. More generally, SSA is the analysis of 

time series using the singular spectrum or Eigen values.  
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Similar to the other singular value decomposition based techniques, SSA is a 

promising tool for reducing the dimensionality of the data accompanied by a simpler 

explanation of the underlying physics (Elsner and Tsonis, 1996). The application of 

MSSA methods to meteorological and ecological data is provided by several other studies 

(Colebrook, 1978; Barnett and Hasselmann, 1979; Weare and Nasstrom, 1982). In 

essence, the SSA method is principally designed to extract information from short and 

noisy time series. The SSA provides insight into the unknown or partially known 

dynamics of the underlying system that generated the series (Vautard and Ghil, 1989). 

Researchers have given the quantitative interpretation of SSA results in terms of attractor 

dimensions (Vautard and Ghil, 1989; Palus and Dvorak, 1992). Ghil et al. (2002) have 

shown SSA as a robust method that recovers the attractor of a time series even in the 

presence of noise. The attractor recovered in SSA is known to be formed by the least 

unstable periodic orbits, which can be identified in the Eigen/singular spectra. Thus, the 

identified description of orbits helps us to know the underlying nonlinear dynamics. The 

SSA method aims to decompose the original data series into finite number of independent 

and interpretable trend, oscillatory components and structure less noise (Hassani, 2007). 

The SSA method is useful for trend extraction (Alexandrov, 2009; Rajesh and 

Tiwari, 2015), principal component analysis ( Serita, 2005; Rajesh and Tiwari, 2015), 

missing data reconstruction (Kondrashov et al, 2010; Kondrashovand Ghil, 2006; 

Schoellhamer, 2001; Rajesh and Tiwari, 2015), signal enhancement (Varadi et al., 1999; 

Rajesh and Tiwari, 2015), time series forecasting (Golyandina and Stepanov, 2005), and 

for the filtering of geophysical and astronomical data (Zotov,2012). Several authors have 

documented the SSA methodology along with its applications (Danilov and Zhigljavsky, 

Eds., 1997; Golyandina et al., 2001; Zhigljavsky, Ed., 2010; Golyandina and Zhigljavsky, 

2013).  

Presence of noise and missing entities in the data series increase the rank of its 

trajectory matrix. If ‘r’ is the rank of the trajectory matrix, then the Singular Value 

Decomposition (SVD) decomposes the trajectory matrix into ‘r’ Eigen triplets with non-

zero Eigen values. The reconstruction of the data from significant Eigen triplets with 

relatively high Eigen value/variance is a common practice in SVD based de-noising and 

data-gap-filling algorithms. It is a kind of rank reduction process. Such decomposition 

will help to analyze nonlinear systems because the Eigenvectors used as the structure 

functions are derived from the data rather than fixed structure functions chosen apriori. 

Motivated by the efficacy and easiness in SSA de-noising sand data gap filling procedure, 
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researchers have adopted the Singular Spectrum based methods for seismic data 

processing over the past three decades. Ulrych et al (1988) initially applied SVD based 

Eigen image filtering to remove the noise from seismic data. In a series of works, Trickett 

(2002, 2003, and 2008) applied f-xy Eigen image method as a viable alternative to the 

existing f-xy prediction filtering for removing random noise from seismic data. The 

frequency domain SSA (FXSSA) (Sacchi, 2009) is used in the random noise suppression 

and data gap filling of 2D seismic data. Thus, in a series of works, researchers have 

demonstrated the frequency domain SSA based algorithms for random noise suppression 

from 2D seismic data (Trickett, 2003; Sacchi, 2009).  

Although the researchers have extensively employed 2D seismic studies, the 

results/analysis suffer from reflected and diffracted energies arising from the complex 

geological structures, which are outside the plane of the 2D profile (Green et al., 1995; 

Lanz et al., 1996). Some researchers have suggested performing 3D seismic modeling 

(Buker et al., 2000) for accurate interpretation of such complex geometries of subsurface 

geological structures. Oropeza and Sacchi (2011) have demonstrated randomized SVD 

rank reduction procedure based on Multichannel Singular Spectrum Analysis (MSSA) for 

simultaneous attenuation of random noise and data gap filling of 3D noisy seismic 

volumes in frequency domain. Although the data adaptive eigenvectors are employed to 

decompose the data in frequency domain in MSSA (Oropeza and Sacchi, 2011), initial 

Fourier decomposition of the data leads to generation of artifacts. Further, the horizon 

processing is required for interpretation of 3D data to identify lineaments, faults, folds 

etc., using the curvatures (Roberts, 2001; Al-Dossary and Marfurt, 2006; Chorpra and 

Marfurt, 2007). However, horizon picked from the processed 3D volumes contains noise 

arising from various processes (e.g. acquisition, processing, and horizon auto picking 

etc.). Roberts (2001) suggested a mild pre-filtering of time structure data of the horizon 

for curvature processing. The seismic amplitudes picked from the horizon are also prone 

to contain noise and require filtering.  

As discussed above, seismic data are non-stationary (spatially and temporally), 

contains gaps due to field constraints and malfunctioning of certain receivers and also 

contains sudden jumps. This non-linear and non-stationary nature of data engenders the 

artefacts (like ringing at sudden jumps) in frequency domain representation of data. 

Hence, seismic signal transformation into frequency domain involving fixed basis 

function lead to the generation artefacts. Such artefacts are further enhanced in the 

frequency domain SSA processing. Nevertheless, such artefacts can be avoided in time 
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domain SSA methods as they employ the data adaptive basis functions. The suppression 

of correlated and coherent noises creates severe problems in processing and 

interpretation, which was not discussed in the frequency domain SSA algorithms. If the 

data contains high amount of colored noise, the Eigen estimates of individual principal 

mode deviates from that of pure signal and hence a special kind of coordinate 

transformation is required to recognize the noise based on singular spectrum. Allen and 

Smith (1997) have employed optimal singular spectrum algorithm to identify the signal 

variance even in the presence of colored noise. Although the SSA allows us to analyze the 

data using data adaptive basis functions, the computational time and cost is a problem 

when data is large and hence we require smart algorithms to reduce the computational 

cost and time. To meet state of the art research requirements, it is necessary to extend the 

application of the methods to 3D seismic data. 

Statement of the problem: 

To avoid aforementioned problems, it is necessary to design time domain data 

adaptive SSA based algorithms for frequency filtering, complex noise suppression and 

data gap filling. In addition to this, it is also necessary to develop fast computational 

procedures to reduce the time and cost involved in the above techniques for wider 

applicability. Hence, the objectives of the thesis are to develop and apply the following 

methods to the theoretical and actual seismic data  

(i) Time domain SSA based frequency filtering technique  

(ii) Time Slice SSA (TSSSA) de-noising and data gap filling algorithms for 2D 

seismic data  

(iii) Optimized fast algorithms to reduce the colored noise   

(iv) Multichannel singular spectrum analysis based time domain approach for 

simultaneous de-noising and data gap filling of 3D seismic reflection volumes and 

horizons  
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Skeleton of thesis: 

Chapter 1: Present review of the state of the art information in this subject area being 

pursued in this thesis and also the fundamentals of role of noise in the reflection seismic 

methods generally being used for oil and mineral exploration. 

Chapter 2: This chapter deals with the basic methodological description of the SSA, 

terminology and other different parameters with examples, which is a common base for 

the algorithms developed in this thesis. The criterion for window length (L) selection, 

triplet grouping, and principal component separation are discussed and experimented 

using synthetic and high-resolution seismic reflection for different purposes like principal 

component analysis, noise suppression, data gap filling etc.  

Chapter 3: In Chapter 3, development and application of new SSA based time domain 

frequency filtering technique is discussed in detail. The efficacy of the method is tested 

and compared with Fourier and f-x SSA techniques using seismic reflection data. The 

method is applied to high-resolution seismic reflection field records from Singareni 

coalfields, Telangana, India for interpretation of coal beds and fault structures. Finally, 

new Weighted Eigen Spectrum based triplet grouping procedure for robust and user-

friendly SSA frequency filter is developed and explained for its wider applicability.   

Chapter 4: In Chapter 4, a new Spatial/Time slice SSA algorithm for noise suppression 

and data gap filling is devised and discussed. The method is tested on the synthetic data 

with different kind of noises and results are compared with f-x SSA and f-x 

deconvolution methods. The application of the method is also demonstrated on seismic 

reflection field data from Durgapur, West Bengal, India. The results are discussed with 

the help of regional geology and litho-log data. As a second example, the method is 

applied to pre- stack and post stack field data from Singareni coalfield, Telangana, India 

to discuss the colored noise suppression and scattered primary amplitude recovery for 

accurate identification of intrinsic fault structures associated with coal field.  

Chapter 5: In this chapter, an optimized SSA for colored noise suppression for seismic 

reflection data is discussed and implemented. In addition to this, the new Factorized 

Hankel and Windowed SSA techniques are developed to reduce the computational cost in 

terms of time and memory requirements. These methods are tested on synthetic seismic 

data and then applied to the actual post stack seismic reflection data.   

Chapter 6: This chapter is destined to develop and present Multichannel SSA (Zotov, 

2012) based Multichannel Time Slice SSA method for simultaneous seismic data de-



13 

 

noising and gap filling. The L1 norm minimization based iterative algorithm is proposed 

for robust data gap filling. The method is tested on 3D seismic synthetic data. Finally, the 

method is applied to actual post stack seismic reflection data from Sleipner CO2 storage 

site, Norway. The MSSA based Horizon data de-noising (Time structure and amplitude) 

also discussed for better interpretation.   

Chapter 7: Finally, the merits and demerits of the methods developed in the present 

thesis are discussed. Applications of these algorithms in a wider sense and their future 

scopes are also summarized in the Chapter 7. 
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Chapter 2 

Theory and application of SSA to geophysical data 

 

In this chapter, the basic methodology of Singular Spectral Analysis (SSA) and its 

applications on synthetic as well as seismic reflection field data are demonstrated to give 

a broad idea on SSA based signal-processing techniques. This chapter also provides 

insight into the basic terminology and different parameters involved in the SSA for clear 

understanding of the SSA based algorithms.   

2.1. Introduction 

SSA is an advanced and efficient tool used to decompose the non-linear data sets 

for identifying principal processes and periodicities for physical interpretation 

(Golyandina and Zhigljavsky, 2013; Tiwari and Rajesh, 2014; Rajesh et al., 2014). The 

analysis of the earth subsurface structure using SSA time series analysis enables the 

detection of basic properties of the underlying earth system that has engendered the data 

series. Hence, it is imperative to analyze seismic reflection data in terms of the Eigen 

properties of independent principal process using SSA. The decomposition and 

reconstruction of seismic signal employing SSA is completely based on data-adaptive 

basis functions (i.e., the Eigen modes of the trajectory matrix), rather than the fixed sines, 

cosines and mother wavelets generally used in the other conventional methods (Ghil and 

Taricco, 1997; Ghil et al, 2002). 

In addition to the above decomposition, this method also provides a viable way to 

identify the noise via singular spectrum (Varadi et al., 1999; Rajesh and Tiwari, 2015). 

Although the Eigen Image (Ulrych, 1988) and fxy- Eigen Image (Trickett, 2003) methods 

rely on Singular Value Decomposition (SVD) of data matrix, is different from the SVD of 

data trajectory matrix involved in SSA. The applicability of SSA extended from 

astronomical data processing to stock market prediction (Zotov, 2012; Fenghua et al., 

2014). Here in this thesis it is restricted to its applicability (like principal component 

analysis, data gap filling, and S/N ratio enhancement by noise reduction) to seismic data. 

This chapter is targeted to provide the complete description of SSA methodology along 

with sensitivity of the output to different parameters using synthetic and field seismic data 

to provide a basis to understand the advanced algorithms presented in next chapters.  
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2.2. Methodology 

 The resolution of data decomposition into principal components depends on 

window length (L) in SSA. Sometimes, highest period noticed from autocorrelation of the 

data series would be the appropriate choice for window length. After formulating the 

trajectory matrix using an appropriate window length, in the second step the trajectory 

matrix is decomposed into Eigen triplets i.e., left Eigenvectors, right Eigenvectors and 

Eigen value matrices. In the third step, the Eigen triplets are grouped based on the 

significance of the Eigen values or periodicity of the Eigenvectors to reconstruct the 

trajectory matrix. The grouping is the second important stage of the algorithm. 

Inappropriate grouping creates over estimation or under estimation of the signal. The 

reconstructed series of original length is obtained in the final step by the diagonal 

averaging of the reconstructed trajectory matrix. The SSA methodology involves the 

following steps 

Mathematical description of Singular Spectral Analysis  

The decomposition and reconstruction of signal in the SSA involve the following 

steps (Golyandina et al., 2001; Golyandina and Zhigljavsky, 2013). 

(i) Formulating the trajectory matrix T (L×K): The real valued nonzero data series 

Y (t) = {y
1, 

y
2, ……. 

y
N} of length N is projected on to phase space of dimensions L 

(2<L≤ N/2, K= N-L+1) called window length. The trajectory matrix is given by  

T L×K= [Y1: Y2: . . . : YK]            (2.1) 

The elements of T given by Yi = {y
i+1,

y
i+2, .... 

y
i+L} are the vectors of length L for 1≤ 

i ≤ K. K represents the number of columns of trajectory matrix. The selection of 

window length is a crucial step in the singular spectrum analysis (Patterson et al., 

2011; Hassani et al., 2011; Hassani et al., 2013). Accordingly, the window length 

equal to N/2 would resolve the principal components appropriately. The number 

of principal component present in the data can be much smaller than N/2 while 

dealing with the large data set. In such cases, the optimal window length will be 

smaller than N/2. In a recent study, Hassani et al., (2011) have theoretically 

verified and suggested that median of (1…..N) as the more appropriate value of L 

for most of the real world data. However, the selection of window length is highly 

subjective to data and the purpose of SSA.  

