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In this technical note, the simplified diagonal-structure bilinear filtered-X least mean square (SDBFXLMS)
and channel-reduced diagonal-structure bilinear filtered-X least mean square (CRDBFXLMS) algorithms
are proposed. Computational complexity for each proposed algorithm is analyzed to show the significant
computational reduction in comparison with the diagonal-structure bilinear FXLMS (DBFXLMS) algorithm.
For L = 15 (memory length of the bilinear filter), P = 2 (the corresponding number of the diagonal channels
for the SDBFXLMS algorithm is L + 2P = 19 and the corresponding number of the diagonal channels for the
CRDBEXLMS algorithm is 2P = 4), and M = 64 (memory length of the secondary path estimate), the
SDBEXLMS algorithm achieves 45% and 40% reduction of multiplications and additions, respectively, while
the CRDBFXLMS algorithm acquires 78% reduction of multiplications and 76% reduction of additions.
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Computer simulations validate the satisfied control performances of the proposed algorithms.
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1. Introduction

Active noise control (ANC) applies the principle of superposition
of the primary noise source and the secondary source [1-6]. The
secondary source consists of acoustic output which has the same
amplitude and opposite phase of the primary noise source so that
a quiet zone can be produced at the canceling point. It is well
known that linear controllers can successfully be adopted to
reduce the low-frequency noise. However, a linear ANC system will
suffer from performance degradation if the following conditions
exist: a noise process to be controlled is a nonlinear and determin-
istic process such as chaotic noise; the primary as well as sec-
ondary paths have the nonlinear behavior; the reference signal
may have the saturation effect [7-13]. In order to tackle various
nonlinear effects, many nonlinear controllers such as the Volterra
filtered-X least mean square (VEXLMS), filtered-s LMS (FSLMS),
and bilinear filtered-X LMS (BEXLMS) algorithms have been devel-
oped [7-15]. The other new nonlinear controllers for nonlinear
active noise control may include the generalized functional link
artificial neural network (FLANN) filters, recursive FLANN filters,
combination of the FLANN and Legendre neural network (LeNN)
filters, and convex combination of FLANN and VEFXLMS filters
[16-20]. Based on the coefficient reduction strategy used in [21],
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a simplified BEXLMS (SBFXLMS) algorithm is recently proposed in
[22] in order to reduce the number of filter coefficients in the
multi-channel NANC system [23].

The implementations of the bilinear filtered algorithms by Kuo
and Wu [14], and Zhao et al. [22] have shown the improved control
performance over the VFXLMS and FSLMS algorithms [10,12].
However, the diagonal structure feature for the cross terms of
delayed input signal and delayed output signal in the bilinear
model was not considered in [14,22] when performing computa-
tional reduction for the filtered signal elements. Hence, both
BFXLMS and SBFXLMS algorithms could suffer the performance
degradation. To improve the noise control performance, the
diagonal-structure BEXLMS (DBFXLMS) algorithm is proposed in
[24,25]. Further reduction methods on the developed DBFXLMS
algorithm could be developed.

Section 2 proposes new algorithms for reduction of computa-
tional load. Section 3 shows computer simulations to validate the
control performance. Finally, Section 4 presents the conclusions.

2. Simplified and channel reduced diagonal-structure bilinear
filtered-X LMS algorithms
2.1. Simplified diagonal-structure bilinear filtered-X LMS algorithm

A standard bilinear filter model with an input x(n) and an
output y(n) can be expresses as
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Eq. (3) can easily be illustrated in Fig. 1 for the cross elements
forL=5and P =1.
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respectively. Zhao et al. [22] presented a simplified BFXLMS where
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where P < |L/2| is a small positive integer, R; = |[L/2] — P, and T T
R, = |L/2] +P. Note that the inputs from x(n—Ry), x(n—R; —1),  Ci (W = [8io(M) 8ia (M) -+ Gizp(i-1:2p) (1)) 8)
, X(n — Ry) are fed into the bilinear section and R, = Ry + 2P.
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Using (2) and R, = R; + 2P, the relationship between the input Fori=1,2,...,2P
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The SDBFXLMS algorithm is then summarized below:

A(n+1) = A(n) + e(mX' (n) (11)
B(n+1) = B(n) + fy,e(m)Y'(n — 1) (12)
Gi(n+1) =Gi(n) + pemUim) i=12..L (13)
Hi(n+1) = Hy(n) + pe(mVi(n) i=1,2,...,2P (14)
where

X (n) =5(n) * x(n) (15)
y(n—1)=s(n) « yn-1) (16)
wn) =5(n) « w(n) i=12,..L (17)
() =5(n) * vi(n) i=1,2,...,2P (18)

where * denotes linear convolution and $(n) is the sequence of the
secondary path estimate S(z). u,, L, and p, are the convergence
factors controlling the convergence speed and the stability of the
algorithm for updating the feed forward coefficients A(n), feedback
coefficients B(n), and cross term coefficients G;(n) and H;(n). Define
the signal vector L'(n) as

L"(n)= |X"(n) YT (n - 1)U (n) - V{(n) - (19)
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