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Abstract

The main objective of this thesis is to investigate and develop adaptive signal decomposi-

tion methods that yield a set of basis vectors, which are complete, orthogonal, local and

adaptive. The instantaneous frequencies and square of amplitudes of these basis vectors

produce a Time-Frequency-Energy (TFE) distribution, referred to as the Hilbert spec-

trum, that reveals the embedded structures of a signal. The main results of this thesis

are briefly described in the following.

As is well known the Empirical Mode Decomposition (EMD) algorithm provides a

general method for examining the TFE distribution of nonlinear and nonstationary time

series. One of the important steps, in the EMD, is to obtain upper and lower envelopes

by cubic spline interpolation of local extrema (maxima and minima) of a time series.

Hence it is obvious that the performance of the algorithm would depend upon the type of

interpolation and the locations of extrema in a time series. Deeper investigation leads to

a novel nonpolynomial spline based EMD that reduces mode mixing and detrend uncer-

tainty, which are some shortcomings of the EMD algorithm in the analysis of time series.

A number of results on nonpolynomial interpolation, approximation and concomitant

error analysis are presented. The generalized error analysis results for nonpolynomial,

Hermite nonpolynomial interpolations and Taylor’s nonpolynomial series approximation

are derived. The EMD presented here improves the orthogonality among Intrinsic Mode

Functions (IMFs) but does not make them completely orthogonal, therefore, energy is not

preserved in the decomposition and there is always some energy leakage among IMFs.

We next propose algorithms which preserve energy in EMD. In the first Energy Pre-

serving EMD (EPEMD) algorithm, a signal is decomposed into Linearly Independent (LI),

Non Orthogonal yet Energy Preserving (LINOEP) IMFs and the residue. It is shown that
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a vector in an inner product space can be represented as a sum of LI but non orthogonal

vectors in such a way that Parseval’s equality type property is satisfied. We first observe

that from the set of ‘n’ IMFs, via the Gram-Schmidt Orthogonalization Method (GSOM),

n! sets of orthogonal functions can be obtained. In the second algorithm, we show that

if the orthogonalization process proceeds from the lowest frequency IMF to the highest

frequency IMF, then the GSOM yields functions which preserve the properties of IMFs

and energy of the signal. However, all EMD algorithms are empirical in nature and do

not provide a complete mathematical foundation required to fully understand the EMD.

This motivates us to further explore and develop methods that capture all the relevant

features and are also based on some sound mathematical foundation.

For many decades, there is a general perception in the literature that Fourier methods

are not suitable for the analysis of nonlinear and nonstationary time series. We propose

such a mathematical foundation in the form of a Fourier Decomposition Method (FDM)

and demonstrate its efficacy for the analysis of nonlinear and nonstationary time series.

The proposed FDM decomposes any data into a small number of ‘Fourier Intrinsic Band

Functions’ (FIBFs). The FDM presents a generalized Fourier expansion with variable

amplitudes and frequencies of a time series by the Fourier method itself. We also propose

an idea of the zero-phase filter bank based Multivariate FDM (MFDM) algorithm for

analysis of multivariate nonlinear and nonstationary time series. We also present an

algorithm to obtain cutoff frequencies of zero-phase filter bank for MFDM.

Finally, we present a Fourier base method for the analysis and classification of elec-

troencephalogram (EEG) signals using EEG rhythms. This method is based on MFMD

method that analyzes common frequency components in multichannel EEG recordings.

The Mean Frequency (MF) and RMS bandwidth are estimated from the EEG rhythms

which are found to be statistically different, for the different classes of EEG recordings,

and hence used to distinguish and classify the two classes of signals using a least-squares

support vector machine (LS-SVM) classifier. Experimental results on a publicly available

database demonstrate that the proposed feature sets effectively characterize the EEG

rhythms and are suitable for classification between different classes of EEG signals.
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