(ii) Decomposition: The trajectory matrix is decomposed into Eigenvectors (Ui, Vi) 

and Eigen values (���) using Singular Value Decomposition (SVD) operation. 
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The group (√λi, Ui, Vi) is called the ith
 Eigen triplet and λ1>λi >0 for 1≤ i ≤ d. 

Here‘d’ represents the number of Eigen triplets with non-zero Eigen value. 

(iii) Grouping and Reconstruction: The second important parameter is the selection 

Eigen triplet groups for the reconstruction of de-noised signal or principal 

components. Hassani et al (2012) have discussed the selection Eigen triplets for 

better separation of noise from signal using a new concept called r-separability. 

According to Trickett (2003), the Eigen triplets can be selected based on their 

variance. The estimate of weighted correlation (Wc) among principal components 

is useful to verify the accuracy of grouping at a specific window length (Ghil and 

Taricco, 1997). The reconstructed trajectory matrix (Tr)  can be obtained from the 

selected  Eigen triplet groups using the following equation 

�# = � ��������
 

�⋲%          (!. &) 

Here ‘I’ represents the group or groups of selected Eigen triplets.            

�# = '((�,�) ⋯ ((�,*)⋮ ⋱ ⋮((-,�) ⋯ ((-,*).       (!. /) 

The ((�,   0) denote the elements of reconstructed trajectory matrix where 1≤ i ≤L 

and 1≤ j ≤K.  

(iv) Diagonal averaging: Finally, the elements of reconstructed series Yr = 

{g� , g� … g3 … … . . g4 }are obtained from the diagonal averaging of reconstructed 

trajectory matrix using the following equations 

56 = �6 + � � ( 7,6879! 69�
7��   :;#  � ≤ 6 < -        (!. >?) 

          = �- � ( 7,6879! - 

7��   :;#  - ≤ 6 < *                    (!. >@) 

                               = �A − 6 � ( 7,6879! A8* 9� 

7�68* ∓!   :;#  * ≤ 6 ≤ C    (!. >D)   
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2.3. Principal  Components and their Separation 

The primary use of SSA is to identify the principal components of a time series 

for the interpretation of underlying dynamics (Ghil et al., 2002; Serita, 2005; Tiwari and 

Rajesh, 2014; Rajesh and Tiwari, 2014; Tiwari et al., 2014; Rajesh and Tiwari, 2015). 

The principal component identification is possible through the analysis of Eigen/Singular 

values or Eigen/Singular spectrum of the trajectory matrix. Smaller window length fails 

to provide accurate Eigen spectrum and decomposes the data into fewer components. 

Hence, at smaller window length the decomposition suffers with poor principal 

component separation. This problem can be resolved by choosing a proper window length 

using largest periodicity of the data estimated from the lagged autocorrelation method. 

The separation between the principal components and accuracy of grouping at a specific 

window length can also be inferred from the Weighted correlation (Wc) between pairs of 

Eigen components using the equation 2.6 (Ghil and Taricco, 1997).  

ED = (FD �, FD G)HIFD � IH. ‖FD G‖H − − − −→ (!. L) 

Where  

IFD �IH = �(FD �, FD �)H 

(FD �, FD G)H = � HM
C

M�� . FDM�   FDMG , HM = 7�N {M, P, C − M} 

Here L is window length used in the trajectory matrix formulation (i=1, 2, …d and 

j=1, 2, …d). The components are said to be well resolved if the Wc is nearer to zero. The 

individual Eigen components can be reconstructed from the corresponding Eigen triplet. 

The Weighted correlation discussed above is a post decomposition procedure, is mostly 

useful for triplet selection in grouping, rather than the window length selection.  
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Figure 2.1: High-resolution Seismic reflection trace containing 4000 samples with 

0.25ms sampling interval. 

 

Figure 2.2: Singular/Eigen spectrum of the seismic reflection data. 

 

The SSA based principal component analysis is demonstrated in this section using 

high-resolution seismic reflection field trace shown in Figure 2.1. The singular spectrum 

of the seismic trace at window length 500 shown in Figure 2.2 depicts the Eigen value 
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percentages of different Eigen/principal processes. The Eigen triplets correspond to 

nearly same Eigen value/paired Eigen modes are grouped to reconstruct the single 

principal component. Zoomed portion of the singular spectrum shown in Figure 2.2 

provides more clear visualization of the Eigen triplets 1 to 100. It is clear from the Figure 

2.2, the spectrum become flat after the 45
th

 Eigen triplet. Figure 2.3 depicts the first 10 

principal component reconstructed from the respective Eigen triplets.  

 

Figure 2.3: First 10 principal components of the seismic reflection trace data 

reconstructed using window length 500. 
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As explained above, the proper decomposition of the signal into principal 

components is only possible through the proper selection of the window length ‘L’. The 

separation of the principal components of the above seismic data was estimated using the 

weighted correlation following equation 2.6. Figure 2.4 shows the weighted correlation 

of the data at window length 500. Even though there is a little correlation outside the 

diagonal with correlation coefficient between -0.2 to 0.2, maximum correlation is only 

along the diagonal. Hence, the weighted correlation indicates that the decomposition is 

good at window length 500. This weighted correlation is helpful for grouping process to 

avoid the reconstruction related artifacts at a specific window length.  

 

Figure 2.4: Weighted correlation plot of the seismic reflection data for window length 

500. 

2.4. Noise suppression 

 Although it is simple to define noise as an unwanted signal, but is difficult to hunt 

for such unwanted signal amalgamated with the data. The Eigen/singular spectrum 

enables us to identify the component of random noise or incoherent energy in the tail with 

low Eigen values (Trickett, 2003). On the other hand, components with maximum 

variance in the Eigen spectrum represent the signal. Even though the insignificant 
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from the group of Eigen triplets from 1 to 45 was also supported by the weighted 

correlation plot (Figure 2.4). Figure 2.6 depicts the original trace, SSA de-noised trace 

and the residual. In the next example, the principal modes PC1 and PC2 corresponding to 

long period/low frequency are ignored by considering them as low frequency noise. The 

Eigen triplets from 3 to 45 are selected for signal reconstruction. The reconstructed output 

along with original trace and reconstruction residual are shown in Figure 2.7. 

 

Figure 2.6: Seismic reflection trace, its SSA de-noised output and reconstruction 

residual. 
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Figure 2.7: Seismic reflection trace, its SSA de-noised output and reconstruction 

residual. 

It can be noticed from the de-noised output and residual shown in Figure 2.7 that 

the low frequency signal related to source energy is removed from the trace. Thus the de-

noising improved sharpness of the refection events and there by resolution as indicated by 

red color arrows in the shaded region (Fig 2.7). 
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2.5. Data gap filling 

 The gaps in the geophysical data are obvious due to various unavoidable reasons 

like sudden changes in the topography, malfunctioning of instruments etc. The data 

interpolation is a common practice for precise data interpretation of data with gaps. Data 

gap filling is another unique feature of SSA (Kondrashov, et al, 2010; Kondrashovand 

Ghil, 2006; Schoellhamer, 2001; Rajesh and Tiwari, 2015). The process of time/data 

series reconstruction using selected Eigen triplets takes the advantage of Eigen properties 

of the data to fill the data gaps. Therefore, it is a true preservation of Eigen process and 

different from the interpolation technique. Thus the filled data is more reliable compared 

to averaging, interpolation techniques. In a recent study, Rajesh and Tiwari (2015) have 

compared the SSA data gap filling with conventional interpolation methods like Nearest 

Neighbor Interpolation (NNI), Piece wise Cubic Hermite Interpolation (PCHI) and Spline 

interpolation methods. They have shown that the SSA data gap filling is robust method 

compared to NNI, PCHI and Spline interpolation techniques.  

 Figure 2.8 illustrates an example of the SSA data gap filling using a simple 

smoothly varying synthetic signal. Top panel of Figure 2.8 shows the original data and 

the middle panel depicts the data with gaps indicated by DG1, DG2 and DG3. The last 

panel of Figure 2.8 shows the SSA reconstructed data of middle panel data. Even though 

SSA can be used for data gap filling, one should keep in mind that the data gap must be 

always smaller than the window length. Otherwise, the gaps are considered as features of 

data, which lead to wrong reconstruction.  



 

Figure 

generated in the 

with artificial data gaps and SSA de

Figure 

shown in 

(Figure 

gap filling.

 

Figure 2.8: Example illustrating data gap filling efficacy of SSA.

In another example of data gap filling, artificial data g

generated in the 

with artificial data gaps and SSA de

Figure 2.9a, Figure 

shown in Figure 

Figure 2.9c). 

gap filling. 

 

Example illustrating data gap filling efficacy of SSA.

In another example of data gap filling, artificial data g

generated in the seismic reflection field trace as shown in 

with artificial data gaps and SSA de

Figure 2.9b 

Figure 2.9b at artificial data gaps are matching well with the original data 

). Hence, the SSA method facilitates the simultaneous de

Example illustrating data gap filling efficacy of SSA.

In another example of data gap filling, artificial data g

seismic reflection field trace as shown in 

with artificial data gaps and SSA de

2.9b respectively. One can apparently see 

at artificial data gaps are matching well with the original data 

Hence, the SSA method facilitates the simultaneous de

 

25 

Example illustrating data gap filling efficacy of SSA.

In another example of data gap filling, artificial data g

seismic reflection field trace as shown in 

with artificial data gaps and SSA de-noised and data gap filled output are shown in 

respectively. One can apparently see 

at artificial data gaps are matching well with the original data 

Hence, the SSA method facilitates the simultaneous de

Example illustrating data gap filling efficacy of SSA.

In another example of data gap filling, artificial data g

seismic reflection field trace as shown in 

noised and data gap filled output are shown in 

respectively. One can apparently see 

at artificial data gaps are matching well with the original data 

Hence, the SSA method facilitates the simultaneous de

Example illustrating data gap filling efficacy of SSA. 

In another example of data gap filling, artificial data gaps DG1 to DG4 are 

seismic reflection field trace as shown in Figure 2.9. The original trace 

noised and data gap filled output are shown in 

respectively. One can apparently see that the reconstructed data 

at artificial data gaps are matching well with the original data 

Hence, the SSA method facilitates the simultaneous de

aps DG1 to DG4 are 

. The original trace 

noised and data gap filled output are shown in 

that the reconstructed data 

at artificial data gaps are matching well with the original data 

Hence, the SSA method facilitates the simultaneous de-noising and data 

aps DG1 to DG4 are 

. The original trace 

noised and data gap filled output are shown in 

that the reconstructed data 

at artificial data gaps are matching well with the original data 

noising and data 



26 

 

Figure 2.9: (a) Reflection trace data with artificial data gaps.  (b) SSA reconstructed 

output. (c) Original trace data. 

2.6. Summary 

 The mathematical description of Singular Spectrum Analysis is explained clearly 

in this chapter with brief introduction to its state of art applications. The literature survey 

indicates that the SSA is a robust tool to analyze non-linear, non-stationary geophysical 

data for various aspects like principal component identification, noise suppression, and 

data gap filling. The usage of data adaptive basis functions enables the self-similarity in 

de noising and data gap filling. The basic terminology, different parameters involve in 

SSA are demonstrated on synthetic and field data. The examples of principal component 

analysis, de-noising and data gap filling give the impression that the SSA method is 

efficient for analyzing the seismic data.   
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Chapter 3 

T-x frequency filtering of High Resolution Seismic Reflection 

data using Singular Spectral Analysis 

A new time domain Singular Spectral Analysis (SSA) based frequency-filtering 

technique is developed and demonstrated in this chapter to alleviate effect of artifacts and 

to facilitate the better reconstruction of abrupt changes in seismic reflection data. Initially, 

the efficacy of the filtering method was tested on the noisy synthetic seismic data. Then 

the method was applied to real reflection seismic data from Singareni coalfields, 

Telangana, India to identify the geologically significant fault structures. The new 

Weighted Eigen Spectrogram is also developed and demonstrated in this chapter for user-

friendly triplet grouping process in SSA frequency filtering for its wider applicability.  

3.1. Introduction 

Frequency filtering is a common practice in seismic data processing (Canales, 

1984; Yilmaz, 1987; Abma and Claerbout, 1995; Yilmaz, 2001; Karsli et al 2006). For 

this, researchers have used Fourier (Bracewell, 1986; Yilmaz, 1987), Wavelet (Foufoula 

and Kumar, 1994), and Curvlet (Hennenfent and Herrmann, 2006) methods extensively. 

The above methods involve decomposition of signal into basis functions (like sine and 

cosines) of different frequencies and then zeroing/shrinking the coefficients 

corresponding to the frequencies to be filtered (Claerbout, 1976; Sheriff and Geldart, 

1983; Sheriff, 1994). However, for analyzing/filtering the signals with sudden changes/ 

discontinuities, the Fourier based methods (sinusoidal) are not appropriate (Bath, 1974; 

Dimri, 1992; Bansal and Dimri, 2001, 2005). Such abrupt jump and/or discontinuous 

signal generally represented by the boxcar function or seesaw-shapes, which can be 

reconstructed accurately using a single pair of Eigen modes in SSA rather than involving 

many harmonics with fixed basis functions (Ghil and Taricco, 1997). In essence, the SSA 

technique uses the complete data adaptive Eigenvectors as basis function, which enable to 

differentiate the noise and signal more precisely. The shape and frequency content of 

different Eigen components of geophysical data differ significantly. Hence, a more 

appropriate and accurate signal reconstruction is possible in SSA (Yiou et al., 2000). 

Researchers have applied the SSA method for filtering the geophysical data and 

astronomical images (Zotov, 2012) and also for frequency interpretation (Harris and Yan, 

2010; Golyandina and Zhigljavsky, 2013). Bozzo et al (2010) has carried out comparative 
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study of spectral components employing the SSA and Fourier methods on synthetic data. 

Their analysis suggested that for the systematic and non-noisy periodic data the results of 

both the methods agree well. However, if noise is present in the data, the data-adaptive 

Eigen modes or basis functions of the trajectory matrix provides a better way of signal 

filtering and reconstruction in time domain than Fourier method.  

