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Abstract

Advances in sensor technologies are enabling us to observe a phenomenon of in-

Tow-

utilized to

the phenomenon as accurately as possible with low implementation cost. In this

thatat Ap pii-

The necessary
and sufficient conditions for an optimal solution that results in perfect reconstruc-
tion (P

partcular delay
Further,we extend the d $

analysis to observations having noise and non-uniform ats.

from
‘multiate observations. For that, we derive a nes expression for the computation
of a synthesis ilter bank for a given length. One can use the expression to obtain a

Solution either dircctly or recursively from any smaler length solution, ot neces-

sarily previous length. Furth be

propes iterlength,

change in the mean-square rror (MS) with a unit increase in the fite length. The
ling in PR, i also studied i the recursive f KA

variant of to

with respect to iter length. The uniqueness of PR solutions with changes in filer

recursive solutions developed.



from The desired signal in asa
delayed version of the input signal because a suitable choice of delay can achieve.
For that, e

® e develop an

mation rate

the search space for optimization. Further, we present a result about the effect of

change i filler length on delay range under PR,

Lasty,
components. For tha, we begin our analysis with the steepes-escent algorithm.
We highlight few unique characterstcs of the algorithm when applied to the ma-
trix adapive filer. For a given analysis fllr bank, an infinite number of optimum
synihesis bank solutions are possble. We like to know the solution to which the

method will We theoret-

b for an arbitrary g
value. We then analyze the least-mean-square (LMS) algorithm and find that three.

st these
update equations to compare their computational efficiency: For the normalized
LS (NLMS) aliorithm, we experimentlly determine a bette scheme for normal-

zation of the step-size. As the LMS/NLMS algorithm has slow convergence, we.

having good convergence. Finall e

Sults are presented to show the utlity o our work
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