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ABSTRACT

The current advancements in technologies like voice prediction, noise filtering, and system
identification are possible only because of variety of tools present in discrete-time-signal-
processing (DSP). But if the system is designed with some particular conditions, then it is not
always possible that the system will respond in the same way under different conditions. So, we
need to make it adaptive using some factor so that it can adapt itself accordingly. As in the case
of filtering, if the coefficients of the filter are predefined then the system response remains
constant in particular conditions and we cannot directly implement it in the real world scenario
as the conditions change on regular basis. Taking into account these restrictions, it is
recommended to use some adaptable system that can adapt itself according to the real world
conditions. In these systems, the coefficients are made adaptable. In this research work, system
identification by using signal received at two wireless sensors is carried out. The problem of
adaptively estimating the time delay of sinusoidal signals received at two spatially separated
sensors is a bit different from real scenario. Thus, relative amplitude and delay of the sinusoidal
signal are needed to be estimated vis-a-vis a reference sinusoidal signal using finite-impulse-
response (FIR) filter. There is always a tradeoff between convergence rate and misadjustment.
To eliminate this dilemma, variable-step-size (VSS) methods are proposed. The VSS algorithm
has a big step-size at the beginning for a maximum convergence speed and a much smaller step-
size after the convergence for a minimum residual error.

In this thesis, | present the performance evaluation of different VSS algorithms, which
are used for parameter estimation of sinusoidal signal. The VSS in least-mean-square (LMS)
algorithm is not only varied based on the error and input signal correlations, but also it can be
varied by using sigmoid function as an alternative approach. The performance of VSS-LMS
algorithm is appraised on the basis of convergence and tracking characteristics, in terms of
mean-squared-error (MSE), when delay, as well as amplitude, need to be estimated. Simulation
results are presented to demonstrate the efficiency and efficacy of both types of VSS criteria in
combination with LMS algorithm.

Keywords: Adaptive filters, adaptation characteristics, delay estimation, amplitude estimation,

misadjustment, signal-to-noise-ratio (SNR).
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Chapter 1

INTRODUCTION

This chapter includes the introduction of adaptive systems and its parameters, various
applications of adaptive system like system identification and modeling, prediction, echo
cancellation for long-distance communication, adaptive noise cancelling etc. Different

performance measures for adaptive systems are also reviewed.

1.1 Introduction

Discrete-time-signal-processing (DSP) has developed manyfold in recent times due to significant
advancements in the digital and fabrication technologies. Signal processing is the representation
and interpretation of signal that carries information and transformation of the signal to make it
usable. So, nowadays, sophisticated complex signal processing tasks and circuits can be
implemented by writing algorithms. The major advantage of using digital system is the degree of
flexibility in algorithms that one can change according to its requirement. One of the commonly
used digital systems is filter that processes the input and extracts output only we are interested in.
Thus, filtering is simply the mapping of input signal to output signal according to some fixed
criteria. So, if the specifications (transition bands, desired bands, passband ripple and stopband
ripples) are known then, accordingly rational transfer function can be computed and selection of
form and structure can be developed. But in the real scenario, either the specifications are not
given or are time-variant then it is not possible to have desired output unless some changes are
made to the digital filter. The only solution to this problem is to employ digital filter with

adaptive coefficients i.e., adaptive systems that keep on updating its parameters (coefficients).

1.2 Characteristics of adaptive system

1. The system is self-optimized in changing environment.



2. The system can be used in time-varying or unknown environment but at the cost of
complexity of the circuit.
3. These systems need not to be synthesized again and again as these are self-designing

systems.

1.3 Applications of adaptive system

The adaptive systems are employed in communication systems, navigation systems, biomedical
electronics, seismology and many more. According to the usage, these applications are classified
as system identification and modeling, prediction, de-convolution, equalization, noise cancelling

etc.

1.3.1 System identification and modeling

rl(n) Known System d(n)

A 4

« d +
BlackBox
(Unknq,v’i}n syst_e'fn) +

y(m)

A 4

) 4

e(n)

Adaptive P
Algorithm

Fig. 1.1. System identification and modeling [1].

The input signal r1(n) is applied simultaneously to known and unknown system. To reduce the
value of e(n), the adaptive algorithm emulate the unknown system coefficients. The coefficient
value of the known system and black box may vary, but the transfer characteristics of both the
systems are same. But in practical cases, the black box is affected with additive noise which is

uncorrelated to the input signal. The adaptive filters have the flexibility to catch the dynamic



response, thus, its output matches exactly when the mean-square-error (MSE) is reduced to
minimum value.

This application is used in communication because when the signal is transmitted, multipath
propagation takes place when it reaches the receiver side, thus, introduces echoes, delays, and
interferences in the signal. Along with this, when the signal is affected by noise then it confuses
the predictor circuit i.e., cross-correlator.

It is used in the exploration of gas and oil reservoirs. It uses seismic technology for detection.
Generally speaking, the oil and gas fields are covered with clay or shale. The impulses are
produced on earth surface that propagate through the water to the sea bottom and deep into the
earth. As the geophysical material varies, the reflection takes place and is measured at the top to
summarize the result and model a system whose response matches the desired result. The time-

delay is measured in the case of SONAR and RADAR.

1.3.2 Prediction

Prediction is used to reduce the impact of noise and signal encoding. Prediction is basically the
evaluation of current signal value based on past values. The delayed signal is passed through the
unknown system with the adaptive algorithm and is compared with the input signal, therefore, try

to reduce the error signal and predict the current value of input signal.

r1(n)
d(n)
< < ¥
BIack:"éox N
Dela
> y (Unknown System) +
T ym
e(n)

Adaptive Algorithm

A

Fig. 1.2. Application of adaptive system as predictor [1].



1.3.3 Echo cancellation for long-distance transmission

In circuit theory, impedance matching is mandatory to transmit maximum power from source to
load. If in case, the impedance is not matched then reflection takes place, thus, reduces the power
delivered to the load. In a communication system, these reflections produce the echo effect. To
compensate this echo effect, the impedance of the system must be made adaptable.

The long distance transmission in wired communication induces delay with different values
when receiver side is an array of antennas. Adaptive systems can be used to estimate the delay

value to increase the gain and clarity of voice at the receiver side.
1.3.4 Adaptive noise cancelling

Whenever the signal is transmitted with wireless mode, the signal is corrupted with different
additive noise. Thus, we have two signals at hand, one signal with noise and another is correlated
noise. When both inputs are compared and adaptive algorithm is applied, then the actual signal

that is transmitted can be extracted out.

r1(t) + nl(t) r1(t)
0

4+

v

" - e(t)

ADAPTIVE
FILTER

A 4

n2(t)

Fig. 1.3. Application of adaptive system as noise cancelling [2].



1.4 Performance measures in adaptive system

Performance measures in adaptive filters are convergence rate, minimum MSE, computational

complexity, stability, robustness, and filter length.

e Convergence Rate: The convergence rate characterises the speed at which the filter
converges to its resultant state. It depends on the nature of performance surface. Usually,
a faster convergence rate is the desired characteristic of an adaptive system. It is inversely
proportional to time constant that determines the time taken by the algorithm to decay to
1/e of the starting value. There is always a tradeoff between convergence rate and
misadjustment. If the convergence rate is increased, then the steady state error also
increased. Likewise, if the minimum steady state error is prime requirement, then the
convergence rate has to be reduced.

e Minimum Mean Square Error (MSE): It determines how accurately the system is
modeled and predicted. The squared difference between the output of modeled system
and optimal solution is known as MSE. Large value of MSE indicates that either the
adaptive filter is not modeled accurately or the initial values of the system are not
adequate to cause the adaptive filter to converge. The MSE curve can be divided into two
parts i.e., transient response and Tracking. Transient response corresponds to that part of
curve, where the output of the system response reaches the minimum permissible error.
Tracking part starts after transient response. It indicates the ability of the system to how
quickly the system responds to the change in input and reflects back in output.

e Robustness: Robustness is a performance measure that indicates how well the system
can resist both input and quantization noise. It is directly proportional to stability of the
system.

e Filter Length: Filter length directly influences the ability of system in terms of
convergence rate, stability etc. If the filter length is increased, then the computational
complexity also increased because the number of calculations at each iteration increased.
Thus, the convergence rate reduces. Conversely, if the length of filter is decreased then
the number of calculations decreased but steady state error increased manyfold. By

increases the length of filter, the designer adds poles and zeros in the response that



increases the stability but at the cost of decrease in convergence rate. The increase in
filter length increases the accuracy of the system.

e Computational Complexity: The hardware limitation always affects the implementation
of real time system. As the complexity level of algorithm is increased, there is
proportional increase in the hardware resource requirement. Thus, computational
complexity is of immense importance performance measure for designer.

e Stability: Stability for adaptive system can be defined as the ability of system to provide
bounded output for bounded input. There are very few completely asymptotically
adaptive stable systems that can be practically realized. In most cases, the systems that
are implemented are marginally stable, i.e., the system is verse on stability. The designer
has to specify the initial values, environment condition etc in case of marginally stable

system for their accurate functionality.