Trickett (2003) has used SVD for seismic image processing. Oropeza and Sacchi 

(2011) employed the f-x domain multichannel SSA (MSSA) method for de-noising 2D 

seismic data. In both the methods, the data was initially converted into the frequency 

domain using Fourier transform and then it was subjected to the SVD or MSSA. It may, 

however, be noted that domain conversion of data may allow artifacts in the data, which 

would further be enhanced in the SSA reconstruction. The application of SSA directly on 

the time domain seismic data reduces the effect of such artifacts.  

The purpose of this chapter is, therefore to  

(i) Develop a SSA based t-x frequency-filtering algorithm.  

(ii) Test the algorithm on synthetic and real time seismic reflection data in 

comparison with Fourier and MSSA methods and  

(iii) Apply the method on the seismic refection data from a zone of coal 

reserves  

(iv) Present a new Weighted Eigen Spectrogram (WES) to simplify the Eigen 

triplet grouping procedure for wider applicability of SSA based frequency 

filtering.  

3.2. Methodology 

As discussed in the Chapter 2, the SSA based frequency-filtering starts with the 

formation of trajectory matrix using appropriate window length. Here, individual trace 

from the 2D data is used to form the trajectory matrix. The selection of optimal window 

length is crucial in SSA frequency filtering. Within the classical limit (i.e., 2<L≤ N/2, 

where N is the total number of samples in a trace), the window length must be at least 

equal to the highest period that is present in the data. For the present analysis, twice the 

time corresponding to the lowest frequency is chosen as the window length. 

Next, in order to obtain Eigenvectors (Ui, Vi) and Eigen values (��), the trajectory 

matrix is subjected to Singular Value Decomposition (SVD). The decomposition of 

trajectory matrix ‘T’ into Ui, Vi and λi is given by� = ∑ √����������� . The group (√λi, Ui, 

Vi) is called the i
th 

Eigen triplet. After obtaining the Eigen triplets, periodicities of 
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Eigenvectors are calculated to perform frequency filtering. For low pass filtering with a 

cut off frequency fL, the Eigen triplets corresponding to Eigenvectors with periodicity less 

than 1/ fL are dropped in the grouping process. Similarly for high and band pass filtering 

appropriate Eigen triplets are chosen based on the cut off frequencies. By doing so, the 

trajectory matrix (X) is reconstructed from the selected group of Eigen triplets using  

X = ∑ √������� �  , where ‘i’ represent the group of selected Eigen triplets (Golyandina and 

Zhigljavsky, 2013). Finally, the reconstructed trajectory matrix is diagonally averaged 

(following equation 2.5) to get the filtered data series. The above process is repeated until 

the last trace using a parallel MATLAB code developed for the above procedure. The 

results are demonstrated using the synthetic and real seismic reflection data and discussed 

in the following sections. 

3.3. Data analysis and Results 

3.3.1. Testing on Synthetic data: 

Synthetic seismic trace shown in Figure 3.1a is generated by convolving the 

Ricker wavelet with model reflection coefficient series. The noisy synthetic trace shown 

in Figure 3.1b is obtained by adding 30% of correlated/stochastic noise generated using 

the equation ST = Y. ST8� + Z ([ is chosen between 0 and 1 and Z is white noise). Figure 

3.1c and Figure 3.1d are respectively show the SSA and Fourier filtered output of the 

noisy trace. One can see that the reflectors reproduced in the Fourier filtered data (Figure 

3.1d) contains pseudo-events comparative to pure synthetic data due to the presence of 

noise. On the other hand, the SSA filtered output of the noisy data is clean and the 

seismic events are almost matching with the pure data. Hence, it is clear from the 

synthetic example that the SSA filtering method is efficient for reducing the effects of 

artifacts/noise arising from the correlated noise in comparison to the Fourier based 

filtering method. 
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Figure 3.1: (a) Pure synthetic trace. (b) Noisy synthetic trace (with 30% correlated noise). 

(c) Output of SSA frequency filtering and (d) Fourier Filtering. 

3.3.2. Application to high-resolution reflection field data from Singareni 

coalfield 

 The high-resolution seismic reflection data from the Singareni coalfields, 

Ramagundam, situated in the Pranhita-Godavari (PG) graben, of the Telangana, India is 

used in the present study. The major tectonic units of Bastar and Dharwar cratons bound 

the PG graben and contained the Archaean gneisses and granites overlain by Proterozoic 

sedimentary basins. In this region, the eastern tilting generated by complex system of 

faulting followed by erosion affected the Lower Gondwana rock formations leading to the 

gradual eastward exposure of successive younger rocks. The Overall strike is ~ NNW-

SSE and dips gently towards ENE and WSW. There are two sets of probable faults 

likewise NW-SE faults parallel to the PG basin boundary faults, and NE-SW oriented 

faults. These faults are largely dip-slip faults (normal-sense) and appear to cut across all 

the Lower Gondwana formations, although there is possible minor left-lateral strike-slip 

component (Murthy and Rao, 1994). In general, the fault systems observed, may be 

related to either Permian or Mesozoic fault systems (Biswas, 2003). The area is traversed 

by a major NW-SE trending faults runs through the middle of the Ramagundam coalfield, 

(Das et al., 2003; Chaudhuri and Deb, 2004). 
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 The seismic reflection data is acquired using 60 channels at 0.25ms sampling 

interval and with a dynamic range of 144dB. The NMO corrected shot gather data is 

processed using the SSA filtering algorithm. Following the filtering method as discussed 

in Section 3.2, trajectory matrix was formed using individual channel data and then 

decomposed into Eigenvectors and values. In this case, an optimum window length of 70 

ms corresponds to 280 data points (t=0.25×280=70 ms) is selected. Eigen triplets from 5 

to 17 corresponds to frequencies range of 30 to 140 hertz are grouped to reconstruct 

trajectory matrix. The first four Eigenvectors with long period (frequency less than 30 

Hz) corresponding to ground roll and other low frequency noise and the higher order 

vectors from 18 onwards corresponding to high frequency (more than 140 Hz) are 

discarded. Finally, the filtered seismic data is obtained by the diagonal averaging of the 

reconstructed trajectory matrix. 

Initially, the results of SSA filtering are compared with the results of MSSA 

(Oropeza and Sacchi, 2011) and Fourier filtering. Comparative results show that the 

ringing effect is present in the FFT filtered data, which has altered the real features of the 

original reflections. Similarly, in the MSSA output also the reconstruction of data 

corresponding to constant frequency slice enhanced the ringing effect, which can be seen 

between 200 to 350 ms time range (Figure 3.2). Obviously, these techniques enhance 

artifacts and hide the real reflectors, present in the original data. However, as can be seen 

from the Figure 3.2, the seismic signals filtered using the SSA filtering approach clearly 

reproduced the reflectors of original record and resolved the thin coal successions as 

shown in the shaded region (Fig 3.2).  
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Figure 3.2: Seismic reflection trace and its SSA, MSSA and Fourier filtered Outputs.  

According to Golyandina and Zhigljavsky 2013 (3, Section 3.9) peridograms of 

Eigenvectors are almost the same as frequency response of filters that produce reconstructed 

series from 1
st
 to K

th
 l points. Figure 3.3 shows the comparison of power spectral density of 

original seismic trace, SSA and Fourier filtered outputs. From Figure 3.3, one can visualize that 

the pass band signal (30Hz to 140 Hz) is retained in almost all the filtered outputs. However, the 

SSA filtered trace shows flat spectral power out of the pass band. Unlike the theoretical analysis, 

in actual seismic data processing, presence of red signal/white noises sometimes may show some 

deceptive amplification of power even beyond the chosen frequency band on log plot. However, 

comparatively in Figure 3.3, there is no significant power/peak variation power in SSA output 

beyond the chosen frequency range 30Hz to 140 Hz. Hence, such spectral signature beyond the 

chosen frequency band does not have any physical significance on interpretation. 
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Figure 3.3: Power spectral density of Original, SSA filtered and Fourier filtered trace shown in 

Figure 3.2.  

Further, the SSA filtered data is processed and stacked to identify the fault structures. 

From the stack section provided in Figure 3.4, the coal horizon was identified somewhere 

between 200-500m depth and its thickness is ~ 250m. Three normal faults (F1, F2 and F3) 

identified at different location as marked on the seismic section (Figure 3.4). These faults are 

oriented in NW-SE direction and the orientation is analogous to basin boundary faults. The 

identified fault structures, coal seam depth and thickness are matching with the geological 

information available in the region (Murthy and Rao, 1994; Chaudhuri and Deb, 2003; Das et al., 

2003). 
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Figure 3.4: Stacked section of SSA filtered data with fault identification. 
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3.4. Grouping from Weighted Eigen Spectrogram (WES) 

A more user-friendly application of the above method using the Weighted Eigen 

Spectrogram (WES) is discussed in this section. WES was developed to simplify the grouping 

procedure in SSA frequency filtering algorithm (Rajesh et al, 2014; Rajesh and Tiwari, 2015) for 

its wider adaptability. 

 Following steps are used to generate WES 

(i) Formulate a matrix Ew = [�����: ��!�!: . . . :��6�6] of K Weighted Eigenvectors.  

(ii) Apply the Fourier transform on Ew to convert them into frequency domain.  

(iii) Compute the power spectral estimates of each Weighted Eigenvector to generate the 

WES, a contour of power on the frequency - Eigen triplet number 2D plot as shown 

in Figure 3.5. 

Figure 3.5a and Figure 3.5b respectively show the original seismic reflection trace and 

it’s WES. The Eigen triplets corresponding to the frequency band ranging from 20 Hz to 130 Hz 

are selected from the WES (Figure 3.5b) for filtering operation.  

Figure 3.6a shows the shot gather data and Figure 3.6b shows the filtered output 

obtained using the parameters L=500 and frequency band 20 to 130 Hz. It is clear from the 

filtered output, that the SSA filtering process has successfully removed the low frequency ground 

roll and other high frequency noise present in the original trace (Figure 3.6a) and enhanced the 

resolution of the primary reflection events without distortion. The new development (WES) is 

more user-friendly and simplifies the grouping procedure without affecting the efficacy of SSA 

filtering procedure. 
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Figure 3.5: (a) High-resolution seismic reflection field trace. (b) Weighted Eigen spectrogram of field trace (Figure 3.5a). 
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Figure 3.6: Shot gathers (a) before and (b) after the t-x SSA band pass filtering. 

The power spectra of original and filtered traces shown in Figure 3.7 are matching well 

within the pass band. Whereas outside pass band the spectral power of the filtered trace is flat.  

  

a)                                  b)
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Figure 3.7: Power spectral density of Original (Figure 3.5a) and SSA filtered data (Figure 

3.6b). 

3.5. Summary 

 In this Chapter, an efficient SSA based time domain frequency-filtering algorithm was 

developed for frequency filtering of noisy and abrupt seismic signals. Initially, the method was 

tested using noisy synthetic seismic trace and the results are compared with Fourier filtering. The 

results suggest that the SSA time domain filtering is efficient in comparison to Fourier filtering 

method in removing the effects of artifacts like ringing and correlated noise in data. Then the 

method was applied to the real seismic reflection data from a coal-bearing zone and the results 

are compared with MSSA and Fourier methods. The analysis suggests that the SSA filtering is 

robust in comparison to the other two methods. The result shows coal bed thickness (~250m) and 

fault structures with NW-SE orientation, which are corroborated by the geology of the region. 

The development of new Weighted Eigen Spectrogram simplified the triplet grouping procedure 

in SSA frequency filtering, which is robust for its wider applicability.  
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Chapter 4 

De-noising and clean reconstruction of seismic signals using Time 

Slice Singular Spectral Analysis 

Interpretation of seismic sections contaminated with colored and complex noises is more 

difficult than the data with random noise and hence it is imperative to develop a data adaptive 

signal decomposition based algorithm to alleviate noise and to separate true reflection amplitudes 

from the noisy seismic data. In continuation with the t-x SSA frequency filtering algorithm 

discussed in the previous chapter, here a new singular spectrum based Time Slice Singular 

Spectrum Analysis is devised to suppress different kind of noises from the 2D seismic reflection 

data. In addition to data de-noising, the underlying method is also useful for the reconstruction of 

missing data in the seismic records. 

4.1. Introduction 

High-resolution seismic exploration techniques are useful for determining the detailed 

information about geological structures like faults, folds, caved pillars, mined-out areas and coal 

seam changes (Greenhalgh et al., 1986; Tselentis and Paraskevopoulos, 2002). As discussed in 

Chapter 1, the seismic data always prone to contain different kinds of noises (e.g. random, 

coherent etc.). McCloskey et al., (1991) have also reported the presence of chaotic/complex 

signals in seismic data, which may possibly arise due to the complex and inhomogeneous sub-

surface structure. The presence of so-called chaotic noise is more at higher offsets in the seismic 

data where the active signal energy is low. In addition to this, the seismic reflection data from 

coalfields also suffer from pseudo reflections that arise due to interference and diffraction of 

seismic waves from thin beds and sharp discontinuities. The blend of such interferences and 

diffractions together significantly alter the primary reflection amplitudes (Gochioco, 1991, 

1992). Different combinations of known and unknown noises together are referred here as 

‘complex noise’. Hence, the seismic data obtained from the field is an amalgamated response of 

primary reflections and complex noise. The presence of complex noises creates severe problems 

in identifying reflector pattern and discontinuities. The interference of reflections from different 

coal beds leads to the complex reflection patterns, which hinder the identification of individual 

beds (Gochioco, 1991, 1992). Regardless of constructive or destructive interferences, the 

primary reflection from the coal bed of interest undergoes significant alterations. The accurate 
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and geologically consistent interpretation of seismic stack section would be possible only 

through the recovery of pseudo zero amplitude arising due to the destructive interference. Hence, 

the suppression of such complex noise and recovery of missing amplitudes using appropriate de-

noising and data filling strategies is required for precise interpretation.  

