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Abstract

In practical applications, the available data series is a nonlinear and nonstationary,
nonlinear systems are used to process these data series. A linear in the parameter
(LIP) model for nonlinear system is used to extend optimal linear filter theory to
nonlinear filter theory. However, existing methods fail to obtain LIP models for strong
nonlinear systems viz., Signum, rectified linear unit (ReLLU) and an ideal comparator
input-output characteristics. In this thesis, an even mirror Fourier nonlinear (EMFN)
filter is used to obtain LIP models for these strong nonlinearities. We also introduce
tunable ReLU as a novel nonlinear system. The characteristics of this system is
similar to ReLLU for larger tunable parameter values. By using strong nonlinearities,
we characterize representation of empirical mode decomposition (EMD) algorithm,
neural networks and deep neural networks (DNN).

A data decomposition algorithm EMD is used to decompose nonlinear and non-
stationary data series. We propose a model for EMD algorithm using two strong non-
linearities and a weighted sinc interpolator that provide a mathematical tractability
to represent each residual intrinsic mode function (IMF) of the data. The proposed
EMD model shows better energy preservation property, orthogonality among IMF's
and less computational complexity over existing method. We also discuss the ap-
plication of the proposed EMD model and variational mode decomposition (VMD)
algorithm for thresholding of nonuniformly illuminated images. The superiority of
the proposed EMD model and VMD algorithms over other existing techniques are
observed in obtaining thresholded image.

Neural networks are a class of nonlinear systems that are used to process various
nonlinear data series. We present a characterization and representation of neural
network architectures using tunable ReLLU with reduced computational complexity.
We further analyze the representation of a nonlinear block max pooling present in
DNN. We observe that the linear approximation of max pooling is an average pooling.
We also study the Lipschitz condition of tunable ReLU and its behavior in DNN and
long short term memory (LSTM) networks. Furthermore, we study the performance
of tunable ReLU in training networks on various data sets and its superiority over
other nonlinear activation functions is demonstrated.
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Finally, we propose models for some useful nonlinear systems such as homomorphic
and median filters. We propose a model to obtain homomorphic filter like character-
istics using Volterra kernels. Also, we obtain a relationship between homomorphic
filter coefficients and Volterra coefficients. In the second model, we propose two new
methods for an efficient modelling of median filter using threshold decomposition, a
polynomial expression and a positive boolean function (PBF) based on sum. In the
first method, a polynomial expression is used to obtain binary median filter charac-
teristics. In the second method, a PBF based on sum is proposed to obtain binary
median filter characteristics. The performance and computational complexities of
these two models are also compared with the existing models.
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