1.5 Motivation

Estimation and detection theory plays a vital role in study and development of wireless
technology. The theory deals with the extraction of information from signal buried deep in noise.
In wireless communication, the channel is free space i.e., air, so unwanted and stochastic noise
comes into play. Estimation theory provides with approximate inferences from which one can
estimate system parameters to check the performance. Time-delay estimation is in the same
league.

Considering the case of RADAR, the pulsed electromagnetic signal is transmitted and
measures the time for the first echo received at the receiver end. This time-delay between
transmitted and received signal determines the pulse rate for radar. If the pulse rate is higher than
the inverse of time-delay, then false alarm condition occurs. These parameters in radar estimate
the position and velocity of the target. Moreover, in a communication system, the space diversity
technique is used to increase the gain at the receiver side. In this diversity technique, the signal is
summed with proper phase from two or more antennas.

The problem doesn’t end here. Once the parameters are known, the system is designed
according to some specific set of conditions. Thus, the system is unable to work in worse

conditions. So to eliminate this, adaptive systems are modeled in which parameters can adapt



itself according to the environmental conditions, so there is no need to redesign the whole

system.

Practically, it is impossible to check the system capability and response in different

environmental conditions. Simulators are the solution to this limitation. Simulator impersonates

the real process and helps the researcher to analyze the results without an actual field test.

1.6 Thesis objective

To discuss the different adaptive step-size LMS (least-mean-square) algorithms
developed with the passage of time to increase the convergence rate vis-a-vis reduction in
misadjustment in comparison with fixed step-size LMS. To estimate the parameters of
the sinusoidal signal at two spatially separated sensors under different SNRs. To analyze
the tracking ability of FSS (fixed-step-size), KVSS (Kwong-variable-step-size), AVSS
(Aboulnasr-variable-step-size), MAVSS (modified-Aboulnasr-variable-step-size), SVSS
(Sigmoid-variable-step-size) and MSVSS (modified-Sigmoid-variable-step-size) using

LMS algorithm with simulation results.

1.7 Organization of thesis

Chapter 2: Literature Survey: It entails the literature survey for different VSS
algorithm and time-delay estimation techniques that can be exploited in the adaptive
system.

Chapter 3: Time-Delay Estimation: It is the concise description of time-delay
estimation and techniques developed so far for estimation. Block diagram for these
techniques and formulae are discussed. It introduces adaptive filter algorithm, its
formulation with different gradient search methods and parameters to check the
capability of the system. In the end, LMS algorithm is reviewed.

Chapter 4: Adaptive Delay and Amplitude Estimation using LMS algorithm: This
chapter includes the system identification for amplitude and delay estimation with the
adaptive algorithm and various VSS algorithms that can enhance the system estimation

accuracy.



Chapter 5: Adaptive Delay and Amplitude Estimation using VSS-LMS algorithms:
It is the core of this research work. The proposed methodology for system identification
paradigm of delay and amplitude estimation using VSS algorithms is discussed.

Chapter 6: Simulation Results and Discussion: It addresses the performance of
different algorithm discussed in chapter 5 with the help of simulation results in
MATLAB. MSE of delay and amplitude along with tracking ability of system is taken
into consideration.

Chapter 7: Conclusion and Future Scope: It is the conclusion of this work and future

scope that can be carried out to uplift this research work.



Chapter 2

LITERATURE SURVEY

This chapter entails the literature survey for different VSS algorithms and time-delay estimation

techniques that can be exploited in the adaptive system.

In [3], Chakraborty has proposed the adaptive filter to estimate the mean delay and amplitude of
the signal received at two spatially separated sensors. Convergence analysis for the mean delay
and amplitude is carried out. Stability condition for the algorithm is computed. Simulation results

with different SNR are discussed.

In [4], Kwong and Johnston have modeled a new adaptive filter with VSS (variable-step-size)
algorithm to increase the convergence rate while maintaining the level of misadjustment same as
in the case of FSS. Initially, the step-size is large so that the system can reach steady state in
lesser iterations. As the result leads to steady state, the step-size is going to decrease, so
misadjustment remains the same. The algorithm is comparatively less sensitive to non-stationary
conditions so the effect on misadjustment reduces. The authors have also computed the
approximate formulae for stationary and non-stationary conditions. The simulation results

obtained are approximately equal to theoretical results.

In [5], Aboulnasr and Mayyas have reviewed VSS algorithm that reduces the sensitivity of the
system to uncorrelated noise disturbance. The authors use autocorrelation of the error signal to
compute the step-size of next iteration. The simulation results indicate that the proposed
algorithm works well in low and high SNR (signal-to-noise-ratio) condition with high
convergence rate while maintaining same excess MSE. In non-stationary conditions, the

algorithm response is more or less same.

In [6], Kun and Xiubing have modeled a new VSS algorithm with good tracking and anti-noise
ability. The algorithm depends on error autocorrelation that is considered to be independent of

additive-white-Gaussian-noise (AWGN). Along with this, the instantaneous error power controls



the tracking rate of the system. As the error power reduces, the value of step-size reduces. The

author compares the result of proposed algorithm with VSS algorithm proposed in [4] and [5].

In [7], Chen et al. have established a non-linear relation between the step-size and error signal
based on the translational transformation of the sigmoid function. The parameters for selection of
step-size are computed. The effect of interference reduces to a great extent due to the non-linear

relation.

In [8], Carter has discussed the maximum-likelihood (ML) estimation as a family member of
generalized cross-correlation. The performance of algorithm is synthesized taking into account

low and high SNR value. The parameters required for time-delay estimation are reviewed.

In [9], Knapp and Carter have studied the ML estimator for time-delay by evaluating the
correlation maximum in time argument. At low SNR, the results are comparatively same with

respect to Eckart filter.

In [10], the time domain representation of Roth and Scot algorithm is derived. These algorithms

are well suited for time-varying environments. The noise assumed to be Gaussian.

In [16], So has presented two algorithms to evaluate the phase delay estimation by taking into
consideration all the phase and quadrature component of the received signal. This method
eliminates the bias introduced in quadrature-delay-estimator (QDE). The second algorithm
utilizes the difference between the discrete-time-fourier-transform (DTFT) of two signals to

estimate the phase. The second algorithm has large operational range of SNR.

In [17], Maskell and Woods have examined the technique to estimate the time-delay of the
periodic signal by using the analog quadrature method. This technique can be employed in
RADAR to measure the grouping delay. Simulation results indicate that the response of proposed
techniques is outperforming other estimators with little bias and exhibit excellent performance

when SNR varies from medium to high.

In [18], Nandi has discussed the common problem that occurs in correlation based time-delay
estimators due to misidentification of extremum. The author has proposed two algorithms MSX
and MXS that can be used in narrowband signal for the estimation of subsample time-delay. The

algorithm computes the correlation and autocorrelation at different time lags then recombine to

10



estimate the accurate delay value. The proposed algorithm performs better in terms of bias and
variance at low SNR as compared to average-squared-difference-function (ASDF) and direct-
correlator (DC) estimator. The simulation results with ultrasonic echoes at different SNR verify

the theoretical results.

In [29], Dass and Chakraborty have reviewed the convergence of sparse adaptive filter using
proportionate normalized-least-mean-square (NLMS) algorithm. The authors use transform
based model and the random vector is angularly discretized thus eliminate the assumption of
white noise. So the evaluation results for MSE are universal. Also, the relation between gain and

corresponding tap value is derived.

In [30], Lee et al. have proposed the distributed estimation using diffusion VSS-LMS algorithm.
The algorithm computes the suboptimal step-size for network application at each node, thus,
reducing the dependency on central fusion center. This can be employed in different node profile

network and is insensitive to link failure.

In [31], Paziatis and Constantinides have modeled algorithm using kurtosis of estimation error
that reduces the sensitivity to strong noise to a great extent. There is an increase in circuit
complexity. Comparison with FSS-LMS and another VSS-LMS algorithm is carried out. The

modeled algorithm increases the tracking ability of the system.

In [32], Harris et al. have discussed version for LMS algorithm with new adaptation procedure of
step-size. In the proposed method, the authors use the sign of gradient to check the direction of
adaptation. The upper and lower bounds for step-size are computed. Thus, the convergence rate

remarkably increases.

