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Abstract

Improvement for Proportionate Type

Adaptive Algorithm

SAIKI Sachio

With the development of hardware technology and research for adaptive algorithms,
adaptive signal processing used not only theoretical technology but also in many practi-
cal applications. Nowadays, with increase in the demand for higher quality performance,
a kind of long adaptive filter is frequently encountered in practical application, such as
the network echo cancellation and acoustic echo cancellation.

Generally speaking, increase of adaptive filter length causes degradation of conver-
gence speed, because their convergence speed is inversely proportional to the adaptive
filter length. Furthermore, because of the effect of disturbance noise, the convergence
quality of the adaptive filter is degraded. Much effort has been made to find new
adaptive algorithms to solve these problems. Recently, a new adaptation paradigm,
proportionate adaptation, was developed in a novel perspective. Its main philosophy
comes from a fact that most of these long impulse responses are sparse in nature

This dissertation presents some results of my researches on efficient adaptive algo-
rithms based on the proportionate adaptation for adaptive signal processing systems.

Firstly, variable step-size approach for proportionate NLMS algorithms is proposed
in order to improve convergence quality. Next, a method based on variable step size ap-
proach proposed in previous section is extended into the proportionate affine projection

algorithms to improve the estimate accuracy of sparse impulse response for correlated
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input signals. At last, novel adaptive combination technique for CtPNLM algorithm is
proposed to realize a non parametric CCPNLMS and extend a sparseness time varying

system.

key words Adaptive signal processing, proportionate type adaptive alogirthm
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Fig.2.3 Parameter Estimation on Adaptive Noise Canceller.
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Fig.2.5 Parameter Estimation on Digital Communication System.
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Figure 4.2 Wave form of speech input.
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Figure 4.3 Wave form of speech noise.
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Figure 4.4 Impulse Response case of Sparse).
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Figure 4.5 Impulse Response (case of Semi-Sparse).
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Figure 4.6 Comparison of convergence properties (in case of sparse).
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Figure 4.7 Comparison of convergence properties (in case of semi-sparse).
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0 4.1 VSS-SPAPA

Initialization:
h(0) = 0; 62(0) = 0; 67(0) = 0;53(0) = 0;
§=PMo2, (MeZ" M >1)
M =1-1/(KiN),(K1€Z", K1 >1)
Xo=1-1/(K3N),(Ky € ZT, Ko > K;)
forp=0,1,--- ,P—1
52 (0) = 1;

For all ¢:

o { 400w, (i)], |wn(i)] < 0.005
gn(i) =
2, otherwise.
Limax = max{d,,go(?), - ,gn-1(2)}
Vn (4) = max{gn (i), pPLmax}
90 (i) = 1 (D)/ | % S0 D)
G(i) = diag{go(i), g1(i), -+ ,gn-1(i)}
(i) = X™(i)h(3)
e(i) = d(1) — g(i)
for p=0,1,---,P—1
o2 (1) = (1 —=X)o2 (t—1) + \ép(i)
ay(i) = 1= \[63(t =) /62, (1)

if Oép(i) < O'min, ap(i) = Omin;,

if Oép(i) > Olmaxs Oép('?:) = Omax;
a(i) = diag{ap(i), - ,ap_1(i)}
h(t+1) = h(i) + GO)X (i) [XT)G0)X (i) + 6I] " ali)e(i)
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(a) Typical network echo path
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Figure 4.14 (a) Impulse response used in simulation. (b) Wave form of speech input.
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Figure.4.15 Comparison of VSS-SPAPA to the related algorithms.
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Figure.4.16 Comparison of VSS-SPAPA to the related algorithms using speech signal.
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