STUDIES OF SYSTEM IDENTIFICATION AND
DENOISING FOR GEOPHYSICAL SIGNALS

KARTHIKEYAN E

DEPARTMENT OF ELECTRICAL ENGINEERING
INDIAN INSTITUTE OF TECHNOLOGY DELHI
OCTOBER 2018



© Indian Institute of Technology Delhi (1ITD), New Delhi, 2018



STUDIES OF SYSTEM IDENTIFICATION AND
DENOISING FOR GEOPHYSICAL SIGNALS

by

KARTHIKEYAN E
DEPATMENT OF ELECTRICAL ENGINEERING
Submitted

in fulfilment of the requirements of the degree of Doctor of Philosophy

to the

INDIAN INSTITUTE OF TECHNOLOGY DELHI
OCTOBER 2018



Dedicated to my beloved
Mother & Brothers



Certificate

This is to certify that the thesis entitled “ Studies of system identi-
fication and denoising for geophysical signals” being submitted
by Mr. Karthikeyan E to the Department of Electrical Engi-
neering, Indian Institute of Technology Delhi, for the award of
the degree of Doctor of Philosophy is the record of the bona-fide re-
search work carried out by him under my supervision. In my opinion,
the thesis has reached the standards fulfilling the requirements of the

regulations relating to the degree.

The results contained in this thesis have not been submitted either
in part or in full to any other university or institute for the award of

any degree or diploma.

Prof. Brejseh Lall Prof. R K Patney

Professor Professor

Department of Electrical Engineering Department of Electrical Engineering
Indian Institute of Technology, Delhi Indian Institute of Technology, Delhi
Hauz Khas New Delhi 110016 Hauz Khas New Delhi 110016

Date:

Place: New Delhi



Acknowledgments

First of all, I would like to thank the Indian Institute of Technology,
Delhi for giving an opportunity to carry out this research work. Equally,
I would like to acknowledge my advisors Prof. R K Patney and Prof.
Brejesh Lall for their immense support and guidance for my research.
Their profound technical knowledge and passion for work have always
inspired me to work hard.

[ am thankful to my student research committee members Prof. S.
D. Joshi, Prof. R K P Bhaat, and Prof. Arun Kumar for many useful
interactions and their valuable comments and suggestions on my work.
I am also grateful to all the faculty members at IIT Delhi from whom I
have learned a lot during the course work and the period of my research.

I feel fortunate to have many friends and well-wishers during my
PhD with whom I have shared my joy and sorrows. I thank each and
every one for their support, trust and encouragement all the time.

Last but not the least, I owe a lot to my mother and brothers for

supporting me throughout the course of my PhD and in my personal

life.

Karthikeyan E

11



Abstract

The seismic exploration method is a cost-effective approach to ana-
lyze the earth’s subsurface layer up to certain depth at a particular
place. In seismic exploration, a short duration seismic wavelet (pulse)
is transmitted from the surface, which is reflected from the bound-
aries between earth’s subsurface layers. The reflected waves are ob-
served and recorded by an array of sensors at the surface of the earth.
The sensor output (seismic trace) contains information about the seis-
mic wavelet, the reflection coefficients (ratio of incident and reflected
wave energy) and noise. This sequence of reflection coefficients con-
tains the earth subsurface layer’s information. To obtain the reflection
coefficients from a noisy trace, seismic deconvolution and denoising are
needed to mitigate the seismic wavelet and the noise. In order to per-
form deconvolution, the seismic wavelet must be known a priori. If it
is unknown, then the seismic wavelet needs to be estimated accurately
from the seismic trace. Otherwise, the obtained noisy reflection coeffi-
cients may lead to misinterpretation about the earth layers.

The objective is to estimate the seismic wavelet from noisy trace based
on the statistical assumption about the reflection coefficients and noise.
The seismic wavelet to be determined is modeled as non-minimum

phase finite impulse response (FIR) system and reflection coefficients
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assumed to be zero mean, non-Gaussian statistically independent and
identically distributed (IID) process. In order to estimate the system
parameters from the observed noisy seismic signal, we pose this as a
Blind System Identification (BSI) problem. To estimate the system
parameters, we derive a set of equations by matching the higher-order
cumulant of observed noisy data with a higher order moment of blind
system’s impulse response. In order to solve those equations to ob-
tain the desired system parameters, this thesis deals with two different
methods to estimate the seismic wavelet from the noisy trace.

The first contribution presented in this thesis is that the obtained sys-
tem of equations is mapped to a multivariate polynomial function. The
Groebner bases that form the solution to this set of polynomial func-
tion is obtained using the proposed algorithm. The Groebner basis
finds all the possible solution in the cumulant matching method. Since
the polynomial function is derived using single order cumulant; this
improves the accuracy of the estimated system parameters. In order to
test the efficiency of the proposed blind system identification method,
it is applied to the synthetic data set to estimate the desired system
parameters. For the synthetic data, the system parameters are known
beforehand. The proposed method estimates the desired system pa-

rameters blindly from the synthetic data set. In order to measure the
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performance of the proposed method, the mean squared error (MSE)
is used. It measures the accuracy between the estimated and true pa-
rameters. From the simulation results, we conclude that the accuracy
of wavelet estimation is improved 10 times than the existing method.
Next, if the system parameters are large, then the set of non-linear equa-
tions obtained by cumulant matching has a large number of equations.
It is very difficult to solve using the algebraic method. We proposed a
new objective function to solve a system of nonlinear equations. The
Particle Swarm Optimization (PSO) algorithm is used to minimize the
objective function and obtain the desired seismic wavelet parameters.
The higher order statistics are insensitive to Gaussian noise. There-
fore the error between estimated and true parameters is small even for
low signal to noise ratio. From the simulation results, conclude that
the accuracy of wavelet estimation improved 10 times than the existing
method.

The next contribution of the thesis is denoising the seismic data. There
are various methods existing in the literature to eliminate the random
noise in seismic data. In those methods, the data is transformed to
another domain and used a threshold to eliminate the noise and in-
verse transform to the original domain. But those methods require an

appropriate threshold, which is difficult to estimate. In order to over-



come this problem, we use a dictionary learning method for denoising
the seismic data. The set of traces can be modeled as belonging to
a low dimensional subspace of ambient signal space. This allows for
construction of sparse representations of each trace in terms of other
traces in the commom mid-point (CMP) gathered and normal move-
out (NMO) corrected traces. The sparse representations provide us
a way to construct approximations of individual traces in which the
noise is suppressed. We use OMP to construct these approximations.
If the number of interfaces (sparsity) is K, we assume that the signal
matrix (seismic data) is of rank K and we compute the K term global
approximation of each trace in terms of other traces. If the sparsity K
of the reflection coefficients matrix is known, then we can use K as the
number of iterations for which OMP should run for each trace. The
signal can then be recovered exactly using the OMP algorithm. The
K can be choose approximately from the seismic data, here K repre-
sents number of layers. We demonstrate, with applications to synthetic
and field seismic data, that the proposed technique performs better
on established benchmarks while capturing the true locations of weak
reflections and effectively attenuating the random noise. In order to nu-

merically compute the performance of the proposed approach, we use

the Signal-to-Noise Ratio(SNR) and the Mean Square Error (MSE).
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The proposed method improves the SNR of data and reduces the mean
square error between the true and estimated data. From the simulation
results, conclude that the SNR of seismic data is improved by 6dB as

compared to the existing method.
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