In [33], Gelfand et al. have reviewed the stability of VSS algorithm in uncorrelated noise. Entire
priori and posteriori step-size sequences are focused on analyzing stability. The authors
demonstrated the general assumption of step-size that the variable step can be truncated when the

step-size leads to fixed step-size are wrong. It is much more complex than assumed.

In [34], Foley and Boland have presented an analysis of adaptive filter with the Gaussian input
signal and investigated the root bounds and compared the results with conditions suggested by

Horowitz and Senne that uses fourth-order moment.

11



In [35], Mayyas has discussed the practical situation that occurs in LMS (finite-impulse-
response) FIR filters where the length of the filter is not equal to the impulse response of the
unknown system. The mean square analysis in transient and steady state is developed. When the
input signal is assumed to be white then the system response is same when compared with filter
of sufficient length. An exact expression for computing the excess MSE from update equation is

obtained.

In [36], Mathews et al. have presented the LMS with gradient descent algorithm in order to
reduce the square error estimation. The change in weight coefficient is based on the negative
gradient of squared error so step-size is time varying, thus decreases the sensitivity of the
algorithm to the change in parameters. In non-stationary conditions, the filter approaches to the
best possible performance of LMS and recursive-least-square (RLS) algorithm. Analytical and

simulation results are discussed for the same.

In [37], the automatic-gain-control (AGC) scheme that is widely used in communication systems
is discussed. The system with adaptive gain reduces the vulnerability to noise. Basically, the
correlation is computed for input and error signal, if the cross-correlation is high, the gain value
comes out to be high and considered the algorithm is in active state. But, when this cross-
correlation is low or zero then the algorithm is in asleep mode and gain is zero. The author has

reviewed the scheme with RLS algorithm.

12



Chapter 3

TIME-DELAY ESTIMATION

This chapter is the concise description of time-delay estimation and techniques developed so far
for estimation. Block diagram of these techniques and formulas are discussed. This chapter is
dedicated to adaptive filter algorithm, its formulation with different gradient search methods and
parameters to check the capability of the system. In the end, LMS algorithm is also reviewed.

3.1 Introduction

Time-delay estimation [8] problem is mainly found in control engineering and signal processing.
A lot of variations in this problem can exist like the signal may be real or complex, narrowband
or wideband etc. When the noise assumed is zero, then it is considered as active time-delay
estimation and is generally used in automatic control and range estimation. The enormous
amount of research is going on in the various approximations of active time-delay estimation like
time-domain approximation, frequency-domain approximation, Laguerre-domain approximation

etc.

r2(t)

rl(t)

Fig. 3.1. Time-delay estimation problem [8].
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When the noise is assumed to be non-zero, then it is classified as passive time-delay estimation.
In this case, the signal is assumed to travel different distances for the two sensors. The signal

received at two spatially separated sensors is assumed as 71(¢) and 72(7) .

3.2 Time-delay estimation techniques

3.2.1 Cross-Correlation Method [9]: As the name suggests, the cross-correlation (CC) between
the two received signals is calculated and considering the time argument which indicates the

maximum peak of the output signal is estimated time-delay.

CC(d) = E[r1()72(t - D)] (3.1)
Delay(d) =argmax[CC(d)] (3.2)
rl(t) ‘m
d
\f CROSS > PEAK ,
N(1) CORRELATOR DETECTOR

r2(t) $
0

Fig. 3.2. Cross-correlation method [9].

3.2.2 Generalized cross-correlation [9]: This algorithm is modeled by Knapp and Carter in
1976. In this method, the input signal is whitened by using some weighting function. It avoids
the correlation peak spreading. The weighting factor can have different values according to the
algorithm used such as Smoothed-coherence-transform (SCOT), Phase-transform (PHAT),
Eckart filter etc.

GCC(d)=[" 8(f)Cpa(f)e*  df (3.3)
Delay(d) =argmax[GCC(d)] (3.4)
where, Cy1,2(f) is cross-spectrum of signal.
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>
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N() FUNCTION DETECTOR

r2(t) /%
AN

Weighting function

A 4

Fig. 3.3. Generalized cross-correlation method [9].

ROTH weighting function [10],

1
5(f) = CialD) (3.5)

where, Cy1,2(f) is cross-spectrum of signal.
SCOT weighting function [10],

1
6(f) = 3.6
d VCrir1(F): Crara (f) G0

where, Cr1,1(f) and C,5,,(f) is autocorrelation of #1(¢) and r2(¢) signal.

PHAT weighting function [11],
1

SN =1~ 3.7)

where, C,1,,(f) is cross-spectrum of signal.

Cps-m weighting function [9],

1
5(f) =+ (3.8)
\/Crlrl (f) Cr2r2 (f)

15



where, Cr1,1(f) and C,5,,(f) is autocorrelation of #1(¢) and r2(¢) signal.

Hannon and Thomson weighting function [12],

(I Crir2 () D?
[l 1- (Crlrz(f) I]z

8(f) = (3.9)

where, Cr1,1(f) and Cy,,,(f) is autocorrelation of 71(z) and r2(¢) signal and C,1,,(f) is cross-

spectrum.

Eckart weighting function [13],

| Cr1r2 (f) |
[l Crlrl(f) - Crlrz (f) |][| Cr2r2 (f) - Crlrz(f) |]

5(f) = (3.10)

where, Cr1,1(f) and Cy,,»(f) is autocorrelation of 71(z) and r2(¢) signal and C,1,,(f) is cross-

spectrum.

The basic difference between the cross-correlation and generalized cross-correlation is that the
calculation part is transformed to the frequency domain in case of generalized cross-correlation

that enhances the accuracy and reliability of the system and reduces the computational cost.

3.2.3 Maximume-likelihood method [12]: It uses weighting function proposed by Hannon. Its
popularity is due to relative simplicity and optimal solution in appropriate conditions. The idea

behind this algorithm is to attenuate the signal where the SNR is lowest.

L@ = [ 8(7). Corae ™ af (3.11)
_ (l Vrlrz(f) DZ
YD =D T L = e (D TP (312)
Delay(d) = argmax[ML(d)] (3.13)
Crlrz 2
(U Vrir2(f) D? = ( 2L) (3.14)

Crlrl (f) Cr2r2 (f)

where, Cr1,1(f) and C,,,,(f) is autocorrelation of »1(¢) and r2(¢) signal and C,,,(f) is cross-
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spectrum.
The weight functions are adjusted in accordance with variance, where the variance is least with

respect to cross-spectral phase estimation.

3.2.4 Average-square-difference-function method (ASDF): The delay is calculated by
estimating the minimum MSE position and is assumed as the estimated delay. ASDF performs
equally well when there is no noise, but in the case of correlation, there are some estimation
errors. This algorithm doesn’t need any multiplication, so circuit complexity reduces to a great

extent. There is no need of information regarding input spectra.
N

1
Cd)== ) [ri(n) —r2(n — d)]? (3.15)
Delay(d) = argmin[C(d)] (3.16)

where, C(d) is correlation.

3.2.5 Quadrature-delay-estimator (QDE): This method estimates the delay by taking into
consideration all the phase and quadrature phase of the signal. This estimator is mainly employed

in RADAR, SONAR, and digital communication.

3.2.6 Adaptive filter algorithm: This algorithm is based on an adaptive system, where the input
signal is compared with some desired signal. The difference between the output from the filter
and desired signal is known as an error signal. This error signal is then applied to adaptive
algorithm, which may be LMS, RLS etc. Accordingly, the weights of the filter are varied at each
iteration in order to reach the optimal solution. When the error signal moves to steady state, the
weight factor is the delay estimated. The main advantage of using this method is that no prior
knowledge of input signal spectra is required. Initially, the weight function is equated zero so
error signal is maximum, but the error reduces with each iteration until the steady state is

reached.
3.3 Adaptive filters

3.3.1 Introduction: An adaptive filter is a time-variant filter that can operate in unknown and

time-varying environment. It is self-modifying digital filter that can tackle the problem of
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unknown conditions while designing the filter. There is no need of signal statistics in past, so
lesser computational complexity. The parameters are evaluated in an iterative manner by
modeling the relation between two signals. As the signal statistics are not available to the
designer, the reference signal is selected to compare with error signal. The main features of
adaptive filters are

1. Filter structure: It defines the relation between the signals, type and number of
coefficients that are altered to synchronize the output with desired signal. Generally, FIR
transversal filter or tapped delay line is used because of simplicity and efficacy.

2. Adaptive algorithm: It formulates problem mathematically tractable and the steps
involved in the computation of the coefficient according to some optimization technique
and modifies the coefficients in an iterative manner.