Although, the band pass filtering techniques allow us the suppression of unwanted signal 

with frequencies outside the desired spectral band (Canales, 1984; Abma and Claerbout, 1995; 

Yilmaz, 2001; Karsli et al., 2006), the non-stationary and nonlinear nature and coexistence of 

complex noises with real seismic signals will deter de-noising process leading to uncertainty in 

physical interpretation. As discussed in Chapter 1 and Chapter 2, the singular spectrum based 

algorithms are well suited to surmount the aforementioned problems that are arising in seismic 

data processing.  

Singular value decomposition based techniques, such as cadzow, time and frequency 

domain Eigen image filtering, f-x SSA, MSSA etc., (Ulrych et al., 1988; Trickett, 2002;  

Trickett, 2008; Sacchi, 2009; Oropeza and Sacchi, 2011) have been developed for white/random 

noise suppression via Eigen weighted reconstruction. Sacchi (2009) has shown that the f-x SSA 

method is robust for extracting signal form random noise background even at low signal to noise 

ratio. Recently Trickett (2003), Sacchi (2009) and Oropeza and Sacchi (2011) have devised 

frequency domain SSA techniques for random noise suppression and suggested a feasible means 

to the reconstruction of missing data in the seismic record via matrix completion. In both f-x 

SSA (Trickett, 2002; Sacchi, 2009) and Multi-channel SSA (MSSA) (Oropeza and Sacchi, 2011) 

algorithms, the constant frequency slice was obtained using the Fourier transform of the 2D/3D 

data and then the frequency domain data was processed for noise suppression and data gap 

filling.  

The frequency domain methods provide good result only if the data is stationary 

(Chakraborthy and Okaya, 1995). As demonstrated in Chapter 3, domain conversion of non-

stationary (spatially and temporally) seismic data and with data gaps engenders the artifacts (like 

ringing at sudden jumps). Such artifacts create further complexity in the SSA processing. 

Recently, Rajesh et al. (2014) have demonstrated that the effect of sudden changes/jumps in the 

seismic records are more sensitive to producing artifact in frequency domain SSA filtering than 

in time domain. However, time domain SSA methods alleviate such problems successfully as 

they employ the complete data adaptive basis function. 
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Thus, the purpose of this chapter is to demonstrate the Time Slice SSA (TSSSA) de-

noising algorithm for de-noising and data gap filling of 2D seismic reflection data. The first part 

of this chapter is devoted to provide the testing of the method on synthetic seismic data in 

comparison with f-x deconvolution (Canales, 1984) and f-x SSA (Sacchi, 2009) methods. In the 

second part, the method was applied to high-resolution seismic pre-stack and post data from (a) 

Durgapur, West Bengal, India (b) Singareni coal field, Telangana, India. The features like coal 

bed thickness, faults observed in the processed seismic data are corroborated and discussed with 

available regional geology and borehole data.  

4.2. Crustal stratification 

Figure 4.1 depicts the cartoon of depth section of earth sub surface. It can be notice from 

Figure 4.1 that the lagged correlation of subsurface properties is stronger along special direction 

compared to depth direction. Hence, the colored and correlated noise identification is easy in the 

spatial domain compared to depth/ geological time domain. The noise reduction is achieved by 

simply suppressing the insignificant low Eigen value components arising from un-correlated 

(white noise) and slightly correlated and colored (stochastic and chaotic) noise processes.  

 

Figure 4.1: Cartoon of subsurface depth section.  
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4.3. Time slice Singular Spectrum Analysis (TSSSA) methodology 

The seismic data from all channels correspond to a fixed time enables us to envisage 

correlation among data in spatial direction. The singular spectrum based de-noising of such 

spatial series helps to separate signal and noise based on the Eigen properties of series. Such an 

algorithm incorporates seismic signal de-noising through the signal reconstruction from 

significant group of Eigen triplets. The fxy Eigen Image (Trickett, 2003), FXSSA (Sacchi, 2009) 

and MSSA (Oropeza and Sacchi, 2011) methods are devised on the same strategies but operates 

in the frequency domain. The R-SVD stage of MSSA method requires the dip information of the 

data in signal decomposition and reconstruction stages i.e., the decomposition using R-SVD is 

dip dependent in MSSA. Unlike the frequency domain singular spectral methods, the present 

method is a time domain method and the grouping is dip independent. As the algorithm 

presented in this chapter was applied to the spatial data or data from constant time slice, it is 

referred as Spatial SSA or Time Slice SSA (SSSA or TSSSA). The underlying TSSSA rely on 

the fact that spatial correlation among the data is much stronger compared to the noise (chaotic, 

stochastic) correlation. 

The basic steps of the TSSSA are similar to that of SSA as discussed in Chapter 2. Here 

the application of the SSA method to individual time slice of the 2D seismic data in the name of 

TSSSA is demonstrated using operator notation. Initially, the 2D data denoted by So(t, x) was 

normalized using its maximum (Am) amplitude. The individual time slice of two dimensional 

normalized seismic record (S(t, x) ) is processed for de-noising and data gap filling. 

] (^, _)(C`×CS) = ' b(�, �)  b(�, !) ⋯ b(�, CS)⋮ ⋱ ⋮b(C`, �)  b(C`, !) ⋯ b(C`, CS).        (4.1) 

Here the elements s(i, j) represent the reflection signal amplitude at time i (0< i ≤C`) 
corresponding to jth

(0< j ≤ CS) receiver channel. Ntand Nx respectively represent the number of 

sampling times and number of receiver channels.  

To implement the TSSSA algorithm on the i
th

 time slice represented bye(�, S) ={b(�, �)  b(�, !) … … .   b(�,  CS) }, the trajectory/Hankel matrix of the series was embedded 

using an appropriate window length (PS) as shown below. 
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��(PS×fS) =
gh
hh
hib(�, �) b(�, !)b(�, !) b(�, &)⋮ ⋱

⋯ b(�, fS)⋯ b(�, f + �S) ⋮  ⋮           b(�, PS)  
⋱    ⋮     ⋯       b(�, CS) jk

kk
kl
                    (4.2) 

Here fS = CS − PS + � andU <  m ≤ C`. The window length is chosen according to 

classical limit i.e., P = nCS! o + � (nCS! o represents the integer part of {|� ) for the analysis of data 

with almost horizontal reflections. More often, the reflection events will have characteristic 

dipping. Hence, the window length should be smaller than the classical limit as defined earlier, 

so that the reflection events look almost linear in the window. Using operator Oh for 

trajectory/Hankel matrix formulation, equation 4.2 becomes  ��(PS×fS) =  }~. e(�, S)(4.3) 

The next stage of the algorithm is the decomposition of trajectory matrix using singular 

value decomposition (SVD) as follows. 

�� = � �����. ���              (/. /)�
���  

Here Ui, Vi are the singular vectors corresponding to the i
th 

non-zero singular value √λi 

,���represent the transpose of Vi  and ‘d’ is the number of Eigen components with non-zero Eigen 

value. In general, noise and data gaps (missing data) increase the rank of the trajectory matrix 

i.e., they produce Eigen components with low Eigen values. Hence, the reconstruction of 

trajectory matrix from the selected Eigen triplet is a kind of rank reduction and matrix 

completion process. At this stage, the Eigen triplets with low variance resembling the noise 

processes are discarded. The trajectory matrix (��# ) is reconstructed from ‘k’ number of selected 

Eigen triplets of significant variance is as follows 

��# = � ��� ��. ���
6

���             (/. >) 

In essence, through the decomposition and reconstruction of the original trajectory matrix 

denoted by Or helps to reconstruct low rank trajectory matrix, often known as reconstructed 

trajectory matrix, is given by  ��# = }�. �� =  }�. }~. e(�, S)using the equation 4.3. 
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        Finally, averaging of anti-diagonal elements of the reconstructed trajectory matrix��#renders 

the de-noised data seriese# (�, S)where� ≤ _ ≤ C_ . Thus, the final de-noised and data gap 

filled output, through the operation of averaging (Oav) on the anti-diagonal elements of 

reconstructed trajectory matrix of i
th

 time slice given by  

i.e., e# (�, M) = }?� . ��# = }?� . }�. }~. e(�, S)          (/. L) 

The application of the above operator (equation 4.6) on each time slice provides the 

TSSSA processed output matrixe# (`, S).Then division of the elements of reconstructed matrix 

by maximum of�� (�, �) provides the normalized reconstructed trajectory matrix. Further, the 

multiplication of the normalized reconstructed data matrix by the maximum amplitude of the 

original data (Am) yields the final de-noised and gap filled data ��� (�, �). The normalization and 

scaling performed on the raw and reconstructed data sets is a kind of data matrix completion in 

the TSSSA methodology. As shown in the flow chart below, a MATLAB parallel code is 

developed to process the seismic data file in SEGY format. The code reads the data in SEGY 

format and then suppresses the noise from each time slice of individual shot gather following 

equation 4.6 as a pre stack de-noising procedure. After processing all the time slices from the 

first shot gather, the first time slice in the second shot gather is processed. Similarly, the 

procedure is repeated till last time slice of the last shot gather is de-noised. Finally, the processed 

output is saved in the SEGY format. Similarly, the SEGY file of stacked CDP gathers is 

processed for post stack de-noising. Individual time slices of all the CDP gathers is processed to 

obtain the de-noised post stack output. 
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TSSSA Flow Chart 
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4.4. Window length and Triplet group selection: 

The window length selection is crucial in singular spectrum based analysis (Patterson et 

al., 2011; Hassani et al., 2011; Hassani et al., 2013). Accordingly, the window length equal to the 

classical limit N/2 would resolve the principal components completely. In fact, the number of 

dynamical component present in the data appears to be much smaller than N/2 while dealing 

with the large data set. In such cases, the optimal window length much smaller than N/2 is 

enough to resolve all the independent principal processes. In a recent study, Hassani et al., 

(2011) theoretically verified and suggested that median of (1…..N) would be an appropriate 

choice of L for most of the real world data. However, selection of appropriate window length in 

TSSSA depends on the apriori knowledge on curvature of the reflectors such that the primary 

reflections must be linear within a window. Hence, one should be careful while dealing the 

seismic data with curved reflectors, which require smaller window length than usually adopted in 

other analyses. The application of TSSSA method to normal move out corrected data helps to 

eliminate the hyperbolic curvature of the reflections and there by the complexity in window 

length selection. 

The second important parameter is the selection of Eigen triplet group for de-noised 

signal reconstruction. The initial studies suggest that the improper grouping would generate 

artifacts in the reconstructed data. Although the singular spectrum analysis was used for various 

applications, the grouping is very subjective concept (Rajesh and Tiwari, 2015). In general, de-

noising applications adopt the Eigen value based grouping (Trickett, 2003; Golyandina, et al., 

2001). There are recent approaches (Hassani et al., 2012) for estimating the separation between 

individual Eigen components to avoid artifact generation. In this study, Eigen values and 

coherency of Eigenvectors are used in Eigen triplet grouping. 

4.5. Analysis and Results 

4.5.1. Comparative study on Synthetic Seismic Data 

The de-noising efficacy of the underlying method is tested initially on synthetic data 

contaminated with different percentage of correlated and complex noises. Accordingly, the 

correlated and complex noises generated using the equations 4.7 and 4.8.  ST = Y. ST8� + Z     (/. V) [ is chosen between 0 and 1 and Z is white noise. 
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Figure 4.4: (a) Synthetic data with 30% complex noise. (b) TSSSA de-noised output. (c) FXSSA 

de-noised output. 

 
Further, the efficacy of TSSSA de-noising is studied in comparison with FXSSA using 

hyperbolic/curved reflector data contaminated with 10% complex noise. In the synthetic 

examples, normal move out correction not applied on data. In addition, the TSSSA de-noising of 

the data containing hyperbolic/curved reflectors need small optimal window length. As discussed 

above in section 4.4, the selection of the optimal window length depends on curvature of 

reflectors. Figure 4.5a and Figure 4.5b respectively show original synthetic data and noisy data 

Figure 4.5c and Figure 4.5d show their f-x SSA and TSSSA at window length 6 respectively. 

The example demonstrates that the two methods provide good results but the f-x SSA output 

contains certain amount of artifact energy as indicated by arrows in Figure 4.5c. 
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4.5.2. Reconstruction of missing data 

This section designed to demonstrate the efficiency of the TSSSA for data gap filling 

using synthetic data. The artificial data gaps created in the synthetic data by killing certain traces 

in the complete pure data. Figure 4.7a represents pure synthetic data with missing traces and 

Figure 4.7b is its reconstructed output. Figure 4.7c represents data with 30% complex noises 

and Figure 4.7d is its reconstructed output. One can visualize that the simultaneous de-noising 

and reconstruction is good up to 30% complex noise in the case of parallel reflectors.  

 

Figure 4.7: (a) Synthetic data with missed trace information and (b) Reconstructed data using 

TSSSA. (c) Synthetic data with missed trace information contaminated with 30% complex noise 

(d) Reconstructed data of Figure 4.7c using TSSSA 
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Figure 4.8: (a) Pure synthetic data with curved reflector (b) Synthetic data with 30% complex 

noise (c) TSSSA output of data shown in Figure 4.8b (d) Noisy data with gaps (e) de-noised 

output of data shown in Figure 4.8d with data gap filling.  

Figure 4.8a, Figure 4.8b and Figure 4.8d show respectively synthetic data containing 

hyperbolic reflectors, synthetic data added with 30% complex noise and noisy synthetic data 

with data gaps. The reflectors identified in the de-noised output of noisy data shown in Figure 

4.8c well agrees with the pure synthetic data. Figure 4.8e shows the TSSSA processed output of 

noisy synthetic data with data gaps. This example demonstrates the simultaneous de-noising and 

data gap filling of seismic hyperbolic reflector data contaminated with complex noise (Figure 

4.8d) using the TSSSA method. As the method applied on the hyperbolic reflection data without 

NMO correction in the example shown above, an optimal window length provided for accurate 

signal reconstruction. After many experiments, the window length L=12 is identified as 

appropriate for de-noising and data gap filling of the noisy data shown in Figure 4.8b and 

Figure 4.8d. The reflectors identified in the reconstructed outputs shown in Figure 4.8cand 

Figure 4.8e have corroborated well with the pure data. The results of the experiment suggest that 

the TSSSA method is robust for de-noising the horizontal (approximated to NMO corrected data) 
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as well as hyperbolic seismic reflectors (approximated to data without NMO correction) 

contaminated with complex and coherent noises up to 30%. The underlying algorithm is also 

efficient for data gap filling in the presence of same amount of noise. 

