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Abstract

This paper discussed nonlinear active noise control (ANC). Some adaptive nonlinear noise control approaches using
recurrent fuzzy neural networks (RFNNs) were derived. The proposed RFNNs were feed-forward fuzzy neural networks
(NNs) with different local feedback connections that are used to construct dynamic fuzzy rules. Different recurrent
connection strategies, diagonal recurrent and full connected recurrent ones, were considered. In addition, different fuzzy
operation strategies, product (multiply) inference and “‘summation” (addition) inference, were proposed. Because RFNN-
based ANC systems can capture the dynamic behavior of a system through the feedback links, the exact lag of the input
variables need not be known in advance. Online dynamic back-propagation learning algorithms based on the error
gradient descent method were proposed, and the local convergence of a closed-loop system was proven using the discrete
Lyapunov function. A nonlinear simulation example showed that an adaptive ANC system based on an RFNN with
summation inference is superior to a system based on other fuzzy NNs.
© 2006 Elsevier Ltd. All rights reserved.

1. Introduction

Active noise control (ANC) has received much attention in recent years. In an ANC system, a secondary
source is introduced to generate antinoise of equal amplitude but of opposite phase with reference to the
primary noise. ANC techniques can be utilized to extract a signal buried in noise or to cancel unwanted noise.
The filter-x least mean square (FXLMS) algorithm is a popular adaptive filtering algorithm using a finite
impulse response (FIR) filters [1,2]. Its popularity is because of its simplicity, robustness, and relatively low
computational load. With the development of digital signal processing (DSP) hardware, adaptive algorithms
may be implemented in real-time practical systems [3]. Linear ANC systems have been successfully used to
cancel both broadband noise and narrowband noise in air conditioning duct systems, handsets, and others
[1-3]. However, in a practical ANC system, the secondary path and primary path of the ANC system may
exhibit nonlinear behaviors. Thus, the development of nonlinear filters is necessary. Adaptive Volterra filters
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have been introduced for active control of nonlinear noise processes [4]. The drawback is that the filter size
increases exponentially when the inputs of the filter increases. Neural networks (NNs) have been introduced to
control nonlinear noise, and multilayer perceptron networks are used to control nonlinear plants [5-8]. The
multilayer perceptron network is a global approximate NN, and the major problem with an NN-based ANC is
its relatively slow learning (or convergence) process. A fast NN learning algorithm has been proposed for
ANC systems [8], but it is too complex to develop in practice. A local approximate NN, known as a radial
basis function (RBF) network [9], can be introduced to improve convergence performance. Recently, a fuzzy
modeling and controlling technique [10,11] has been used in a nonlinear filter. A fuzzy NN is a local
approximate model, and the adaptive process can be accelerated. Gaussian functions are often chosen for local
approximate models. The parameters of the network are separated into linear and nonlinear parameter sets
[12]. Given the input data set, the nonlinear parameters, the mean and variance of the Gaussian functions can
be estimated using a clustering algorithm. Only the linear parameters are updated online [11]. Both an acoustic
model of the primary path and an inverse model of the secondary path have been identified using the
Takagi—Sugeno (TS) model [10], and results have been obtained experimentally for a multichannel ANC
system. Because an open-loop strategy is utilized in an ANC system, the performance of such a system will be
degraded by disturbances and model mismatches. A feed-forward NN [5-11] is a static mapping. With tapped
delays, a feed-forward NN can be used to represent a dynamic mapping, but a large number of neurons are
required for representing dynamic responses in the time domain [13]. On the other hand, recurrent NNs
(RNNs) may be used to deal with time-varying input or output through their natural temporal operation
itself. Thus, an RNN is a dynamic mapping and is better suited for a dynamic system than a feed-forward NN
[13,14]. A recurrent adaptive fuzzy filter has been proposed to resolve speech processing problems involving
noise [15]. Good performances have been obtained, and the exact order of the inputs need not be known. In
Ref. [15], because the secondary path is not considered, the noise-canceling process is a system identification
problem and not a control problem. This paper focuses on the ANC problem involved in the nonlinear
response of an unknown primary acoustic path. An example of a nonlinear response of the primary path is the
nonlinear distortion that occurs when the primary noise propagating in a duct has a high sound pressure [4].
This paper is organized as follows. Section 2 describes a nonlinear ANC system and a general adaptive control
algorithm. Section 3 describes the architecture of several recurrent fuzzy NNs (RFNNs) and their functions.
Section 4 describes adaptive control algorithms using different RFNNs. In Section 5, the convergence of closed-
loop systems is proven using the discrete Lyapunov function. In Section 6, proposed nonlinear ANC systems
with different RFNNs are compared using computer simulations. The conclusions are given in Section 7.