3. Criteria for performance: This choice is made by designer by taking in account the
complexity, circuitry, system response, speed etc. Different criteria that can be used are:
MSE, regularized MSE, Li norm criteria, least mean fourth etc. Minimum MSE is simple

and elegant as it uses second-order statistics.

3.3.2 Adaptive filtering problem: In a single input filtering problem, the adaptive circuitry can
be implemented using linear combiner and delay elements. The input signal is vector for n

samples and is represented by [14]
Rin = [Tin(O) Tin(l) Tin(Z) Tin(n)] (317)

The transversal filter is used for the sake of ease. The number of delay elements in a circuit
depends on the order of tapped filter. It directly influences the accuracy of the system. Bias

weights are adaptable that vary according to the adaptive algorithm used. Thus, the output is

y(n) = Z w(D).1in(n =) (3.18)
1=0
where, W = [w(0) w(1) w(2) ........ w(].
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r1(n) > z

A 4

w(1) w(l)

Adaptive Algorithm e(n)

Fig. 3.4. Adaptive filter with n tapped delay [14].

The adaptive filters are closed loop systems, so there must be some other signal with which the
output from the filter is compared and the error signal is generated in order to update the filter
coefficients at each iteration. This signal is desired or training signal. The error signal produced

is given by

e(n) =dm) —yn) (3.19)
where, y(n) is given by

y(n) = WT.R,, (3.20)
Thus, the error signal can be written as

e(n) =d(n) — WT.R,, (3.21)
Cost function used is minimum MSE. So, squaring both sides

e?(n) = (d(n) — WT.R;,)? (3.22)
e?(n) = d*(n) — 2d(m)R,,.W + WTR,,RT W (3.23)

Taking expectation on both sides

E[e*(n)] = E[d*(n)] — 2E[d(n)RT,].W + WTE[R,,R}, ]W (3.24)
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rin(o)rin(o) rin(o)rin(l) 7"in(o)rin(z) rin(o)rin(l)]

T _ [rin(l)rin(o) rin(l)rin(l) rin(l)rin(z) rin(l)rin(l)
ERmRnI =) 3@ 1inOrin(D) T o s 1in()rin(D) (3.25)
rin (D7) T D7) T D7 (@) e TenDin(D)

where, E[R;, R’ ] is auto-correlation of input signal.

The above-mentioned matrix is input correlation matrix where the principle diagonal elements
are the mean square and other elements are cross-correlation among the input signal R;,, and is

represented by R [14].
E[dm)R},] = E[d(n)rin(0) d()rin(1) d@)1n(2) oo d)rin (D] (3.26)
where, E[d(n)R?,] is cross-correlation of input signal and desired signal.

This matrix represents the cross-correlation between input and desired signal and is denoted by

P. Thus the Eq. (3.24) can be represented as
E[e?(n)] = E[d*(n)] — 2PT.W + WTRW (3.27)

From Eq. (3.27), it can be concluded that the MSE is a quadratic function of weight. When the
MSE is drawn, it seems like a hyper paraboloid with the y-axis representing the MSE and x-axis
is weight values. The bowl-shaped curve is the performance surface with concave upward
indicating that all values of MSE are positive. The optimal weight is a point, where the value of
MSE is minimum. As the MSE equation is a quadratic function, there is only one optimal
solution with no local minima. The performance surface for stationary signals and invariant
statistical properties is rigid in the coordinate system, thus the process starts from some point on
the performance surface and proceeds to downhill to the minimum neighborhood and stay there.
On the other hand, if signal properties are varying and non-stationary, then the performance
surface is fuzzy in its coordinate system, so the point is not only moving to downhill minimum

neighborhood and track the minimum as it moves.

The performance surface for MSE is quadratic function of weights. But in practical scenario,
this performance surface is unknown. Systematic procedure and algorithm is computed by
averaging the error signal over a period of time. There are two main algorithms used for finding
the performance surface using the gradient estimate: Newton method and Steepest descent

method. In Newton’s method of gradient search, the components are varied at each iteration
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cycle. These changes are always pointing to the minimum value of performance surface. While
in the case of Steepest descent, the changes are according to negative gradient of performance

surface. The complexity of Steepest descent is less as compared to Newton’s method [1].

wn+1)=wh)+ ,u(—V(n)) (3.28)
de

V(in) = F 2x A(w(n) — Wopt) (3.29)

where, w,,,; is optimal weight coefficient.

Substituting Eq. (3.29) in Eq. (3.28)

whn+1) =wh) +u (—2 * A(w(n) - wopt)(n)) (3.30)

wn + 1) = (1 — 2u)w(n) + 2ulwgy (3.31)

Thus,

w(1) = (1 — 2u)w(0) + ZuAwey, (3.32)

w(2) = (1 — 2u2)? w(0) + 2uAwepe [(1 — 2uA) + 1] (3.33)
net

w(n) = (1= 2u2)" w(0) + 2uAW,p 2(1 — 240" (3.34)
=

w(n) = wope + (1 = 2u)™(W(0) — Wop:) (3.35)

Also,

e(n) = emin + A(W(N) = Wope)” (3.36)

where, e,,,;, 1s the minimum error.

Substituting this,

2
e(n) = emin + A(W(0) — wope) (1 — 2u2)?" (3.37)
So, it is evident to say that the error value moves from zero value to minimum. Learning curve is

used to indicate the minimization of MSE value at each iteration.
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3.3.3 Gradient search by Newton’s method [1]: In this method, the roots of a polynomial are
calculated i.e., finding the zeros of the function. So, the value is optimized in one step. It uses

Newton-Raphson method to find the root given by [1].

fw(0))

w(1) =w(0) - (3.38)
where, f'w(0) is first derivative.

f(w(0)) = % (3.39)
flwm) = f(WME?(lB - a((ivl(:l 1_)1)) (3.40)
and

w(n) = wn—1) fwr-D))wh-1) -wh-2)) (3.41)

fwn—1) = f(w(n-2)

In this method, the convergence depends on the initial values considered i.e., w(0). Initially

f'w(0) is assumed to be zero to find the minima.

Fig. 3.5 addressed that the convergence rate of Newton method is fast. The calculation for R~ is

very complex and the system may became unstable if the initial value is not chosen wisely.
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Fig. 3.5. Convergence rate with Newton method [15].

So, Steepest descent method is used in practical systems. As in most cases, the conditions are
time-varying; so if at some instant, the value of noise is increased to threshold level, then the

system parameters are completely changed and the direction to minima is turned around.

3.3.4 Gradient search by Steepest descent method [1]: As discussed earlier, this method follows
negative gradient to reach the optimal weight. So the noise doesn’t affect much to the system. It
is a recursive process, in which the weights are varied step by step by computation of feedback

system [1].

Jw®) <J(w(n - 1)) (3.42)

where, ] is cost function.
wn) =wn —1) + u(-V/(w)) (3.43)

w(n) = w(n — 1) = 2uR (Wope — wi(n — 1)) (3.44)
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w(n) = (I —2uR)w(n — 1) + 2uRwg,; (3.45)
w(n) = Wepe + (1 = 2u)™(W(0) — Wop;) (3.46)
The stability condition is satisfied when

limy (1 —2u2)?> =0 (3.47)

0<p<1/Amay (3.48)

where, A is the eigen value of R and A ,,,, is the largest value.

Therefore, only correlation matrix on input signal and cross-correlation of input and desired

signal is computed to adapt the system parameters.

Fig. 3.6 indicates the convergence procedure and learning curve of Steepest descent method.

-

T

Fig. 3.6. Convergence rate with Steepest descent method [15].

o Excess MSE: Noise adversely affects the system response. So, in the presence of noise,
the system is unable to reach the minimum point in MSE. There is always some
difference between the exact value and steady state solution. Also, the solution oscillates

around the minimum point. This difference is known as excess MSE.
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Thus, excess MSE is E[e(n) — eminl-

Excess mean square error for Newton’s method is [1],

1
(L + 1) emin/lav (Z) av

8 NPz (3.49)
while for Steepest descent method is [1],
L+ 1)%e,; 1
(L + 1)%emin ( ) (3.50)
8P Tuse/ 4y

Where, L is number of weights, e,,,;, is minimum MSE, P is normalized value of error by
estimation, N is number of observations, T is time constant of weight adjustment, A is

eigen value, Tysp 1s time constant for adaptation.