4.5.3. Testing the TSSSA on synthetic data of fault model with Complex noise 

For identifying the fault structures, the efficacy of TSSSA tested on the synthetic data of 

reverse fault model assorted with complex noise. Although the researchers have classified the 

noise into random, correlated and coherent types, the noise present with the field observations is 

generally a complex combination of the above. In addition to this, the diffracted and scattered 

energies in the signals give rise to the origin of chaotic/ complex noise. Figure 4.9a shows the 

synthetic reflection data of a reverse fault model generated using the finite difference method. 

The complex coherent noise is generated with the equation 9 using � = 3.9 and a1=0.1. The 

methods employed to de-noise the data with various complex noise levels ranging from 10% to 

40%. In every case, 10% random noise kept as the background to simulate more realistic field 

situation. Figure 4.9b and Figure 4.9c respectively show the synthetic data with 20% noise 

(10% random + 10% complex noise), its TSSSA output. The results suggest that the signal 

reconstruction is good because of the recovery of the scattered energy in TSSSA even in the 

presence of diffraction energy. The method suppresses the diffraction energy successfully in 

addition to the complex noise from the data. The synthetic data with 30% noise (10% random 

+20% complex noise) and 50% noise (10% random + 40% complex noise) (Figure 4.9d and 

Figure 4.9f) and their TSSSA de-noised output(Figure 4.9e and Figure 4.9g ) are shown in 

Figure 4.9d to Figure 4.9g. One can apparently see that the TSSSA method works well for de-

nosing the data up to 30% noise levels (Figure 4.9e). Above this threshold, the method fail to 

suppress the noise and hence certain amount of residual noise is left untreated in the output 

(Figure 4.9g). 
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4.5.4. Application of TSSSA on seismic field data from Durgapur, West Bengal, 
India. 

The study area Durgapur is a well-known coal-bearing zone in Bardhaman district of 

West Bengal, India. The region is overlain by a thin alluvial cover and forming a transition zone 

between the flat hard rock and gently sloping alluvial terrain (Mahapatra and Rajib, 2009). The 

western part of the district is comprised of Raniganj formations (Sengupta, 1966), underlain by 

the Gondwana sedimentary rocks and contains valuable coal deposits (Das and Biswas, 1969).  

In the present study, the seismic reflection data of length 1sec acquired using 60 channels 

with 0.25 ms sampling interval processed using the space lagged SSA method. The data 

converted into the common midpoint gathers (CMP) and then corrected for normal move out 

(NMO) using velocity analysis. Figure 4.10 shows the NMO corrected field data and its TSSSA 

output at different window lengths. Figure 4.10a depicts actual field data corrected for NMO, 

which apparently shows the dipping and horizontal structures mixed with certain kind of 

unwanted (correlated and complex) noises. Figures 4.10b and Figure 4.10c show the TSSSA 

de-noised outputs correspond to the window lengths 21 and 30 reconstructed from first 10 Eigen 

triplets. One can see that the S/N ratio is comparatively better for window length 21 (Figure 

4.10b) than the other.  
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Figure 4.10a: NMO corrected reflection seismic field data from Durgapur, West Bengal, India.   
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Figure 4.10b: TSSSA output of NMO corrected reflection seismic field data from Durgapur, West Bengal, India at window length 21 

using first ten triplets.   
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Figure 4.10c: TSSSA output of NMO corrected reflection seismic field data from Durgapur, West Bengal, India at window length 30 

using first ten triplets.   
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a) 

 

b) 
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c) 

 

Figure 4.12: (a) NMO corrected shot gather data with data gaps. (b) TSSSA output with filled 

data gaps using first five triplets with window length 21 and (c) using first ten triplets with 

window length 21 

 Figure 4.13a and Figure 4.13b respectively show the un-migrated and migrated stack 

sections of the data after the application TSSSA. The scattered energy present in the un-migrated 

section (Figure 4.13a). The appropriate positioning of the scattered reflector energy present in 

the migration process helped for the clear visibility of reflections. One can see here that the 

reflectors identified in migrated stack section (Figure 4.13b) correlate well with reflecting 

signature of coal formations and interfaces identified in litho-log section (Figure 4.14).  
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4.13: b) 

 

Figure 4.13: (a) The stack section of TSSSA processed shot gather data. (b) Migrated stack section of TSSSA processed shot gather 

data. 
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A close observation of the litho-log section of the region indicates the possible presence 

of coal seams somewhere in between depths 400 m to 1000 m. The analysis also indicates that 

the coal seam depth and thickness are varying over a wide range in this region. The beginning of 

the coal formation at around 400 m depth identified prominently in the de-noised shot gathers as 

well as in the stacked section of TSSSA output. It may also note that some of those banded 

reflectors clearly identified using the TSSSA processed image in between the depths of 500 m to 

1000 m (time length from 0.50 s to 0.90 s) are not clear in the raw data. It is worth mentioning 

that these reflector bands are consistent with the coal seams signatures as shown in the litho-log 

(Figure 4.14). The reflections marked on the migrated stack section (Figure 4.13b) by arrows 

are matching quite well with the coal columns boundaries observed in the litho-log section. Very 

thin coal formations hitherto unmapped also visible in the TSSSA processed data. It is clear that 

the TSSSA algorithm enables us to identify sub surface features even in the presence of high 

degree of complex, correlated and coherent noise. 
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Figure 4.14: Litho log of the study region (Durgapur, West Bengal, India). 
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4.5.5. Application of the method on seismic field data from Singareni coal field, 
Telangana, India 

The high-resolution seismic reflection data from Singareni coalfield acquired using 60 

channels Geode system manufactured by Geometrics is used in this section. The sampling 

interval is 0.25ms. Emulsion based explosive was used to generate high frequency energy to 

incorporate high resolution of the data. Common midpoint technique with end on shooting 

geometry employed using 15m average shot depth and 5m geophone interval in the data 

acquisition. The near and far offsets are 120m and 415m respectively and the recoding geometry 

ensures a nominal CMP fold of 15. 

The data acquired using the above parameters was processed using the TSSSA method 

for suppression of correlated and complex noise to facilitate clear identification of the reflection 

patterns over the geological features like faults associated with coal reserves. The study area is 

located near Ramagundam, in the Pranhita-Godavari (PG) graben formed in between the 

boundaries of Bastar and Dharwar cratons (Murthy and Rao, 1994). The complex system of 

faulting in the Lower Gondwana rock formations leads to a general eastern tilting followed by 

erosion in the study area. The Overall strike is ~ NNW-SSE and with ENE and WSW dipping. 

The NW-SE faults parallel to the PG basin boundary faults and NE-SW oriented faults are the 

two kinds of geologically probable faulting that occurred in the study region. These faults are 

largely dip-slip faults (normal-sense) and appear to cut across all the Lower Gondwana 

formations, although there is a minor left-lateral strike-slip component (Murthy and Rao, 1994). 

According to the researchers, in general, the fault systems observed may be related to either the 

Permian or the Mesozoic fault systems of Biswas (2003). The borehole litho-logs (<500 m deep) 

in the study area reveal that the coal seams are found in the lower segments of the boreholes, and 

are associated with carbonaceous shale’s, clay and sandstones in the depth range of ~200 to 

500m. There are seven coal seams, of which four are prominent with thickness varying in range 

of < 1 m to ~ 10 m. The deformation of the above rock formations gives rise to dipping 

sedimentary bedding surfaces. The overall strike is ~ NNW-SSE and dips gently towards ENE. 

The amount of dipping varies from 6
o
 to 9

o
. Borehole litho-logs also suggest existence of two 

sets of wrench NW-SE to NNW-SSE and NNE-SSW oriented faulting in the study area. It 

appears that the fault interactions lead to the formation of complex graben and/or rifts in the 

study area. The vertical displacement of the faults in this region is nearly 5m or may be slightly 
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less. It is interesting to note that these small faults have kinematics history similar to the large-

scale faults of the PG basin. 

After preliminary processing (e.g. reversal correction, muting, surgical mute etc.,), the 

data converted into CMP gather and performed velocity analysis for NMO correction. The NMO 

corrected CMP gathers converted back to shot gathers. The TSSSA applied to reduce the noise 

from the shot gathers and then the data is deconvolved. The band pass filtering employed to limit 

the frequency content of the data within 30 to 140 Hz. The shot gathers are converted to CMP 

gathers and then second pass velocity analysis was performed on NMO removed CMP gathers to 

get best stacking velocity. Finally, the processed data is stacked to produce stack section by 

using best-aligned NMO corrected CMP gathers. 

Figure 4.15a and Figure 4.15b respectively depict the shot gathers before and after the 

application of TSSSA. Here, the method applied on the time slice / spatial data series using 

window length 21. The reflection patterns in the raw data (Figure 4.15a) are scattered due to the 

presence of noise and thus it looks somewhat confusing for the interpreter to infer the geological 

information. Figure 4.15b shows the TSSSA output of the original data reconstructed from the 

first 10 triplets. There is significant improvement in signal to noise ratio after the TSSSA 

processing, that facilitates the recovery of scattered reflector amplitudes and thereby help in 

identifying reflector patterns more clearly. Comparison of Figure 4.15a and Figure 4.15b 

demonstrate the robustness of TSSSA for noise suppression and signal reconstruction. It may be 

noted from Figure 4.15 that the continuity of the reflectors retained by recovering the scattered 

energy in the TSSSA processing. Reduction of the noise before deconvolution limits the further 

enhancement of noise in the process.  
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TSSSA output of the above stack data corresponding to the window lengths 230 and 30. 

Comparatively, the output with window length 30 (Figure 4.17b) provides a better suppression 

of low frequency (complex and correlated) noise than the output corresponds to window length 

230. The strong reflections between the depth ranges of 200 to 450 m in the TSSSA processed 

stack section (Figure 4.17b) agree well with the available geological features in the area. This 

suggest that the depth of the coal seams may approximately be somewhere at around 200m 

(Murthy and Rao, 1994; Biswas, 2003). The synthetic seismic traces generated using the nearby 

borehole data shown in Figure 4.16c. The borehole lies within the study region approximately 

around 200 m distance perpendicular to the seismic line. The observed reflections from the stack 

section almost agree well with the synthetic data shown in Figure 4.17c. The geological 

information (Murthy and Rao, 1994; Biswas, 2003) of the study region evidently agrees with the 

minor as well as major faults patterns as mapped on the TSSSA processed stack section. Also the 

reflections observed in the stack section match well with the geologically inferred coal seam in 

the study area. The stack section also shows disturbance in the amplitude and discontinuity of 

seismic reflectors at two places, which indicates the presence of faults. Signatures of a normal 

faulting detected at a distance of ~150 m from the WSW end and another at a distance of ~720m 

from WSW direction. The results also show that there are low vertical displacement and normal 

faults in the stacked section. As it is an intrinsic property of coal basins, there are minor normal 

and near vertical faults present in the stack section. The faults in the seismic section show NE-

SW direction across the half PG graben structure in the study area. 
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TSSSA output of above post stack data (shown in Figure 4.16b) (
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of TSSSA on a real field seismic shot gather data from Durgapur, West Bengal, India, 

successfully enhanced the signal/noise ratio and recovered the missing data. The reflectors 

present in the stack section of processed seismic data from Durgapur region, a coal-bearing 

zone, reveal good correlation with the geological information and litho-log. The application 

of the method to high-resolution seismic reflection shot gather data from Singareni coalfields 

reveals that the method has significantly improved the signal to noise ratio by recovering the 

scattered energy. Finally, the complex noise suppression is demonstrated by applying the 

method to post stack data. The results suggest that the fault structures and coal beds mapped 

on the stack section of processed data correlate well with the geological information of the 

study area. The tie between the synthetic trace computed from the log data and the TSSSA 

processed stack section indicate a good correlation. This chapter concludes that the TSSSA 

method is robust for simultaneous data gap filling and complex noise suppression from 

seismic reflection data for possible identification of geologically structures.  
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Chapter 5 

Robust and Fast algorithms for Singular Spectral Analysis 

This chapter is devoted to develop the optimized singular spectral procedure to reduce 

the colored noise in the seismic signal and to develop two new approaches namely (i) 

Factorized Hankel and (ii) Windowed SSA to reduce the computation cost. Thus, the chapter 

includes the application of Optimized SSA for colored noise suppression Factorized Hankel 

and Windowed methods for computational cost reduction in seismic data processing. The 

proposed methods are tested and verified for their efficiency in signal reconstruction and 

computational time and cost reduction using synthetic and real data sets.  

5.1. Introduction 

The conclusions of previous chapter indicate that the TSSSA method is capable of de-

noising the seismic signals containing 30% complex noises. Eigen decomposition fails to 

separate the signal and noise accurately above this noise level/threshold (30% noise). This 

produces distortion in the reconstructed signal. However, the colored noises in the data 

significantly deviates the variance of Eigen components and hence it is difficult to separate 

signal and noise using simple SSA (Allen and Smith, 1998). In this chapter, the co-ordinate 

transformation given by Allen and Smith (1998) is adopted for seismic data de-noising. The 

co-ordinate transformation or simply optimal algorithm is used in SSA and TSSSA 

algorithms to test their efficacy for colored noise suppression. 

