ABSTRACT
To satisfy the ever-increasing demand for the nonlinear system identification in various fields
of engineering, as well as to tackle the system nonlinearities in the presence of non-Gaussian
noise, interest has peaked in the adaptive nonlinear signal processing techniques. The
nonlinear systems are conventionally modeled using the polynomial paradigms, whose output
signals can be related to the input signals through the truncated Volterra series expansion.
The nonlinear Volterra filter exhibits property that it depends linearly on the coefficients of
the filter itself; therefore the principles of optimum linear filter theory can be naturally
extended to the optimum nonlinear Volterra filter theory. These nonlinear filters are attractive
because these may be able to approximate a large class of nonlinear systems with great
parsimony in the use of coefficients.
The nonlinear adaptive filtering techniques for the system identification (based on the
Volterra model) are widely used for the identification of nonlinearities in the domain of
communication and signal processing applications. We first present the variable forgetting
factor (VFF) least squares (LS) algorithm for the polynomial channel paradigm, which
provides improved tracking performance under the nonstationary environment. The main
focus is on updating VFF, when each time-varying fading channel is considered to be a firstorder Markov process. It may be inferred from the simulation results that in addition to
efficient tracking under the frequency-selective fading wireless channels, the incorporation of
proposed numeric variable forgetting factor (NVFF) in LS algorithm reduces the
computational complexity. Subsequently, the improved tracking capability of a numeric
variable forgetting factor recursive least squares (NVFF-RLS) algorithm is presented for the
first-order and second-order time-varying Volterra systems under the nonstationary
environment. The nonlinear system tracking problem is converted into a state estimation
problem of the time-variant system. The time-varying Volterra kernels are governed by the
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first-order Gauss-Markov stochastic difference equation, upon which the state-space
representation of this system is built. In comparison to the conventional fixed forgetting
factor recursive least squares algorithm, the NVFF-RLS algorithm provides better channel
estimation as well as channel tracking performance in terms of the minimum mean square
error (MMSE) for the first-order and second-order Volterra systems. The NVFF-RLS
algorithm is adapted to the time-varying signal by using the updating prediction error
criterion, which accounts for the nonstationarity of the observed signal. The demonstrated
simulation results manifest that the proposed method has good adaptability in the timevarying environment, and it also reduces the computational complexity.
However, an important issue in the system identification is the effect of measurement
noise on the parameter estimation results. This measurement noise is usually considered to be
a white Gaussian stochastic process with finite second-order statistics, which makes the mean
squared error an appropriate metric for the estimation error. But, the non-Gaussian statistical
signal processing plays an important role when signal and / or noise deviates from the ideal
Gaussian model. The stable distributions are among the most significant non-Gaussian
models. We next present the adaptive polynomial filtering using the generalized variable
step-size least mean p th power (GVSS-LMP) algorithm for the nonlinear Volterra system
identification, under the  -stable impulsive noise environment. Due to the lack of finite
second-order statistics of the impulse noise, we espouse the minimum error dispersion (MED)
criterion as an appropriate metric for the estimation error, instead of the conventional
minimum mean square error criterion. For the convergence of LMP algorithm, the adaptive
weights are updated by adjusting p  1 in the presence of impulsive noise characterized by

1  2.
In many practical applications, the auto-correlation matrix of input signal has the larger
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eigenvalue spread in the case of nonlinear Volterra filter than in the case of linear finite
impulse response filter. In such cases, the time-varying step-size is an appropriate option to
mitigate the adverse effects of eigenvalue spread on the convergence of LMP adaptive
algorithm. Therefore, the generalized variable step-size updating criterion is proposed in
combination with the LMP algorithm, to identify the slowly time-varying Volterra kernels,
under the non-Gaussian  -stable impulsive noise scenario. The simulation results are
presented to demonstrate that the proposed GVSS-LMP algorithm is more robust to the
impulsive noise in comparison to the conventional techniques, when the input signal is
correlated or uncorrelated Gaussian sequence, while keeping 1  p    2 . It also exhibits
flexible design to tackle the slowly time-varying nonlinear system identification problem.
The adaptive nonlinear signal processing has also found applications in the field of audio
and speech signal processing. The nonlinearity of amplifiers and / or loudspeakers gives rise
to the nonlinear echo in the acoustic systems, which severely deteriorates the quality of audio
and speech communication systems. Further, we present a nonlinear acoustic echo
cancellation algorithm, which includes two distinct modules in cascade. The first module is a
polynomial Volterra filter, which is an equivalent paradigm for a loudspeaker with the
nonlinear distortion. The second module in the presented cascaded structure is a linear
tapped-delay-line (finite impulse response) filter, which is analogous to the impulse response
of the acoustic path. In the proposed adaptive structure, the adaptive nonlinear filter in the
first module tackles the nonlinear constituents of the Volterra model, which uses the
conventional fixed step-size normalized least mean square (FSS-NLMS) algorithm. However,
the adaptive linear filter in the second module deals with the linear constituents of the
Volterra model as well as the linear impulse response of the acoustic path, in which the
generalized variable step-size normalized least mean square (GVSS-NLMS) algorithm is
incorporated to suppress the adverse effects of nonstationarity / distortion. Computer
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simulation results demonstrate that the presented GVSS-NLMS algorithm based approach
outperforms the FSS-NLMS algorithm based Volterra filtering, as far as the convergence and
tracking characteristics are concerned. In simulation of the real-time environment and
appropriate parameter setting for the third-order polynomial model, it provides approximately
5 dB performance advantage over the conventional nonlinear filtering approach in the
tracking mode, in terms of the reduction in mean squared error. Moreover, the presented
adaptive technique exhibits lower computational complexity than the conventional FSSNLMS based polynomial Volterra filtering used for the acoustic echo cancellation.
Based on the aforementioned research work, which mainly emphasis on the adaptive
nonlinear system identification problem, it is apparent that the adaptive nonlinear filtering is
an exciting and challenging area with a wide variety of applications; and potential
breakthroughs with great impact on practical applications are expected in the near future.
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