Misadjustment. It is defined as the ratio of excess MSE and minimum MSE. It is a

normalized and dimensionless measure of the cost of adaptability [14].

excess MSE
M=— (3.51)

€min

Misadjustment (M) for Newton’s method [1] is

(L + DAapav

.52
8 NPt (352)
while for Steepest descent method [1] is
(L+1)>2 ( 1 )
3.53
8P  \Tynse/ (3.53)

From the above-said expressions, we can conclude that M decreases as perturbation value
increases. Moreover, if the eigen values of the autocorrelation matrix of input signal are
equal then the misadjustment with both algorithm is same and performance surface

indicates circular symmetry.
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3.4 LMS algorithm

LMS also depends on performance surface and use linear combiner estimation of the gradient. It

is comparatively easy to use.

To find the optimal value of weight vector, MSE is differentiated with respect to weight function

and is denoted by V(e).

y=Je_[9e Qe de = Oe (3.54)
w ow, ow; Jw, ow,

v=220 _opw —2p (3.55)

w

Equating Eq. (3.55) with zero, thus

0= e = 2RW — 2P (3.56)
w

2RW = 2P (3.57)

Hence, W,y = R™'P

Now substituting this optimal value of weight in above equation,

E[e*(n)] = E[d*(n)] — 2PT Wt + W,e RW,p, (3.58)

E[e?(n)] = E[d*(n)] —2PT.R™*P + [R"IP]TRR1P (3.59)

Here, RR™1 is identity matrix, also [R™1P]T = PTRT

Thus,

E[e2(n)] = E[d?(n)] — 2PT.R™1P + PTR™1p (3.60)

E[e?(n)] = E[d*(n)] — PT.R™1P (3.61)

E[e*(n)] = E[d*(n)] — P" W,y (3.62)
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The excess MSE in LMS is given by [14],
Excess MSE = uepintr[R] (3.63)

where, tr[R] is trace of input signal.

while, misadjustment is given by [14],

Misadjustment = utr[R] (3.64)

3.5 Differences between traditional digital filters and adaptive filters

An adaptive filter differs from a traditional digital filter in the following ways

e A traditional digital filter has only one input signal x(n) and one output signal y(n). An
adaptive filter requires an additional input signal d(n) and returns an additional output
signal e(n).

o The filter coefficients of a traditional digital filter do not change over time. The coefficients
of an adaptive filter change over time. Therefore, adaptive filters have a self-learning ability

that traditional digital filters do not have.

3.6 Advantages of adaptive filters

Compared to traditional digital filters, adaptive filters have the following advantages

e Adaptive filters can complete some signal processing tasks that traditional digital filters
cannot. For example, you can use adaptive filters to remove noise whose power spectrum

changes over time.

o Adaptive filters can complete real-time modeling tasks.
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Chapter 4

ADAPTIVE DELAY AND AMPLITUDE ESTIMATION USING LMS
ALGORITHM

This chapter includes the system identification for amplitude and delay estimation with adaptive

algorithm and various VSS algorithms that can enhance the system estimation accuracy.

Parameter estimation of the signal received at two spatially separated sensors plays an important
role in acoustics, direction finding, speed sensing, positioning etc. In [3], Chakraborty has
proposed the algorithm in which the signal sampling rate is four times of signal received at two
sensors. The parameters are estimated by updating the coefficients of the filter at iterations.

Thus, it is system identification problem where the input is noisy.
x1(8) =11 (t) +11(0) (4.1)
x(t) = Ary (t — D) +11(2) (4.2)

where, 11 (t) = cos(2t + ¢) received signal at sensor, 1, (t) is zero mean AWGN independent
of random phase and received signal, A is the gain factor, 7;(t — D) is delayed version of
received signal.

The signal is sampled at four times of frequency of received signal.

x,(n) = cos(Qn + @) +n;(n) (4.3)

x,(n) = A cos(2sn + ¢p)cos(2;D) + Asin(2sn + ¢p)sin(2;D) (4.4)
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1n2(t)

) A

> H(z) = Acos(2D) + Asin(2D)z™" 4%9
Unknown system x2(n)
n1(t)
b
* x1(n) , «
: # ,/ Z_r /|
r(n) a(n) cos(QD(n))
a(pfsin(QD(n)) é;
R —— e(n)
L Modified LMS Algorithm

(To update D(n), a(n))

Fig. 4.1. System identification model for estimation of amplitude and delay [3].

The filter coefficients used are [cos(2,D), sin(2,D)]T. Two different step-sizes are used to

0
update the parameter coefficients namely ., u, given by u = llz)l /“2].

The generalized update equation for LMS is
Wmn+1) =wn) + 2uex (4.5)

Thus, the corresponding LMS update can be computed as [3],

O(n+1) =60(n) —2uVee(n)e(n) (4.6)
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()
Vo= IGD (")‘ (4.7)

a(.)
da(n)
de(n)
_ oD (n)
O(n+1) =06(n) —2u {a e(n )‘ e(n) (4.8)
da(n)
[ae(n)
dD(n)
9(n+1)—9(n)+2[0 ﬂzl|a()| (4.9)
aa(n)
6(n+1) =6(n)
lﬂ Ol [-2sa(m)sin(2:D(n))  a(n)2scos(2:D(n))] [xlx(il(i)l)]
+2 |1 e(n) (4.10)
0 # [cos (2;D(n)) sin(2;D(n))] [xlx(il(n)

6(n+1) =06(n)

)] e(n) (4.11)

42 u, 0 [—Qsa(n)sin(QSD(n))x(n) + a(n)fscos (R,D(n))x1(n — 1
cos (2;D(n))x(n) + sin(R;D(n))x1(n — 1)

O(n+1) =6(n)

5 l—!)sa(n)sin 02D (M) x1(M)u, + a(n)2scos(2:D(M))x1(n — Du

cos (2sD(n))x1(n)u, + sin(2;D(n))x1(n — D, 1] e(n) (412)

0,(n+1)
= 60,(n) + (—2(2sa(M)sin(2:D())x1(n) + a(n)cos(2D(M)x1(n — Du,)) (4.13)

0a(n+ 1) = 6,(n) + 2e(n)(cos(2:D(M)x1(Mu, + sin(QD(n)x1(n — Du,) (4.14)

Eq. (4.6) to Eq. (4.14) are derived with fixed step-size.
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There are several criteria to make the step-size variable like an instantaneous error, squared
prediction error, change of sign at adjacent samples, the correlation between successive samples

etc.

As Kwong [4] proposed VSS algorithm that can reduce the number of iterations for the same
misadjustment. The motivation behind same misadjustment is that when the difference between
the optimal solution and estimated value is larger, then the step-size is increased in order to
speed up the system to achieve the result but as this difference reduces to a considerable level
then step-size reduces to reduce the fluctuation around the mean value. The step-size in [4] is

given by
Hyyss (M+1) = oo flyeys (1) + 7/KVSS812<VSS (n) (4.15)

where, a,,. 1s selected in between 0 to 1 in order to achieve the exponential forgetting.
Typically, o, =0.97 works well. y,, 1s used in conjunction with @, to achieve minimum
permissible misadjustment. Typically its value is small in range of 10~*. The values of ¢,

and y,, are selected using formula [4].

3y Epni 1
0 < KVSS ml;l < 3 tr(R) (4.16)

1= oy

'umax if 'uKVSS(n > 'umax
Hygyss(m+1) = HMinin if tyyss(M) < i (4.17)
Hryss(M+ 1) otherwise
For bounded MSE, the . is given by [4],
2
(4.18)

<
Hmax = 341 (R)

Hyyss () is restricted in between u . and u - to guarantee the stability. Also, the non-
stationarity does not affect much in performance in case of VSS as compared to FSS. The VSS is
sensitive to &,;,, the misadjustment is directly influenced by ¢,,;, while in case of FSS,

misadjustment is independent of it. y,,., is decreased to reduce misadjustment.
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Aboulnasr [5] proposed new VSS algorithm in which step-size is made adaptable according to
the autocorrelation of adjacent samples of error. This eliminated the problem of system

sensitivity to high noise.

e pss (M) =d ;y5s(n) = X (MW s (n) (4.19)
Pavss (M) = BayssPavss(M=D) + (1= B y55)€ 455 ()€ 455 (n = 1) (4.20)
Hpss(M+1) = oot yyes (n) + 7AVSSpf1VSS (n) (4.21)

The error autocorrelation is efficient parameter to check the quality of the estimation because it

rejects the noise effects in the adaptation procedure. Initially, the value of y ¢ p’, (1) is large,
so the step-size is very large but as the iteration number is increased, the value of ¢ P’y (1)
keeps on decreasing resulting in the minimum misadjustment. ,,. is selected on the basis of
environment. If stationary environment is assumed then it is good practice to use [, near to 1
as this decreases the misadjustment. While for non-stationary environment, £, 1s chosen to be

close to 0 to cope with time varying conditions and increase tracking ability. Thus, it can be

deduced that there is tradeoff between misadjustment and tracking speed for choosing £, .