As discussed in the Chapter 1, researchers have vigorously exploited the proficiency 

of the SSA based methods for time series analysis. Even though the SSA method is well 

proven for variety of applications in signal analysis, its applicability for large data is limited 

due to the large computational time and memory requirements for the singular value 

decomposition (SVD)of  Hankel matrix (Trajectory matrix). The SVD scheme is the main 

computational process of SSA and for an n×m matrix, it requires O (nm
2
) floating point 

operations (Rokhlin et al., 2009). As the length of the data record increases, one is bound to 

calculate SVD for large trajectory data matrix. For example, the processing of seismic 

reflection/refraction data using SSA method consumes more time and requires huge memory 

as the size of the data (seismic trace) is high. Consequently, this limits the applicability of 

SSA for the long data sets. Recently some researchers (Xu and Qiao, 2008; Mahmoudvand 

and Zokaei, 2012) have devised methods to reduce the floating point operations (FLOPS) in 
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SVD computation of square Hankel matrix to reduce the computational cost (compared to 

classical O(n
3
) method). Further, it is proposed here to develop new algorithms to reduce the 

computation cost involved in SVD of hankel matrices to use in singular spectral methods.  

This chapter devoted to present skilled algorithm (i) Optimized singular spectral 

technique for colored noise suppression, (ii) Factorized Hankel and Windowed SSA 

techniques to reduce the computational cost and time.  

5.2. Optimization and Factorized Hankel Method 

 The noise is an additive component to pure signal in geophysical field observation. 

Assuming a case of linear additive noise, the field data can be represented as follows  ��^� (�)  = ]�5N��(])  + A;�b� (A)             (5.1) 

In mathematical notation, the expectation values of the data trajectory matrix is given as  �(��) = �(�e) + �(�C)                   (5.2) 

Where, TD, TS and TN represent respectively trajectory matrix of the observed data, pure 

signal and noise. 

For nonrandom noise process,  �(�C) ≠ Y!�                (5.3) 

The scaling helps us to annul the random noise that perturbs the expectation values of 

the signal along the diagonal. However, scaling doesn’t work for the estimation of the 

expectation values of pure signal in the presence of colored noise. The estimates of the 

Eigenvectors and Eigen values of the observed data matrix (with colored noise) significantly 

differ from that of the pure signal. The transformation of the observed data trajectory matrix 

using the Eigen values and Eigenvectors of noise trajectory matrix would allow us to 

distinguish the actual signal (Allen and Smith, 1997) from noise. A fast and robust algorithm 

based on Factorization Hankel matrix and optimization process would help effectively to 

reduce the erratic and colored noise from seismic reflection data.  

The methodology comprises the following five steps namely  

(i) Formulation and factorization of trajectory matrix  

(ii) transformation of each factor using the Eigenvectors and values of estimated 

noise trajectory matrix  

(iii) SVD, grouping and reconstruction of each factor of trajectory matrix  

(iv) Inverse transformation of all the reconstructed trajectory matrices  
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Step (ii): Following Allen and Smith 1997, the signal to noise ratio or more precisely signal 

to noise variance ratio (ρ) in terms of data and noise trajectory matrices is given by � ≡
��.��.���.�C.� , where � is the vector and define the state space direction and ��is its transpose. In 

the data space, the dynamical behavior of the system can be understood from the 

Eigenvectors, which are also known as state space vector and defines the direction of the data 

space. From a predefined estimate of ρ, the noise trajectory matrix TN can be obtained using 

the Eigenvectors of the observed data trajectory matrix. In the next step, the observed data 

transformed into noise domain using the Eigenvector and Eigen values of the noise trajectory 

matrix using the following equation ��, �, �� = e��(�}�(�C))       (5.5) 

Where U and V are respectively the left and right Eigenvectors and λ is the Eigen value 

matrix of the covariance (COV) trajectory matrix. The transformed trajectory matrix, say ��   

can be given by ��  = ��/!. ��. ��. �. �8�/!        (5.6) 

Step (iii): Then we apply SVD, grouping and reconstruction processes on each factor of the 

transformed trajectory matrix.  

a) Singular Value Decomposition (SVD): Here, we decompose the factors of the 

transformed trajectory matrix(��  )  into Eigenvectors and Eigen values as follows 

e�� (��  ) = ¢ ��� �� ��£              (>. V) 

The group of i
th 

  Eigenvectors and Eigen value i.e., (√λi, Ui, Vi) is called the Eigen triplet. 

Hence p Eigen triplets for non-zero Eigen values, the transformed factor trajectory matrix ��   

can be given by (Golyandina and Zhigljavsky, 2013) 

���  = �√�0��0���0�
¤

0��          (>. �) 

b) Grouping: Following the grouping procedure explained in the chapter 2, the trajectory 

matrix is reconstructed from group of Eigen triplets identified based on periodicity and 

variance (Vautard et al., 1992; Golyandina and Zhigljavsky, 2013; Rajesh et al., 2014).  
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c) Reconstruction: In this step, the de-noised trajectory matrix was reconstructed from Eigen 

triplets selected in the above grouping process using the following equation.  

�¥� = �√�0��0��0��
b

0�� (>. ¦) 

Here DFi denotes the de-noised trajectory matrix of i
th 

factor and s represents the number of 

Eigen triplets selected for reconstruction.  

Step (iv): The above reconstructed trajectory matrix is transformed as follows to bring the 

each reconstructed factor trajectory matrix(�¥�)  into the data space �� = (��)8�. (��/!)8�.  �¥�. (�8�/!)8�. �8�   (5.10) 

Step (v): The reconstructed factor trajectory matrix (��) obtained using equation 10 was then 

subjected to diagonal averaging to recover de-noised data series. If the size of �� is � × § 

then, the series of length ¨ = � + § − 1 can be obtained through diagonal averaging using 

the following the equations 

_6 = �6 � � 7,6879� 6
7��  :;#  U < 6 < - (>. ���) 

_6 =     �-  � � 7,6879� - 

7��   :;#  - − � < 6 < * + � (>. ��@) 

_6 =        �A − 6 + � � � 7,6879� - 

7�68* 9�   :;#  * < 6 ≤ C    (>. ��©) 

Here ai,j’s and xi’s are the elements of the matrix ª  and de-noised data series respectively.  

By exploiting the symmetry property of Hankel matrix, Factorization of Hankel 

matrix along the diagonal to reduces the floating-point operations (FLOPS) in SVD process. 

In Factorized Hankel scheme, a d-step factorization of the Hankel matrix (m<n) of size m × n 

reduces the FLOPS in SVD computations from O (m × n
2
) to d× O ((m/d) × ((n+d)/d)

 2
). An 

example of two-step factorization is Figure 5.1. In the Factorized Hankel SSA, SVD, 

grouping, reconstruction are performed on the matrices A and B. Diagonal averaging was 

done on the reconstructed matrices of A and B separately to obtain de-noised reconstructed 

series {x1, x2………x10} and {x11, x12…..x18}. In the final step, the complete series of original 

length {x1, x2…….x18} were obtained by combining the two series.  
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reconstructed using the classical SSA algorithm and Factorized Hankel SSA (FHSSA) 

algorithm. The first reconstructed component of FHSSA method represents almost trend of 

the data whereas the output of classical SSA does not show the trend.  

 

Figure 5.4: Complex chaotic signal (red color solid line) along with its first principle 

component reconstructed using classical SSA (blue color dotted line with circle marker) and 

FHSSA (green color dotted line with diamond marker). 

 

Figure 5.5 : Original chaotic signal (solid line) and its reconstructed signal from first five 

principle components using classical SSA (dotted line with circle marker) and FHSSA 

(dotted line with diamond marker). 
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Figure5.5 represents the reconstructed signal recovered from first five principle 

components using both the methods along with original signal. The signal reconstruction is 

good and almost close to the original signal in FHSSA output. The classical SSA output 

deviate from the original signal. Apart from the accurate representation of the signal, the 

classical methods require (9* 16*16): 2304 FLOPS whereas the FHSSA requires only 

((5*8*8) + (4*9*9)), 644 FLOPS. Here the method employed only two-step factorization. 

Depending on the data series length, the trajectory matrix can be factorized into more number 

of factors to reduce the computational cost as well as time without losing any valuable 

information contained in the data.  

5.2.3. Low frequency preservation in Factorized Hankel method 

 To ensure that the factorization and optimization techniques would not affect low 

frequency content of the data, Factorized Hankel (FH) method along with optimization was 

applied on seismic reflection trace containing 8000 samples. The high frequency filtering 

using SSA frequency filtering and with cutoff frequency fc=90Hz is performed by neglecting 

the components with low period in the reconstruction process (Golyandina and Zhigljavsky, 

2013; Rajesh et al, 2014). Figure5.6 depicts the original trace, its Factorized Hankel 

Optimized SSA (FHOSSA) output and their power spectrum. The low frequency content of 

the data is well preserved in the FHOSSA output.  
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Figure 5.6: (a) Seismic reflection trace from field data. (b) Output of four step FHOSSA 

using first 13 Eigen triplets. 

 

Figure 5.6: (c) Frequency spectrum of original Seismic reflection trace and its FHOSSA. 
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5.2.4. Computational Efficiency 

The number of floating point operations in conventional SVD based SSA and multi-

step factorizations based SSA method are computed to demonstrate the comparative 

computational efficiency of the factorized Hankel method. The number of floating point 

operations required for SSA and FH methods presented in Table 5.1 provides more clear 

understanding on the computational efficiency of the factorized Hankel method. The number 

of FLOPs required in FHSSA 16 step factorization is 250 times less than that of conventional 

method. 

 

Table 5.1: Number of Floating point operations in SVD for different factorizations of m×n 

matrix.  

5.2.5. Application of the method on real seismic data 

 Finally, the Factorized Hankel Optimized (FHO) SSA, and SSSA methods applied on 

post stack seismic reflection data in time domain. The seismic reflection stack data from 

Singareni coalfield, Ramagundam, Telangana, India in the Pranhita-Godavari (PG) graben 

acquired using 60 channels are used in the present study. The data acquisition parameters and 

geology of the study area are discussed in the previous chapters (Chapter 3 and 4). The 

seismic post stack data and its de-noised output of SSA, FHOSSA, SSSA/TSSSA, FHSSSA 

and FHSSSA with optimization methods are shown in Figure 5.7. Although the stacking 

process suppresses the random noise, colored noise remains in the data even after stacking. 

The similarity of the SSA output (Figure 5.7b) and original stack data (Figure 5.7a) 

demonstrates that the SSA fails to suppress the colored noise from seismic post stack data. 

Besides the reduction in computational time and cost, the output of SSA (Figure 5.7b) and 

N HF's m n O(m*n^2) Time(Sec)  

8000 

Complete 

data 4000 4001 64032004000 7402.54 

4 1000 1001 8016008000 395.87 

8 500 501 1004004000 115 

16 250 251 252004000 92 
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FHSSA (Figure 5.7c) are almost similar. This demonstrates that the Factorized Hankel 

operation does not alter the signal reconstruction efficacy of singular spectrum method. In the 

next step, FHOSSA method was applied on the stack section data (Figure 5.7a). The output 

of FHOSSA shows (Figure 5.7d) that there is a considerable reduction in colored noise in 

compared to original stack data (Figure 5.7a). The SSSA along with the Factorized Hankel 

method was applied on original seismic stack data. The output of FHSSSA shown in Figure 

5.7e indicate that the colored noise was effectively suppressed as it involves the spatial 

correlation of the data. Finally, the FHSSSA method with optimization is applied on the 

original stack data. The output of FHOSSSA shown in Figure 5.7f demonstrates that the 

there is a considerable reduction in the colored noise. Although there is a clear reduction in 

noise in the outputs of FHSSSA and FHOSSSA, the output of FHSSSA suffers with the 

flattening of curved seismic features. The FHSSSA method, however, failed to retain the 

curvature of the reflectors because of the correlation of the colored noise.  
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Figure 5.7: The processed output of original stack section of seismic reflection data (A) using SSA (B), SSSA (C) FHSSSA (D) and 

FHOSSA (E) method.  
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The zoomed image of a portion of stack data, its SSA, FHSSA, FHOSSA, FHSSSA 

and FHOSSSA outputs depicted in Figure5.8 show the more detailed view of the curvatures 

of reflectors at red color elliptical region. The output obtained using the FHOSSA, FHSSSA, 

FHOSSSA methods show the seismic events with gradual increase in colored noise 

suppression. Although the FHSSSA has suppressed the noise effectively, the curvatures of 

seismic reflections in the FHSSSA output (Figure 5.8d) are flattened compared to the 

original data (Figure 5.8a). The inclusion of optimization in FHSSSA has improved the 

efficacy of colored noise suppression and there by recovered the curvatures of seismic events 

more appropriately (Figure 5.8e). Thus, the results show that accurate reconstruction of 

original reflection events with original curvatures is possible in FHOSSSA. The inclusion of 

spatial correlation of the data in FHOSSSA methods provide more effective means to noise 

suppression compared to FHOSSA methods. The regions marked by red colored rectangles 

and ellipse in Figure 5.8 gives a more clear idea on the noise suppression and accurate signal 

reconstruction capabilities of different methods. The FHOSSSA method preserves the small 

curvatures of the primary reflections in the output of compared to FHSSSA because of its 

enhanced capabilities of the colored noise suppression through optimization.  
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Zoomed image of a portion from Figure5.7
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5.3. Windowed SSA 

5.3.1. Methodology 

In windowed singular spectral analysis (WSSA),the entire data series is divided into 

equal parts and each part is independently processed using SSA. Finally the outputs obtained 

from different windows are merged together to get the WSSA processed time series of 

original length. The high variance Eigen components representing the trends are also 

considered in the reconstruction as they represent the part of signal. Thus, the application of 

WSSA method reduces the computational cost and time as the size of the trajectory matrix 

reduced using the smaller window data. The linear trend in the data must be removed before 

proceeding to WSSA. The computational steps of WSSA involve singular spectral analysis as 

discussed in Chapter 2. The main steps involved in WSSA method are briefly mentioned 

below: 

(i) Divide the time series D (t) = {y1, y2, ..., yN}of length N into d equal windows and 

apply the following steps on each window. 