2. System descriptions

An ANC system with a nonlinear primary noise path is shown in Fig. 1. The secondary path is modeled with
an FIR filter. The ANC system can be described using the following equation [11]:

m
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Fig. 1. Block diagram of a nonlinear control system.
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where X (k) = [x(k)x(k — 1)...x(k —n)]" is the reference signal vector, u(k) is the output of the nonlinear
controller, and A(j) (j =0,1...,m) is the FIR filter coefficient of the secondary path model. d is the
disturbance signal received at the error microphone, and g(.) is a smoothing nonlinear function. The output of
the feed-forward nonlinear controller can be expressed as

u(k) = f(X(k), W), 2

where f{.) is a smoothing nonlinear function and W is a parameter vector. W is the weights vector when an NN
is used as the nonlinear controller. The performance index can be described as

1 1
J(k) =3 (k) = S k) + d()r. (€)
The unknown parameters can be adjusted according to the gradient descent method,
. oJ(k) B oy(k)
Wk +1)= W(k) — u S~ W (k) — pe(k) W)’ 4)

where p is the learning rate. Applying the chain rule to Eq. (4),

oy(k) _ x~ k) dutk —j) _ ~, o Oulk — )
=) _h)

owk) ; dulk —j) ow(k) ow(k) )

If the parameters W(k) are made to adapt slowly enough with time, the gradients of u in Eq. (5) can be
approximately written as

Ou(k —j) _ Oulk —j) of (X, W)
owk)y oWk —j) = oW

(6)

X=X(k—j),W=W(k—j)

The parameters of the nonlinear controller can be adjusted online using the update rule (Eq. (4)), with the
gradients calculated in Egs. (5) and (6).

3. Structures of RFNNs

A general feed-forward nonlinear controller was proposed in Section 2. The nonlinear controller f{X(k), W)
can be approximated using an NN because of its universal approximation ability. The vector W represents the
weights of the NN. Several NNs may be used, for example, multilayer perceptrons (MLPs), RBF networks,
and FNNs. In this paper, RFNNSs are used as nonlinear filters.

A diagonal RFNN (DRFNN) structure is shown in Fig. 2. The system has five layers as proposed in Ref.
[13]. A model with two inputs and a single output is considered here for convenience. The nodes in Layer 1 are
input nodes that directly transmit input signals to the next layer. Layer 5 is the output layer.

The nodes in Layer 2 are “term nodes” (G), and they act as membership functions expressing the
input fuzzy linguistic variables. A Gaussian function is used for the membership function, in which the
mean value, m, and the variance, ¢, can be adjusted during the learning process. There are two advantages

Fig. 2. Structure of five-layered DRFNN.
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in employing a Gaussian membership function. The first is the continuity of the Gaussian function, which
is usually required for most conventional gradient-based optimization techniques. The other advantage is
that a multidimensional Gaussian membership function can be decomposed into multiple one-dimensional
Gaussian membership functions for the corresponding number of input variables [12]. The two fuzzy sets
of the first and the second input variables consist of njand n, linguistic terms, respectively. Each node in
Layer 3 is called a “rule node” (R) and represents a single fuzzy rule. A diagonal feedback connection is
introduced to give the feed-forward fuzzy NN a temporal processing capability. In total, there are n; x n,
nodes in Layer 3 forming a fuzzy rule base for two linguistic input variables. The nodes in Layer 4 (N) perform
the normalization of firing strengths from Layer 3, and the input links are fully connected. The normalization
of firing strengths is helpful in improving the convergence performance of the linear adaptive process.
The number of nodes in this layer is equal to that of the nodes in Layer 3. In the following descriptions, the
symbol vf-k) denotes the ith input of a node in the kth layer, and the symbol ¢® denotes the output of a node in
the kth layer. To provide a clear understanding of an RFNN, the functions of Layer 1 to Layer 5 are defined
as follows:
Layer 1: The nodes in this layer only transmit input values to the nodes of the next layer directly,