MAVSS can be considered as the combination of [4] and [5]. Thus in tracking it is as good as
VSS and in anti-noise ability as good as AVSS. The updating equations in MAVSS [6] are:

Bruyss(n+1) = Busaan i Briass(M < Byryssian (4.22)
ThatrssPrarss (M) + ﬂmVsseimss (n) otherwise
Praarss (D) == B M) Pasarss (D) + Byarss (€145 (M€ 55 (1) (4.23)
Hruvssvux i b ass (M) > Loy
s (1) = Hhuyssvv i Ehyarss (M) < Hygayssay (4.24)
Ayarsstharss (M + Vi VS.S'pj/MVSS (n) otherwise

where, @5 >0, Myuvss <L Vivss >0 and 2,6 >0.
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Bass 18 controlling parameter for the sensitivity of pyayss(n + 1). Thus, the correlation is

controlled by error signal power. So, when the error signal power is increased then the

correlation is enlarged.

Sigmoid VSS algorithm [7] formulates the non-linear relationship between the step-size and
weight coefficients. This decreases the steady state error along with the reduction of interference
at the output. But the simple sigmoid function oscillates around the steady state so it is not as
efficient as theory result presents, the modified sigmoid is calculated by varying the y factor to

stabilize the learning curve at steady state.

Hygsyss (n+1) =
1 1 | (4.25)

‘1 +eXP(—Qypyss (Canarss (M) = Vapayss ) 1+ XD+ (€414155 (1) + Y aapss ))‘

ﬂ MSVSS

The shape of the function is controlled by ,,,,cc andy,,,,s . The steady state error is limited by

the value of y,,, . -
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Chapter 5

ADAPTIVE DELAY AND AMPLITUDE ESTIMATION USING VSS-LMS
ALGORITHMS

1t includes the core of this research work. The proposed methodology for system identification paradigm

of delay and amplitude estimation using VSS algorithms is discussed.

Time-delay and amplitude estimation is an important field of research in the domain of
wireless sensor networks. The sensors are located separately at a particular distance from each
other; therefore, the same signal corrupted by noise is received at two or more different sensors
with different time-delays at the same carrier frequency [8]. The cross-correlation function based
approach can be used to handle stationary time-delay [9], but it suffers due to the resolution of
time-delay estimate at certain sampling rates. Some other methods include discrete-Fourier-

transform [16], quadrature delay [17] and correlations [18].

The problem arises, when this time-delay appears to be time-variant due to the motion of
transmitter and/or receiver sensor [19]. The adaptive filtering approach is a remedial solution to
estimate the time-delay between the received copies of sinusoidal signal of known frequency
[20]. However, the case of simultaneous estimation of “time-delay and amplitude” of sinusoidal
signals is considered in [8]. An LMS-type adaptive algorithm is proposed by Chakraborty in [3]
to estimate and track both the time-delay and the relative amplitude of the delayed sinusoidal

signal by identifying the two-tap filter coefficients, which is based on the choice of the particular

sampling rate. Here, two separate FSS coefficients x—>{1,s}are required in the LMS-type

adaptive algorithm for the estimation of time-delay and amplitude variables. But, FSS-LMS
algorithms suffer due to lag-misadjustment in the time-varying system identification problem,

and the gradient-misadjustment is inevitable due to the finite value of FSS [21].

However, a number of variable-step-size criteria have been proposed so far, which can be

incorporated into LMS algorithm framework under the non-stationary environment [22]. Kwong
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and Johnston have proposed a VSS-LMS (KVSS-LMS) adaptive algorithm in [4] for the tracking
of the time-varying first-order autoregressive channel, in which the step-size is adjusted by the
square of prediction error. Subsequently, Aboulnasr and Mayyas have presented a variable-step-
size LMS (AVSS-LMS) adaptive algorithm in [5], in which the step-size of the algorithm is
adjusted according to the square of time-averaged estimate of the autocorrelation of
present/instantaneous estimation error e(n) and the past estimation error e(n — 1). This scheme
is modified to give MAVSS-LMS algorithm in [6] to expedite the convergence rate. In another
approach [7], the time-varying SVSS-LMS is one of the tractable solutions to expedite the
convergence rate and to fine tune the tracking process in case of LMS algorithm. This technique

is further improved to develop MSVSS-LMS algorithm in [7].

In this research work, we emphasis on the performance evaluation of FSS-LMS [14], KVSS-
LMS [4], AVSS-LMS [5], MAVSS-LMS [6] and SVSS-LMS [7], MSVSS-LMS [7] algorithms
in the estimation and tracking of both the time-delay and the relative amplitude of two delayed

versions of sinusoidal signal by identifying the two-tap filter coefficients.

wi(n)

H,(z)

hJ

\&

w(n) x(n)

.
s(n) [ @ | @ x(n) |z

e e ey

Wad-LIE Algornithm
{To Update Din), Alny)

¥
F Y

Fig. 5.1. System identification paradigm for delay and amplitude estimation using VSS-LMS algorithms.
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Let the signals received at two sensors located at the different positions be

X lt]1=s,[t]+w 1] (5.1)
X, [1]= As, [t~ D]+ ,[1] (5.2)

where, s _[f] = cos(Qf + @) is a sinusoidal signal with known angular frequency Q2 and uniformly
distributed random phase ¢ [20] in the range [0,27). Here, D is the time-delay variable, 4 is
the amplitude variable in Eq. (5.1) and Eq. (5.2); v,andv, are additive white Gaussian noise
components with zero-means and variances o, and o, respectively. The sampling interval is
considered to be 7, which must satisfy relationship QT =7/2k with k — {1,2,3,....} . The
corresponding angular sampling frequency is € =4k€2. After sampling, Eq. (5.1) and Eq. (5.2)
can be written as

x,[nTy]=s,[nTy 1+ v [nTy] (5.3)

xa[nT,1= As,[nT, D1+ v,[nT,] (54)
Now, Eq. (5.3) and Eq. (5.4) can be rewritten as

3, () = 5(n) +v,(n) (5.5)

x,(n) = Acos(QD)s(n) + Asin(QD)s(n —k)+v,(n) (5.6)

If we consider o =0, =0, then system response based on Eq. (5.5) is H,(z)=1, and the

system response based on Eq. (5.6) is
H,(z) = Acos(QD) + Asin(QD)z* (5.7)

As time-delay D and amplitude 4 may be time-varying in nature, therefore, Eq. (5.6) can be

modified as
x,(n) =6, (n)s(n)+6,(n)s(n—k)+v,(n) (5.8)

where, 6,(n) = A(n) cos(QQD(n)) , 6, (n) = A(n)sm(QD(n))
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The corresponding two tap-coefficients of adaptive filter with weights are w,(n)andw, (n),

where
wy(n) = A(n) cos(QD(n)), w, (n) = A(n)sin(2D(n))

Now, time-delay can be estimated using following equation

D(n)= éarctan {W"—(n)} (5.9

w, (1)

For adaptive filtering application in aforementioned framework for the time-delay and amplitude

estimation, we consider

W(n) =[cos(QD(n)), sin(QD(n))]" (5.10)
W (n) = A(n)W (n) (5.11)
W (n) = [-sin(QD(n)), cos(QD(n))]" (5.12)

where, ()T is the matrix transposition operator. Using, the concepts of system identification [3],

[14], [20] as shown in Fig. 5.1, the error term is defined as

e(n) = x,(n)—W" (n) X (n) (5.13)
where,

X(m)=[x(n), x(n=k)]" and 6(n)=[D(n), Am)]'

Based on the theory and concepts of VSS-LMS algorithm [3]-[7],

O(n+1)=0(n)— fi(n)V ,€* (n) (5.14)

T
s

Where, V,(.) = 8()/ 8D(n), 8(.)/0A(n) |

L Qg Ky, S = () K () and i) = {

8D(n) 8A(n)

4 (n) 0 }
0w

Further simplification of Eq. (5.14) (as in [3] ) leads to
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O(n+1) = 0(n) +2i(n)QP(n) X (n)e(n) (5.15)

where, P(n) = {A(ZI_/)Z;)(”)} and Q = {Sg (1)}

As per the bounds derived in [3], the VSS must be bounded as 0<,ul(n)<% and
QA4

0 < u,(n) <2. There is a tradeoff between convergence rate and misadjustment in case of FSS-