(ii) Embed the trajectory matrix (T) of the data from each window using a proper 

window length (L) as discussed in Chapter 2. The trajectory matrix of size LхK 

given by: 

T L×K = [Y1: . . . : YK]  (5.13) 

Where, Yi= {yi+1,yi+2, .... yi+L}indicates the vector of length L and K= (N/d)-L+1 and 

YN/d(t) ={y1,y2, .... yN/d} is the windowed series of length N/d. 

(iii) Apply the Singular Value Decomposition to decompose T into Eigen triplets 

(�®¯,Ui,Vi) in order to examine features of data 

� = � ��������
�

��� (>. �/) 

Here�®¯, Ui and Vi are Eigen values, left and right Eigenvectors of i
th

 Eigen 

triplet. 

(iv) In this step, the new trajectory matrix (Tr) is reconstructed from the group of Eigen 

triplets as explained in Chapter 2. As the data are processed in short windows, the 

first few triplets (those corresponds to log term trend and cycles) must be included 

in reconstruction processes along with the other higher order triplets to retain the 

low frequency content of the data: 
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�# =  � �����������,@,©                (>. �>) 

Where, a, b, c are the triplets that are in the selected groups. 

�# = '((�,�) ⋯ ((�,*)⋮ ⋱ ⋮((-,�) ⋯ ((-,*).      (5.16) 

 

(v) Following the diagonal averaging process explained in Chapter 2, the reconstructed 

trajectory matrix (Tr) is diagonally averaged to get the reconstructed series of 

length N/d.  

(vi) The WSSA processed series of original length (N) obtained by merging all the d 

reconstructed outputs in the final step.  

The WSSA reduces the floating-point operation in SVD computation of n×m trajectory 

matrix from O (nm
2
) to d×O(n1m1

2
), where d is the number of windows and n1×m1 is the 

size of the trajectory matrix in each window.  

5.3.2. Application to a seismic reflection trace 

The WSSA is applied on seismic reflection trace containing 8,000 samples with 

0.25ms sampling interval. The data was divided into four equal windows with 2,000 samples 

in each data window. The data from each window was processed using SSA with a window 

length of 500 samples. The Eigen triplet (First 10) with frequency > 85 Hz are selected to 

reconstruct the new data series by viewing the Eigenvector periodicities. The WSSA filtered 

data of original length was obtained by combining the four outputs recovered from the four 

windows. Figure 5.9 shows the original and WSSA filtered output. To verify the spectral 

content of original and processed data, the power spectral density of original trace and its 

Windowed SSA output are computed and compared in Figure 5.10. One can observe from 

the power spectra that the power of WSSA filtered seismic trace is completely flattened for 

frequency > 85 Hz. The similar practice is useful in principal component analysis, Time 

Slice/Spatial SSA etc. also. However, the matching of low frequency component of the 

WSSA filtered data and original data demonstrate the efficacy of WSSA method for 

preserving the low frequency content. The results thus suggest that the WSSA is a robust, fast 

technique and it does not alter the low frequency content of the data series.  
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5.4. Summary 

The analysis of low frequency content of a time series using the conventional spectral 

method depends solely on the length of the time series. Consequently, for the large data 

series, the computational cost and time considerably increases in SSA processing. In this 

chapter, new algorithms are devised and demonstrated to (i) enhance the signal to noise ratio 

(ii) reduce the computational cost on synthetic and actual seismic data. The new algorithms 

are faster and robust in comparison to the existing methods. The inclusion of optimization 

process considerably suppressed the erratic and colored noise. The new Factorized Hankel 

method reduces the computational cost without effecting the low frequency component in 

signal reconstruction. Comparatively study performed to reduce the colored noise from the 

post stack seismic data shows that the FHOSSSA method is efficient among the all. The 

optimization process in the FHOSSSA algorithm serves to recover the true curvature of the 

reflectors (real feature) in the de-noising. Structural and stratigraphic (Faults, coal seams) 

features observed from the FHOSSSA de-noised stack section correlated well with the 

geological features of the study region. Similar to Factorized Hankel algorithm, the proposed 

windowed SSA also reduces the computational cost and time without distracting the original 

low frequency content of the data. The efficacy of the method was verified by applying on 

the seismic reflection data. The results demonstrate that the proposed WSSA scheme was 

effectively reduces the floating-point operation in SVD computation compared to classical 

SSA. Also unlike the other spectral methods, the size of the window does not affect the 

reconstruction of long period/low frequency components of the data series. 
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Chapter 6 

3D seismic data de-noising and gap filling using Multichannel 

Time Slice Singular Spectrum Analysis 

 

Although 2-D seismic reflection surveys help to map the broad crustal features for 

economic planning of mining, the 3D seismic  surveys and processing results play vital role  

in assessing the  volumetric extension of reserves (e.g. mineral, coal, hydrocarbon etc.) Here 

in this chapter a ‘Multichannel Time Slice Singular Spectrum Analysis (MTSSSA)’ based 

rank reduction algorithm is developed to de-noise the 3D seismic data. Similar to the 2D 

algorithms, the underlying method takes the advantage of strong spatial data correlation 

within the time slice or horizon to alleviate noise. The proposed method is tested initially on 

the synthetic data for de-noising and data gap filling. Then the method was applied to real 3D 

seismic reflection data from Norway CO2 reservoir to identify the bright spots related to 

injected CO2 stratification. The results suggest that the MTSSSA is one of the robust methods 

for de-noising 3D seismic data and data gap filling.  

6.1. Introduction 

In general, 2D seismic surveys have been carried out, where the economic resources 

are limited and may not support the cost of 3D seismic exploration (Steeples and Miller, 

1990; Francese et al., 2002; Juhlin et al., 2002; Hammer et al., 2004). The results obtained 

from 2D seismic studies, however, provide somewhat limited information primarily because 

of the out of plane reflections from the 3D objects of subsurface (Green et al., 1995; Lanz et 

al., 1996). Hence, researchers have suggested 3D seismic surveys for identification and 

precise interpretation of 3D geometrical structure and their orientations (Buker et al., 2000). 

Researchers have successfully de-noised the seismic 3D data using advanced Multichannel 

SSA (Oropeza and Sacchi, 2011). As discussed earlier, here also the domain conversions 

using the above algorithm would create artifacts, because of non-data adaptive functions, and 

thus renders misleading interpretation. Similar to the TSSSA de-noising and data gap-filling 

algorithm presented in Chapter 4, the Multichannel SSA of data from a constant time slice or 

a fixed horizon of 3D seismic is proposed here to surmount the problem of noise. 

Multichannel SSA (Ghil et al., 2002; Oropeza and Sacchi, 2011) allows us to process the 

entire 2D time slice or horizon from 3D seismic data in time domain rather than frequency 

domain to avoid artifacts related to domain conversions. Fortunately, the curved features in 
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one direction (x or y) will appear to be near linear in other perpendicular direction (y or x). 

Hence, the multichannel processing reduces the flattening of curved seismic features. The 

singular spectrum analysis of entire Time Slice or Horizon of the 3D data volume enables us 

to differentiate the noise from the spatially correlated data in MSSA similar to SSA, as 

discussed in Chapter 2. Relying on the above facts, departing from MSSA seismic data 

processing used by Oropeza and Sacchi (2011) for 3D seismic data in frequency domain, the 

Multichannel Time Slice SSA method in time domain is proposed and employed for 

simultaneous de-noising and data gap filling of seismic data.  

This chapter is organized as follows: (i) The methodology of the MTSSSA and 

iterative L1 norm minimization for data gap filling are outlined (ii) The efficacy of MTSSSA 

algorithm for seismic data de-noising and gap filling is demonstrated using synthetic data (iii) 

The application of the MTSSSA method on 3D seismic post stack data from Sleipner CO2 

storage site is demonstrated (iv) Possible detection of CO2 migration along with the analysis 

of Utsira Top Horizon is discussed.  

6.2. Multichannel Time Slice SSA Methodology 

Figure 6.1 depicts the analogy between 2D and 3D data. The 2D data and 3D data 

volume (D) and Time Slice are shown in the Figure 6.1. As discussed above the Multichannel 

SSA is applied on individual time slices of the 3D data in the proposed Multichannel Time 

Slice SSA. The X, Y and Z directions in the Figure 6.1 respectively represent the inline, 

cross line and depth axis directions. The total length of the recording time is a synonym here 

for depth along z direction.  
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Figure 6.1: Schematic depicting the analogy between 2D and 3D data along with 3D synthetic data. Physical representation of the time slice 

used in the present study (red color rectangle) 
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The application of Multichannel SSA enables us to identify the coherency among the 

data from a fixed time slice or horizon to filter out colored and correlated noise as they tend 

map on to tail of the Eigen spectrum. Individual time slice of 3D seismic record given by S(x, 

y, t) is subjected to MSSA. Although the dimensionality is higher, the methodology 

comprises the same trajectory formulation, singular value decomposition, grouping and 

diagonal averaging steps as disused in Chapter 2. Accordingly, for 3D case, let us consider p
th

 

time slice as given by 

] (_, (, ¤)(CS×C²) = ³ b(�, �, ¤)  b(�, !, ¤) ⋯ b´�, C², µ¶⋮ ⋱ ⋮b(CS, �, ¤)  b(CS, !, ¤) ⋯ b´CS, C², µ¶·        (6.1) 

The elements s(i, j, p) represent the reflection signal amplitudes at time p (0< p ≤C`) 
and of receiver at spatial location (i, j) (0< i ≤ CSand 0< j ≤ C²). Here Nt, Nx and Ny 

respectively represent the number of sampling times, number of receiver channels along x 

direction and y direction. The trajectory matrix R of size  P² × f² is formed to implement 

the Multichannel Time Slice SSA algorithm on the i
th

 time slice  

¸ (P²×f²) =
gh
hhh
hi �� �!�! �&⋮ ⋱

⋯ �f²⋯ �f²9� ⋮       ⋮           �P²  
⋱    ⋮     ⋯       �C²jk

kkk
kl
   (6.2) 

Where P² = C²/!, f² = C² − P² + � and the elements of the matrix R are the 

trajectory matrices of inline data series represented bye( S, G, µ ) = {b(�, 0, ¤)  b(!,0, ¤) … … .   b( CS, 0, ¤) }, (0< j ≤ C²)given by 

� (PS×fS) =
gh
hh
hib(�, 0) b(!, 0)b(!, 0) b(&, 0)⋮ ⋱

⋯ b(fS, G)⋯ b(f + �S, G) ⋮  ⋮           b(PS, G)  
⋱    ⋮     ⋯       b(CS, G) jk

kk
kl
                    (6.3) 

Where, ! < ¹S  ≤  CS/!is the window length andfS = CS − PS + �. 

While dealing the data with almost horizontal reflections, the window length can be 

selected as the maximum of classical limit i.e., P = nCS! o + � 

(nCS! o represents the integer part of CS! ).More often, the reflection events will have 

characteristic dipping. Let us denote the trajectory/ Hankel matrix formulation with operator 

Oh on a single time slice of the data. Thus, the equation (6.3) becomes  
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¸ (P²×f²) =  º» . e(S, ², µ)(6.4) 

The next stage of the algorithm is the decomposition of trajectory matrix R using 

singular value decomposition (SVD) as follows. 

¸ = � �����. ���              (L. >)�
���  

Here Ul, Vl are the singular vectors corresponding to the l
th

 non-zero singular value 

���, ��� represents the transpose of Vl  and d is the number of Eigen components with non-

zero Eigen value. In general as mentioned in the previous chapters, noise and data gaps 

(missing data) in the seismic records increase the rank of the trajectory matrix i.e., they 

produce Eigen components with low Eigen values. Hence, the reconstruction of trajectory 

matrix from the selected Eigen triplet is a kind of rank reduction and matrix completion 

process. At this stage, the Eigen triplets with low variance are discarded in the reconstruction, 

as they resemble the noise (Trickett, 2003). The trajectory matrix (¸ # ) reconstructed from 

‘k’ selected Eigen triplets of significant variance is given by 

¸ # = � ��� ��. ���
6

���             (L. L) 

In essence, through the decomposition and reconstruction operation denoted by Or a 

reconstructed low rank trajectory matrix is obtained from the original trajectory matrix.  �. �. , ¸ # = }�. ¸ =  }�. }~. e(S, ², µ)(Using the equation 6.4) 

Finally, the processed data slice (de-noised and data gap filled) can be obtained from 

the averaging (Oav) of the anti-diagonal elements of reconstructed trajectory matrix¸ #. Using 

the operator notations, the complete process in terms of the input time slice ](_, (, ¤)and 

output time slice]# (_, (, ¤) can be written as follows  �. �. , e# (_, (, ¤) = }?� .  ¸ # = }?� . }�. }~. ] (_, (, ¤)(CS×C²)     (6.7) 

It known that the noise and data gaps increase the rank of the Hankel matrix. The de-

noising performed here is a kind of rank reduction problem. The above procedure is repeated 

by varying ‘p’ from 0 to ¼½ to obtain the MTSSSA processed 3D volume.  

 

 

 

 

 



 

101 

 

6.3. Data Gap Filling 

The following iterative reconstruction procedure using the same number of significant Eigen 

triplets would help for accurate reconstruction the missing data.  

(i) Take the first reconstruction output dented by S1
and subtract it from original data 

S0
 to obtain the residual.  ]# = ]U − ]�                     (6.8) 

(ii) Sample the residual at data gaps by simply multiplying the residual with a matrix 

of zeros and ones denoted by  �b = S�GM                       (6.9) 

where 0 <  m ≤ CS, 0 <  ¿ ≤ C²and0 <  À ≤  C`and is equal to zero if data is present and 

equal to zero if data is not present (data gap). This multiplication is a simple element-to-

element multiplication. After the multiplication, we will be get a matrix SDR 
containing the 

recovered data at data gaps.  ]�¸ = ��GM                           (6.10) 

Where0 <  m ≤ CS, 0 <  ¿ ≤ C²and0 <  À ≤  C`and the elements of the matrix are given 

by  ��GM = Á�GMх S�GM 

(iii) This output is added to original data with data gaps to fill the data gaps.    ]�U = ]U + ]�¸                                          (L. ��) 

(iv) Calculate the L1 norm of the reconstruction residual Ã]�U − ]�Ã 
Iterative minimization of L1 norm by repeating the above procedure with 2

nd
, 3

rd
, … 

reconstruction output helps the accurate recovery of the missing data in addition to the noise 

suppression.  