a" ) = oV (k). Q)

Layer 2: The nodes in this layer represent Gaussian membership functions. The functions of the nodes are
defined as

®)

e )

where m;; and ¢;; are the mean and the width of the Gaussian membership function of the jth term of the ith
input variable, x(i), respectively.

Layer 3: The nodes in this layer are rule nodes, and a diagonal recurrent architecture is selected. The rule
nodes perform a fuzzy AND operation (or product inference) to calculate the firing strength,

aP (k) = [[ o Gy via (ke - 1), ©)
J

where V; and a{k—1) are the recurrent link weight and the output in the last steps of the ith node in Layer 3,
respectively.

Layer 4: Nodes in Layer 4 perform the normalization of firing strengths from Layer 3,

(4)
4 v, (k)
dt )(k)=’T. (10)
Zjvj (k)

Layer 5: This layer is the output layer. The link weights in this layer represent the singleton constituents
(W) of the output variable. The output node integrates all the normalized firing strengths from Layer 4 with
the corresponding singleton constituents and acts as a defuzzifier,

u(k) = a(k) = > oDy W;. (11)

Remark 1. The architecture of a DRFNN as shown in Fig. 2 possesses the advantage of a simple structure
with dynamic characteristics. The purpose of the recurrent is to counter the past firing strength of its
corresponding rule in Layer 3. Because the feedback terms contain the firing history of the rules, the recurrent
fuzzy network has dynamic characteristics [13]. The fuzzy NN is a local approximate model, and the most
firing strengths of the rules in Layer 3 are zeros (or near zeros) for arbitrary input. Thus, once an output of a
node in Layer 3 is zero, it will be zero forever for the DRFNN. Therefore, a DRFNN is difficult to use in
nonlinear ANC systems.

Several techniques can be used to improve the performance of the DRFNN. First, as in Ref. [15], a global
membership function, f(x) = 1/(1 +¢¥), can be used with the feedback term node. The structure of the
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improved DRFNN is shown in Fig. 3. For simplicity, only the rule layer is illustrated, and the other layers are
the same as in Fig. 2. The firing strength of a rule term in Layer 3 can take a nonzero value, even if it is zero in
the previous iteration. The function of Layer 3 can be defined as follows:

(k) = Si(k)f (net;(k)),
Sitk) = [[ ¥ (k). neti(k) = Vial (k — 1). (9a)
J

The fully connected recurrent NN has interlinked weights, and it can capture more complex dynamic
systems. A fully connected RFNN is shown in Fig. 4. As in Fig. 3, only the rule layer is illustrated. X and z~'
denote summation and one-sample delay, respectively. The function of Layer 3 can be defined as follows:

d® (k) = Si(k)f (neti(k)),
Sitk) = H 1)_;3)(/(), net;(k) = Z Vyaf)(k —1). (9b)
J J

Three feedback structures of the rule layer are shown in Figs. 2-—4. We can also consider other fuzzy
operations for calculating the firing strength. For example, one can replace the “product” (multiply) operation
with the “summation’ (addition) operation and obtain two new RFNNs with the operation ‘“‘summation
(addition)” (denoted “RFNNA”). In contrast, the RFNNs with the product operation are simply denoted by
RFNNM. For the diagonal REFNNA (DRFNNA), the function of Layer 3 can be defined as in Fig. 4.