LMS algorithm. Therefore, we use VSS-LMS algorithms to have high convergence rate in the
initial mode of adaptation operation by using the high value of step-size and to have lower step-
size in the tracking mode to reduce misadjustment. Here, we focus on KVSS-LMS, AVSS-LMS,
MAVSS-LMS and SVSS-LMS, MSVSS-LMS to adjust the weights of adaptive filter in order to
estimate time-delay and amplitude for the sinusoidal signal. In KVSS-LMS algorithm, the step-

size is updated at each iteration as

Hyyssmax If tyeyss (M) > Lyysovax
Hyeyss(n+1)= Hyyssvn if tyss () < Lyysanny (5.16)
Qgysstyss (M +7, KVSSezKVSS (n) otherwise

where, &, <l and y,, <1 are adjusted to have minimum possible misadjustment in the

tracking mode. However in AVSS-LMS algorithm, the step-size of algorithm is tuned according

to the square of the time-averaged estimate of the autocorrelation of e(n) and e(n—1). It follows

that
Gayss(M+1D) = By ayss (1) + (1= B s )e s (n+1)e s (1) (5.17)
Havssvux If 1yyss (M) > Lyysarine
Hyss(n+1)= Hyyssuv If 156 (M) < Myysaray (5.18)
A yysstbyyss(M)+7, AVSS‘(’IEIVSS(n) otherwise

For non-stationary optimal coefficients, the time-averaging window must be small enough to

permit for forgetting the deep past and adapting to the current statistics by using S, <1. By

exploiting the features of KVSS-LMS and AVSS-LMS algorithms, MAVSS-LMS is proposed in
[6], in which VSS is updated as
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Buyss(n+1)= By i Braarss (M) < Brpayssvan (5.19)
ThaavssPrayss (1) +Mygg€f44yss(n) otherwise
Draarss (M+HD) = (1= Byass M) asarss (D) + Bypayss 1€y apss (M€ g5 (1—1) (5.20)
Hhuvssvux i by s (M) > Ky gy
Hypyss(n+1) = Hapyssvv if Fogayss (M) < My gayssnay (5.21)
A yssthurss D+ Vs Grss (1) otherwise

Here, B, is the time-average of the squared error signal, which is used to control the

sensitivity ofq,,,ss to the instantaneous error correlation. In another approach, the sigmoid

variable-step-size algorithm formulates a nonlinear relationship between the step-size and filter
weight coefficients. This reduces the steady-state error along with the reduction of interference at

the output [7]. In this LMS algorithm, the value of VSS is controlled as

-1
Hgyss(n+1) = By ({1 +exp(—Ogygs ‘QSVSS (”)D} - 7SVSS] (5.22)

To overcome the shortcoming of SVSS-LMS algorithm, MSVSS-LMS algorithm is presented in
[7] to work in the stability region of operation to achieve minimum MSE in the convergence as

well as tracking modes, such that

Hrsyss (M+1) = Bysyss X|C_(0) =T () (5.23)
I'_(n)= {1 +exp(—Aysyss (€ursyss (1) = Vs ))}_1 (5.24)
I, (n)= {1 +exp(+ysyss (Cursyss (M) + Vissyss ))}_l (5.25)

In Eq. (5.22) and Eq. (5.23), By and By control the value ranges of the functions.

Whereas Qg5 , Q5755 > Vspss and 7,655 control the shape of the functions. In all aforementioned

algorithms, the values of constant parameters are kept between 0 and 1. The variable-step-size is
incorporated in Eq. (5.15) to update the LMS algorithm at each iteration according to KVSS,
AVSS, MAVSS, SVSS and MSVSS to estimate time-delay and amplitude.
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Chapter 6
SIMULATION RESULTS AND DISCUSSION

This chapter addresses the performance of different algorithm discussed in chapter 5 with the
help of simulation results in MATLAB. MSE of delay and amplitude along with tracking ability of

system is taken into consideration.

In adaptive signal processing, the solution for some particular problem is evaluated in
performance surface determined by the cost function like MSE, regularized MSE, least mean
fourth etc. Accordingly, the linear approximation of cost function is calculated by Steepest

descent method while for quadratic approximation, Newton method is used.
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Fig. 6.1. Mean amplitude estimate vs. iteration number using KVSS-LMS, AVSS-LMS, and MAVSS-
LMS.
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Moreover, adaptive filters have the capability to track signals in the time-varying environment

but for the sake of ease, stationary SOE is assumed.

Fig. 6.1 depicts the trajectories of KVSS-LMS, AVSS-LMS, MAVSS-LMS algorithm for
mean amplitude estimates in which amplitude A is held constant equal to 0.8. Step-size (u)
assumed 1S fy oy = Hyayssuy = 0-0165 and pyycqpay = tyayssuay = 0-1 for KVSS-
LMS and MAVSS-LMS, while for AVSS-LMS step-size u oo 18 0.1. Qppgq = Q55 = Qypapss
and ¥ gpse = Varss = Vaavss 1S equated as 0.97 and 0.00048 respectively. ;¢ is 0.99 in AVSS-
LMS. yvss and Ay e s 0.97 and 0.0005 respectively in MAVSS-LMS. The mean

amplitude estimate at steady state is 0.6832 and number of iterations required are 205, 150, 100
for KVSS-LMS, AVSS-LMS and MAVSS-LMS respectively.
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Fig. 6.2. Mean square amplitude estimation error vs. iteration number using KVSS-LMS, AVSS-LMS,
and MAVSS-LMS.
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Fig. 6.2 indicates the mean square amplitude estimation error for these algorithms. The mean
square amplitude estimate at steady state is 0.01366 and number of iterations required are 290,

230, 150 for KVSS-LMS, AVSS-LMS and MAVSS-LMS respectively.
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Fig. 6.3. Mean amplitude estimate vs. iteration number using FSS-LMS, SVSS-LMS, and MSVSS-LMS.

Fig. 6.3 illustrates the simulation results for FSS-LMS, SVSS-LMS and MSVSS-LMS algorithm
of mean amplitude estimates in which amplitude A is held constant equal to 0.8. Step-size
assumed 1S Lpgg = Moyss = Hysyss = 0.0165  for each algorithm.  Bg o6 = Bigrss =0.2  and

Vsvss = Vusyss = 0.4 for SVSS-LMS and MSVSS-LMS. The mean amplitude estimate at steady

state is 0.6733 and number of iterations required are 450, 360 and 200 for FSS-LMS, SVSS-
LMS and MSVSS-LMS respectively.
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Fig. 6.4. Mean square amplitude estimation error vs. iteration number using FSS-LMS, SVSS-LMS, and
MSVSS-LMS.

In Fig. 6.4, the mean square amplitude estimation error at steady state is 0.01950 approx. and
number of iterations required is 450 for FSS-LMS, 365 for SVSS-LMS and 220 for MSVSS-
LMS. Fig. 6.5 shows the trajectories of KVSS-LMS, AVSS-LMS, MAVSS-LMS algorithm for

mean delay estimates in which time-delay is held constant equal to 0.2. Step-size assumed is

HErvssmin = Hyavssiy = 0:0165 and  up oy = Upavssyax = 0-1 for KVSS-LMS  and

MAVSS-LMS, while for AVSS-LMS step-size p,, oo 18 0.1. Qppee = 56 = Qypqpss and

Vivss = Vavss = Vaurss 18 equated as 0.97 and 0.00048 respectively. S, is 0.99 in AVSS-LMS.

Myarss and Ay 6 18 0.97 and 0.0005 respectively in MAVSS-LMS.
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Fig. 6.5. Mean delay estimate vs. iteration number using KVSS-LMS, AVSS-LMS, and MAVSS-LMS.

The mean delay estimate at steady state is 0.1960 approx. and number of iterations required is

248, 181, 135 for KVSS-LMS, AVSS-LMS and MAVSS-LMS respectively.

Fig. 6.6 indicates the mean square delay estimation error for these algorithms. The mean

square delay estimation error at steady state is 0.000015 and number of iterations required is 360,

340, 280 for KVSS-LMS, AVSS-LMS and MAVSS-LMS respectively.
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Fig. 6.6. Mean square delay estimation error vs. iteration number using KVSS-LMS, AVSS-LMS, and
MAVSS-LMS.
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Fig. 6.7. Mean delay estimate vs. iteration number using FSS-LMS, SVSS-LMS, and MSVSS-LMS.

Fig. 6.7 and Fig. 6.8 projects the trajectories of FSS-LMS, SVSS-LMS and MSVSS-LMS

algorithm for mean delay estimates in which delay D is held constant equal to 0.2. Step-size

assumed 1S fpgs = Ugyss = Mysyss = 0.0165 for different algorithm. LB oo = By515s =0.2 and

Vsvss = Vusvss = 0.4 for SVSS-LMS and MSVSS-LMS respectively. The mean amplitude
estimate in Fig. 6.7 at steady state is 0.194 and number of iterations required are 305, 276 and

165 for FSS-LMS, SVSS-LMS and MSVSS-LMS respectively.
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Fig. 6.8. Mean square delay estimation error vs. iteration number using FSS-LMS, SVSS-LMS, and
MSVSS-LMS.