6.4. Testing on Synthetic data 

The algorithm developed here was applied on the 3D synthetic seismic data generated 

for reverse fault, contaminated with 30% of mixed noise (10% random+ 10% correlated 

+10% complex). The finite difference algorithm was adopted for generating synthetic data 

using layer parameters, e.g. density, velocity, offsets etc. (Margrave, 2001). The modified 

code of CREWS downloaded from http://www.crewes.org is used to generate the synthetic 

data. Figure 6.2 depicts the pure and noisy synthetic data sets. Figure 6.3 depicts the 

MTSSSA de-noised output of the data along with the residual. One can see that noise from 

the 3D volume is suppressed without altering the fault structure and dip of the layers. One 
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can also observe that the residual does not contain any significant signal that represents the 

seismic events (Figure 6.3b).  

 

Figure6.2: (a) Pure synthetic data. (b) Synthetic data with 30% mixed noise (10% complex 

noise+ 10% correlated noise +10% random noise). 

 

Figure 6.3: (a) MTSSSA output of the noisy synthetic data and (b) MTSSSA residual. 

In the next example, simultaneous de-noising and data gap filling of 3D data is 

demonstrated using MTSSA on synthetic data. Figure 6.4a and Figure 6.4b depict the pure 

synthetic data and noisy synthetic data with data gaps generated by removing certain traces 

from noisy synthetic data (Figure 6.2b) along inline and cross line directions as marked by 

the rectangular regions in Figure 6.4b. The MTSSSA method applied on the noisy data with 

data gaps for simultaneous de-noising and data gap filling using L1 norm minimization with 

three iterations. The comparison of region marked by rectangular boxes on MTSSSA output 

a)                                                      b)   

a)                                                      b)   
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(Figure 6.4c) and pure synthetic data (Figure 6.4a) indicate that the MTSSSA method has 

robustly recovered the missing data along with the suppression of noise without distracting 

the original seismic features.  

 

 

Figure 6.4: (a) Pure synthetic data. (b) Noisy synthetic data with data gaps. (c) Output of 

MTSSSA showing the data gap filling.  

It would be interesting to test the new method with the existing frequency domain 

MSSA method. Accordingly, the de-noised output of noisy synthetic data (Figure 6.2b) is 

recovered using MTSSSA and MSSA and compared. The comparative results shown in 

Figure 6.5 suggest that the MTSSSA output matches well with the original pure synthetic 

data, whereas the MSSA output suffers with artifact energy at the locations marked by 

arrows. Finally, it is clear from the synthetic example that the MTSSSA method is robust 

compared to the MSSA.  

 

a)                                                              b)   

c)
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not related to upper Pliocene. One can notice from Figure 6.6 and Figure 6.7, that the bright 

spots at UT formation are clearly visible after the application of MTSSSA de-noising 

algorithm in the post-injected post stack data. The comparison of the pre and post injection 

processed and original post stack data sets confirm that these bright spots are associated with 

CO2 accumulation at UT formation. Some of these features are also visible in raw data but the 

application of MTSSSA algorithm has considerably increased the visibility of these features.  

Figure 6.8 shows the comparison between the cross plots of post-stack post injection 

data volume before and after application of MTSSSA. It can be noticed that the resolution of 

the data is enhanced after the application of MTSSSA. The continuity of the UT Top reflector 

is retained without any random distortions (indicated with red color arrow) after MTSSA 

processing. The de-noising also enhanced the visibility of the other reflections related to the 

intra-reservoir mudstone that are hindered by the noise in the (in red color hexagon) post 

injection data (Figure 6.8a). The red color marked regions in the Figure 6.8b show the clear 

visibility of inter reservoir reflector. The region with bright amplitudes encircled in red color 

indicating the presence of gas in the MTSSA output shown in Figure 6.8b. The 

reconstruction residual obtained by subtracting the data shown in Figure 6.8b from Figure 

6.8a is presented in Figure 6.8c. There is no coherent energy representing the geological 

features in the residual. Hence, it is clear from the Figure 6.8 that the method has removed 

only noise and enhanced the resolution of the thin intra reservoir reflectors. The bright 

amplitudes observed between the cross-line numbers 80 to 100 in the cross-line slice shown 

in Figure 6.8b indicate the accumulation of upward migrated CO2 (Chadwik et al., 2010;). 

The reflections identified in the processed output using multichannel time slice singular 

spectrum analysis are consistent with the geology of the Southern Viking Graben (SVG) 

structure (Karstens and Berndt, 2015). 
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6.5.2. De-noising Horizon data 

Finally, the application of Multichannel SSA for horizon processing is presented in 

this section. The MSSA algorithm is applied to the seismic amplitudes corresponding to a 

geological horizon for de-noising. Figure 6.9 demonstrates result of Multichannel SSA for 

horizon processing. The horizon data of pre and post CO2 injection representing the Utsira 

Top formation is picked up from the respective 3D data shown in Figure 6.6a and Figure 

6.7a. The pre and post-injected horizon data are respectively shown in Figure 6.9a and 

Figure 6.9b. The MSSA method was applied on the UT horizon data of pre and post 

injection times. Figure 6.9c and Figure 6.9d are the MSSA reconstructed output of the pre 

and post injection horizon data of Utsira formation. The bright amplitudes are noticed at two 

locations (marked in blue circle and triangles in Figure 6.9) in the post injection MSSA 

output of the data (Figure 6.9d) which could be attributed to the accumulation of upward 

migrated CO2 gas. The reconstruction residuals of pre and post injection horizon data are 

shown in Figure 6.9e and Figure 6.9f. The absence of coherent amplitudes in the 

reconstruction residual demonstrates that there is no signal leakage in the de-noising 

operation.  
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data for gap filling. This is done on the noisy synthetic data with data gaps using an iterative 

reconstruction process. The experiments with the synthetic data suggest that the MTSSSA is 

a viable tool for de-noising and data gap filling of 3D seismic data. The application of the 

MTSSSA method on the actual seismic data from Sleipner CO2 storage site enhanced the 

resolution of data and thereby facilitated clear identification of the reflection amplitudes. The 

bright amplitudes in the post injection data set indicate upward migration and accumulation 

of gas at Utsira Top formation. The UT horizon processing using Multichannel SSA indicates 

that there is evidence for considerable CO2 accumulation at two locations within the horizon. 

Finally, it is concluded that the MTSSSA is good choice for simultaneous de-noising and data 

gap filling of 3D seismic data. The underlying method is also useful for analyzing the 

amplitude attributes through the multichannel time slice or horizon processing. 
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Chapter 7 

Conclusions and Future Scope 

In this thesis, singular spectrum analysis based new algorithms are developed for 2D 

and 3D seismic reflection data processing. These methods are useful to surmount the 

problems arising due to the domain conversions, presence of complex noises, data gaps etc. 

The efficiency of these algorithms was tested on synthetic seismic data theoretically 

generated using the different numerical/empirical models and then applied to the actual 

seismic field data. 

Namely, the new algorithms developed are as follows: 

i) Time domain  SSA frequency filtering for seismic reflection data 

ii) Time Slice Singular Spectrum Analysis for simultaneous  suppression of complex 

noise  and data gap filling of 2D high resolution seismic reflection data  

iii) Optimal Singular Spectral approach for colored noise suppression from post stack 

seismic data 

iv) Factorized Hankel SVD and Windowed singular spectrum analysis to reduce the 

computational cost and time. 

v) Multichannel  Time Slice Singular Spectrum Analysis for simultaneous  

suppression of complex noise  and data gap filling of 3D high resolution seismic 

reflection data using an iterative matrix completion step via L1 norm 

minimization 

Chapter wise conclusions: 

The methodological aspects of the SSA along with its major applications like de-

noising via Eigen reconstruction, principal component analysis, and data gap filling are 

presented in the Chapter 2. This chapter enables to understand the role of different parameters 

involved in SSA based signal processing. The preliminary results obtained in this chapter are 

useful to understand the efficacy of SSA and supports the adoption of the SSA as a base for 

developing new algorithms for seismic reflection data processing.  

New SSA based time domain frequency-filtering technique is proposed and explained 

to reduce the processing related to the artefacts artifacts arising in frequency domain filtering 

of non-stationary non-linear seismic data in Chapter 3. The proposed method was tested 

against the Fourier based filtering algorithm using synthetic data and applied on real time 

seismic data from Singareni coalfield, Telangana, India. The results suggest that the method 



 

112 

 

is robust for filtering the seismic data. The inclusion of new weighted Eigen spectrogram 

developed in this chapter reduces the complexity in the triplet grouping procedure for the 

wider applicability of SSA based frequency filtering. 

Based on the characteristics of deceptive noises and spatial correlation of data, new 

TSSSA is proposed and explained in Chapter 4. The problem of random and other coherent 

noises are demonstrated independently. Further, for the first time, the de-noising of seismic 

data contaminated with mixed noise (generated by adding random, complex and correlated 

noises) is presented in this thesis. The method was demonstrated on the synthetic data for 

simultaneous de-noising and data gap filling as a rank reduction and matrix completion 

process. The synthetic and real time examples demonstrate that the method was efficient for 

simultaneous data gap filling and noise suppression of seismic reflection data. Finally, the 

efficacy of the method was also explained for complex noise suppression on post stack 

seismic field data. The correlation of coal beds and fault structures identified from field data 

from Durgapur (West Bengal) and Singareni (Telangana) with the respective litho-log and 

borehole data suggest that the method is robust for de-noising the pre and post stack seismic 

data. 

Robust and fast algorithms (namely Optimal SSA, Factorized Hankel method and 

Windowed SSA) devised in the Chapter 5 are useful to reduce more amounts of colored noise 

from pre and post stack seismic data and to reduce the computational cost. The optimal SSA 

algorithm adopted and employed in the TSSSA for the suppression of colored noise from post 

stack seismic data. The Factorized Hankel method proposed and demonstrated for the 

reduction of computational time for the wider applicability of the singular spectral methods. 

The testing of the methods on the complex signal reconstruction suggests that the underlying 

factorization Hankel method is faster and robust for signal reconstruction. This factorized 

technique is also useful in the singular value decomposition of Hankel type matrices. Hence, 

in addition to SSA, it is applicable in other scientific problems, which deal with the SVD of 

Hankel type matrices. The Windowed SSA is demonstrated in the last part of the Chapter 5 is 

another faster algorithm that reduces the computational cost. The robustness of the method 

was tested on the synthetic and real seismic reflection data for signal reconstruction and low 

frequency preservation. Although the method is analogues to the methods operate on the 

small windows of data (e.g., Windowed FFT), the low frequency content in Windowed SSA 

is well preserved. The WSSA is useful in all kind of SSA based algorithms. Thus, two faster 

algorithms are devised in this thesis work to reduce the computational cost for wider 

applicability/adaption of SSA based methods.  
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After successful demonstration and application of SSA based algorithms for 2D 

seismic reflection data as discussed in the previous chapters, to meet with the industry 

requirements of seismic reflection studies, Multichannel SSA based multichannel time slice 

singular spectrum method was devised to de-noise the 3D seismic reflection data in the 

Chapter 6. In addition to the 3D data de-noising, for the first time, the MSSA based horizon 

de-noising was also demonstrated in this thesis. Similar to TSSSA explained in the Chapter 4 

for 2D seismic data, MTSSSA 3D data de-noising and MSSA horizon de-noising techniques 

also use the correlation of data in spatial direction for better separation of signal and noise. 

The MTSSSA method was tested on the 3D synthetic seismic data for de-noising and data 

gap filling. The results from 3D synthetic data de-noising suggest that the method is robust 

for recovering true signal amplitudes in addition to noise suppression. Although, the 

quantitative interpretation was not performed, the intra reservoir reflectors identified from the 

de-noised post stack data of Sleipner CO2 storage site are corroborated well with the region 

geology. The bright spots identified in the de-noised post injection post stack data are 

associated with the stratification of the upward migrated CO2 is at these inter reservoir 

reflectors.  

Finally, it is concluded that the singular spectrum based methods are robust tools to 

analyze the non-linear and non-stationary data. The new time domain SSA based frequency-

filtering algorithm developed in this thesis, is useful for filtering the non-stationary seismic 

data to minimize the domain conversion related artifacts in seismic reflection data filtering. 

New Weighted Eigen Spectrogram for more user-friendly triplet grouping is useful for wider 

applicability of SSA frequency filtering. The TSSSA developed and demonstrated in this 

thesis provides more effective means for simultaneous suppression of complex noise and data 

gap filling of pre and post stack seismic reflection data. The synthetic, pre- stack and post 

stack de-noising examples presented in this thesis demonstrate the robustness of the SSA 

based de-noising algorithms. FH and WSSA algorithms are developed and demonstrated to 

reduce the computational time and cost for the wider adoption of singular spectrum based 

algorithms. Finally, MSSA based MTSSSA devised and tested for simultaneous de-noising 

and data gap filling of 3D seismic data and horizons.  

 

The experience gained from the present work would provide an understanding of the 

merits of the Singular Spectrum based algorithms for seismic data processing. The usage of 

data adaptive basis functions in the SSA is unique feature that is worth for analyzing seismic 

or geophysical data. In future, the methods would be further extended to (i) process the time 
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structure maps for de-noising (ii) t-x MSSA based frequency filtering of 2D and 3D seismic 

data etc. Although the frequency filtering, data gap filling, de-noising algorithms discussed 

for seismic data in this thesis, these techniques are also useful for other geophysical data sets 

like gravity, magneto telluric, passive seismic, resistivity etc. There is a wide scope in future 

for the application of singular spectrum based methods developed in this thesis to reduce the 

processing related artifacts and inherent random as well as complex noises. 
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