(k) = Si(k) + f (net;(k)),
Sik) = [ [ o} (k). neti(k) = VidD e — 1). (9¢)
J

For the fully connected RFNNA, the function of Layer 3 can be defined as follows:
a (k) = Si(k) + f (neti(k))
Sitk) = [ [ o (o). netih) = > Vyal(k — 1), (9d)
J J

Rule
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A A A
) )
Rule
v,
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) @ Y
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|

Fig. 4. Fully connected RFNN.
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In the next section, we shall discuss the learning algorithm of RFNNs and use these NNs to control a
nonlinear ANC system.

4. The adaptive control approach using RFNNS

Generally, the learning algorithm of an RFNN consists of two major components:

(1) Input/output space partitioning and construction of fuzzy rules.
(2) Identification of parameters.

In this paper, the input space is partitioned using a priori knowledge. The gradient descent method is used to
adjust the parameters of an RFNN. Fig. 5 shows the block diagram of an RFNN-based ANC system. The
RFNN controller is selected to replace the nonlinear controller (compared with Fig. 1). The RFNN controller
is a nonlinear tap-delay filter, and the input of the RFNN is the reference x(k), and its delays are x(k—1),
x(k—2),... . x(k—n).

It is presumed that the input space is partitioned by a priori knowledge. Only the singleton
constituents of the output variable and the recurrent weights are adaptively adjusted when the ANC system
is running. The rule of adaptive learning can be obtained using the gradient descent technique according to
Egs. (3)—(6). The gradients with respect to the weight vectors, W and V, can be computed using the chain rule
as follows:

aJ(k ay(k " Quik —
IO ety L) - 1) lltl) (12)
aJ(k ay(k " Qu(k —
O e 2 - > 1) =D (13)
outk) _ (5)1\ _ (@
T =00 =), (14)
For a DRFNN, the gradient can be computed as
Ou(k 0 (5) d )k
9w, B0 {[W ~uyy “)(k)} a0 (15a)
i =1 i
For an RFNN, the gradient can be computed as
3)
L {[W ~uh Y “kk)}aa % (B (15b)
y

x(k) | Nonlinear dik)y + e(k)
, ——» (O
Primary path

1 y(k)
u(k)
> RFNN Secondary path
Controller

/

Fig. 5. Block diagram of an RFNN-based ANC system.
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Because the diagonal recurrent NN whose firing strength is calculated using Eq. (9) cannot be used with the
nonlinear ANC system, the gradient with respect to the recurrent weight is not given in this paper. For the
DRFNNM, a diagonal recurrent NN for which the firing strength is calculated using Eq. (9a), the gradient
with respect to recurrent link weight can be calculated as follows:

0a? (k) ) 3 0aP (k — 1)
v, = Sik)f (net,»(k)){ai k=D +V; T )
Stk =[] ).  neti(k) = Vial(k — 1). (16a)
J

From Eq. (9b), the gradient with respect to the recurrent link weight of the RFNNM is found as

oaf’ (k) , G da’ (k — 1)
2y, = Sk (neti(k»{aj (k= 1)+ Vi ==
S = [ of¢).  netitk) =" Vya (k- 1). (16b)
J J

From Eq. (9¢), the gradient with respect to the recurrent link weight of the DRFNNA is
3a (k — 1)}

N2 oV
net;(k) = V,aP(k - 1). (16¢)

Again, from Eq. (9d), the gradient with respect to the recurrent link weight of the RFNNA is found as
follows:

(3)
Oa;” (k) _ f’(net,-(k)){ag”(k -+ V;

0P (k) 3 0a (k — 1)
o, = f'(net;(k)) a; k=1D+Vy 671/,] ,
net;(k) =y _ Vya(k — 1). (16d)
J

From Eq. (16a) to Eq. (16d), one can find that the gradient with respect to the recurrent link weight is a
dynamic equation. Using symbols similar to those in Ref. [14], the gradient for DRFNNM in Egs. (15a) and
(16a) is given by

ou(k)
av;
where Bi(k) = [W; — u(k)l/>;a” (k) and Pi(k) = 3\ (k)/dV . Py(k) satisfies

= Bi(k)Pi(k), (15a)

Pi(k) = Sitk)f (netyen{ ¥tk — 1)+ ViPitke = 1) |, Pi(0) = 0. (16a')

Egs. (15a") and (16a’), are dynamic recursive equations for the gradient, and it can be solved with given
initial conditions recursively.