In Fig. 6.8, the mean square delay estimation error at steady state is 0.00039 approx. and number
of iterations required is 450, 380 and 250 for FSS-LMS, SVSS-LMS and MSVSS-LMS

respectively.

Following simulation results are carried out under stationary SOE with amplitude A held

constant equal to 0.8 and delay D is changed from 0.2 to 0.3 at iteration number 1000. Step-size

(@) assumed is uy ooy = Hyayssyy = 0-0165 and gy cor e =ty apsoyax = 0-1 for

KVSS-LMS and MAVSS-LMS, while for AVSS-LMS step-size u,,oc18 0.1,

Uryss = apss = Cypayss AN Yoo =7 avss = Vaarss 18 €quated as 0.97 and 0.00048 respectively.

47



Bavss 18 0.99 in AVSS-LMS. 77,5 and A, is 0.97 and 0.0005 respectively in MAVSS-

LMS.
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Fig. 6.9. Mean amplitude estimate vs. iteration number using KVSS-LMS, AVSS-LMS, and MAVSS-
LMS.

Fig. 6.9 and Fig. 6.10 addresses tracking ability of KVSS-LMS, AVSS-LMS and MAVSS-LMS
in terms of amplitude. When the delay constant value is changed from 0.2 to 0.3 at iteration
number 1000, then the mean is followed at different speed indicating the tracking ability. There
is not much difference in the convergence rate of various algorithms for mean amplitude as

shown in Fig. 6.9, but the steady state value of mean square error after the change requires
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number of iterations for MAVSS-LMS, AVSS-LMS and KVSS-LMS are 200, 230 and 230

respectively as shown in Fig. 6.10.
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Fig. 6.10. Mean square amplitude estimation error vs. iteration number using KVSS-LMS, AVSS-LMS,
and MAVSS-LMS.
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Fig. 6.12. Mean square amplitude estimation error vs. iteration number using FSS-LMS, SVSS-LMS,
and MSVSS-LMS.

Fig. 6.11 and Fig. 6.12 depicts the tracking ability of FSS-LMS, SVSS-LMS and MSVSS-LMS
in terms of amplitude. When the delay constant value is changed from 0.2 to 0.3 at iteration
number 1000, then the mean is followed at different speed indicating the tracking ability. There
is not much difference in terms of mean amplitude estimate. For steady state value of mean
square error amplitude, number of iterations required for MSVSS-LMS, SVSS-LMS and FSS-
LMS is 220, 300 and 400 respectively as shown in Fig. 6.12.
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Fig. 6.13. Mean delay estimate vs. iteration number using KVSS-LMS, AVSS-LMS, and MAVSS-LMS.

Fig. 6.13 and Fig. 6.14 projects the steady state value of mean delay with SNR=20dB. From Fig.
6.13, we can conclude that as the SNR increases, the accuracy of system increases. The mean
estimation of mean delay changes to 0.2. Moreover, Fig. 6.14 shows the effect of parameter
change with tracking response. Iterations required for MAVSS-LMS, AVSS-LMS and KVSS-
LMS are 70, 110, and 120 respectively. Iterations needed for steady-state mean square delay
estimation error are 221 for MAVSS-LMS, 300 for AVSS-LMS and 400 for KVSS-LMS.
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Fig. 6.14. Mean square delay estimation error vs. iteration number using KVSS-LMS, AVSS-LMS, and

MAVSS-LMS.
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Fig. 6.15. Mean delay estimate vs. iteration number using FSS-LMS, SVSS-LMS, and MSVSS-LMS.

Similarly Fig. 6.15 and Fig. 6.16 represents the steady state value of mean delay with tracking,
number of iterations required for MSVSS-LMS, SVSS-LMS and FSS-LMS after delay change
from 0.2 to 0.3 are 115, 200 and 330 respectively. Iterations required for MSVSS-LMS, SVSS-
LMS and FSS-LMS for steady-state mean square delay estimation error are 170, 270 and 360

respectively.
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Chapter 7

CONCLUDING REMARKS AND FUTURE SCOPE

This is the conclusion of this research work and future scope that can be carried out to uplift this

research work.

7.1 Concluding Remarks

The main rational behind the adaptive filtering methodology is to reduce the distance from the
optimum solution for a given problem and adapt the step-size of filter accordingly. The
performance of system is susceptible to degradation due to the presence of strong noise. In
practical scenario, prior knowledge of signal power is not available, thus, it is very difficult to
choose the step-size. In my research work, the performance of various VSS with respect to FSS
in terms of mean amplitude, mean delay, mean square amplitude error estimation and mean
square delay estimation error has been evaluated. As the SNR reduces, the accuracy of system is
affected. To demonstrate the effect of SNR, the simulation results are performed with 10dB and

20dB SNR. The performance measures used are convergence rate and tracking ability.

From Fig. 6.1, Fig. 6.2, Fig. 6.5, and Fig. 6.6, it is concluded that the convergence rate of
MAVSS-LMS is more, followed by AVSS-LMS and KVSS-LMS under different SNR. In VSS
algorithms, the steady state error greatly influences the misadjustment while in the case of FSS,
the misadjustment remains constant. When the step-size is varied in accordance with squared
autocorrelation of error at adjacent intervals, the noise immunity of the algorithm increases.
When the prediction error increases, the step-size is increased to track the input signal and when
error decreases, the step-size is reduced to achieve the required minimum misadjustment. KVSS-
LMS performs good results in high SNR but has poor anti-noise ability while AVSS-LMS have
the poor tracking ability with good anti-noise ability. MAVSS-LMS has better noise ability than
AVSS-LMS and KVSS-LMS algorithms.
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From Fig. 6.3, Fig. 6.4, Fig. 6.7, and Fig. 6.8, the evaluation of convergence rate of FSS-
LMS, SVSS-LMS and MSVSS-LMS is carried out. MSVSS-LMS takes minimum iterations
followed by SVSS-LMS and FSS-LMS. Moreover, the mean square steady state estimation error
is minimum in MSVSS-LMS while keeping the step-size equal to 0.0165.

Fig. 6.8 illustrates the tracking ability of KVSS-LMS, AVSS-LMS and MAVSS-LMS. The
delay constant value is varied at iteration number 1000. There is not much difference in
amplitude tracking ability but in the case of delay estimate, MAVSS outstands others. Tracking
ability of MSVSS-LMS is more as compared to SVSS-LMS and FSS-LMS. It depends on yg

and y,,4s » 1f 1ts value increases then the convergence rate increases but it increases the steady

state error.

In this thesis, the convergence rate and tracking the performance of different VSS-LMS
algorithms is investigated and compared, while estimating the time-delay as well as relative
amplitude simultaneously for replicas of sinusoidal signals (at same carrier frequency) corrupted
by noise, which is a linear system identification problem. It may be inferred from results that
MAVSS-LMS exhibits higher convergence rate than AVSS-LMS and KVSS-LMS algorithm
based approaches in the time-delay and amplitude estimation. The convergence rate of MSVSS-
LMS algorithm is better than SVSS-LMS and FSS-LMS algorithm based approaches. But, the
mean squared delay estimation error is less in the case of MAVSS-LMS, AVSS-LMS, and
KVSS-LMS than MSVSS-LMS, SVSS-LMS and FSS-LMS algorithms. The presented work
gives satisfactory results under the high SNR conditions only.

7.2 Future Scope

The algorithm discussed in this research work performs effectively under high SNR conditions,
but as the signal deteriorates, accuracy of the system response is affected. Therefore, if the input
signal has low variance non-stationary noisy signal or both “input and noise” are non-stationary
at the same time, then the problem can be formulated and implemented at high SNR only. For
the above said problem, smoothing operation can be used (taking an average of present and past

samples).

57



The efficiency of FSS-LMS, KVSS-LMS, AVSS-LMS, MAVSS-LMS and SVSS-LMS
algorithms depends on apriori knowledge of the step-size, but practically it is not possible, so,
some algorithm with an initial guess of step-size should be formulated in order to make the
algorithm versatile with the environment and computes tracking ability in time-varying or non-

stationary environment.

Higher-order statistics like kurtosis, skewness for updating of step-size to reduce the impact
of strong noise. For Gaussian process, the cumulant with the order of higher than two is zero.

This reduces the sensitivity of the algorithm to additive noise.
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