For the other RFNNSs, the procedures of deriving the dynamic recursive equations are similar to the above
derivation, and they are not given in this paper.

5. The convergence of the ANC system

An RFNN-based ANC system uses an error gradient descent algorithm to adjust the weight vector of the
NN. As in Ref. [14], a discrete-type Lyapunov function can be given by

V(k) = % (k). (17)
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Because of the training process, the change in the Lyapunov function can be obtained using

1
AV(k) = V(k+1)— V(k) =3 [k + 1) — &*(k)]. (18)
The error difference resulting from the learning can be represented by
ek + 1) = e(k) + Ae(k) = e(k) + |20 A Wk (19)
N N oW (k) '
According to the update rule of the weights, we can obtain
Ou(k —
AW ) = —pe(k) Zh(z) WP = ey (20)

aw (k)

where H = [A(0)h(1)...h(m)] is the vector made up of the pulse responses of the secondary path and A(k) =
[Ou(k)/oW ou(k — 1)/OW ... ou(k — m)/OW] is the gradient matrix with respect to the general weight vector. A
general convergence theorem can be presented as follows.

Theorem 1. Let u be the learning rate for the general weights of the DRFNN or the RFNN. We define g, = ||H||
and g« = maxy||A(k)||, where ||e|| is the usual Euclidean norm of a matrix or a vector. If the learning rate, u, is
chosen as 0<u<2/(gogmax)>> then the local convergence of a closed-loop control system based on NNs is
guaranteed.

Proof. Define Q(k) = HA(k); according to Eqs. (17)—(20), AV(k) can be represented as
AV (k) = Ae(k)[2e(k) + Ae(k)]/2

T
_ | {ae(k)} ue(k)HA(k){Ze(k) _ {ae(k)

ow (k)

T
3 5w } ,ue(k)HA(k)}

1 1
= — 5 re()| Q) 2e(le) = eI QRNIP} = =5 e (k)| (k) {2 = ]| QW) | |
= —%lez(k).

Because ||Q(k)||<||H|I||AK)|| <gogmax» If the learning rate, p, is chosen as 0<u<2/(gogmax)*, then
0<,u<2/||Q(k)||2, which implies that 2 = u||Q(k)||>{2 — ul|Q(k)||*} >0 and AV (k)<0. Therefore, the control
system is locally convergent.

The general convergence theorem can be used to find the specific convergence criterion for each type of
weight of different RFNNs. [

Theorem 2. Let py and uy be the learning rates for the feed-forward weight vector and the recurrent weight
vector of the DRFNNM, respectively. The dynamic back-propagation algorithm converges if the recurrent
weights satisfy |V ;| <1 and the learning rates are chosen as

0<py <2/[(m+ g3, (21a)

O<,u,,<Smm/[2n,(m + l)go mdx] (21b)

where n, is the number of rule nodes in Layer 3, gy = ||H||, and Wnax = maxg||W(k)||. W(k) is the link weight
vector between Layers 4 and 5, Spmin = mini[Sum(k)], and Sum(k) = ‘Zivj(-4)(k)‘.

Proof. (a) From Eq. (14),
A(k) = [A4(k)Aa(k = 1)... Ay(k — m)], (22)
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where A4(k) = [P (k)a (k) .. .aP(k)]" is the output vector of Layer 4. Because adP(k)=0 and ¥,aP (k) = 1,
[|44(k)||> = > [a(4)(k)] <1 follows. From this we can obtain

||A(k)||<sqrt<z|}A4(k—j)|y2> <Vm+1. (23)
j=0
Hence, from Theorem 1 and Eq. (23), Eq. (21a) follows.
(b) From Eq. (16a’),
Pik) = Si(k)f (o)l (k = 1) + ViPi(k = 1)},

where f'(k) = f'(net;(k)). From Egs. (9a) and (8), we obtain |S;(k)|<1 and | (k)| = |S:(k)||f (neti(k))| < 1.
Because 0</"(net;(k))<0.5 and |V;| <1, the above equation can be estimated as follows:

PRI ISR (O [Hlai” (ke = DI+ Vil [Pk = DI} <05+ 0.5 Pi(k — D). (24)
Using Eq. (24) recurrently and consider the fact that P;(0) = 0, it follows
k—1 00
|Pi(k)| <0.5+ 0.5 + -+ + 0.5 +0.55|P(0) = Y 0.5'< Z (25)

=1 =1

denote A(k) = [Aj(k)A;(k — 1)... Ar(k — m)], A;(k) = [A,(k)As(k)- - - A, (k)]", and A;(k) = du(k)/0V;. From
Eq. (15a’), we obtain

4 = |BGIPAR < IDV: = uoll/ | ™ )| < {IWil + 1]}/ S 26)

From Egs. (10) and (11) and the condition that |W; < Wy, wWe obtain
< > 0P NI < Wanar D 107 = Wonax Y o = W dxzd‘”/zw‘” W mas. 27)
i i i

Thus |Az(k)| < {| Wl| + |u(k)|}/Sm1n <2Wmax/Smin and
|A1(k)| < 2«/’1—; Wmax/Smin- (28)

Therefore

||A(k)|| <Sqrt (Z ||A1(k _])||2> <2\/ nr(m + 1)I/Vmax/Smin- (29)

=0
Hence, from Theorem 1 and Eq. (29), Eq. (21b) follows.

Remark 2. In Theorem 2, only the convergence of the DRFNN with the product (multiply) inference
(DRFNNM)-based nonlinear ANC system is considered. The convergence of other RFNN-based nonlinear
ANC systems can be obtained by following the same steps. For the fully connected RFNN shown in Fig. 4,
the absolute value of the diagonal elements of the recurrent weight matrix must be selected as |V;|<1 to
ensure the convergence of an adaptive nonlinear ANC system.

6. Simulation results

Some illustrative results are presented to compare the performances of the different RFNN-based ANC
systems. A personal computer with a Pentium 1.8 GHz processor and 256 MB of DRAM is used to implement
the simulations. The sampling frequency used for this simulation is 1000 Hz. The disturbance signal chosen is a
100 Hz pure tone signal with additional Gaussian white noise signal. There is only one input node and one
output node in all the RFNNs used. Given the input data set, the mean and variance of the Gaussian functions
can be estimated using a clustering algorithm. Because only one input node is selected in the simulation, the
input space is uniformly partitioned to eight fuzzy sets, and the means and widths of the Gaussian membership
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functions are selected as [11]:

m = [—0.65,—5/8,—3/8,—1/8,1/8,3/8,5/8,0.65],
o =[—20,0.14,0.14,0.14,0.14,0.14,0.14, 20].

Only the weight vectors W and V are adjusted online, and the means and widths of the Gaussian
membership functions remain fixed when the ANC system is running. In the simulation, only the nonlinearity
in the primary path is considered.

Case 1: The acoustic model is selected as in Ref. [4]. There is one sample delay in the secondary path, and it
has a root outside the unit circle. The secondary path simulated is a nonminimum phase system.

The primary acoustic path is selected as

d(k) = x(k — 3) — 0.3x(k — 4) + 0.2x(k — 5) + 0.8x*(k — 4).
The secondary acoustic path from the secondary source to the error microphone is
y(k) = u(k — 1) 4+ 1.5u(k — 2) — u(k — 3).

Simulations are carried out for the RFNNs, whose firing strengths are calculated using “multiply”’. Both
diagonal recurrent and fully recurrent NNs are selected as single-input and single-output networks. The
variance of the Gaussian white noise signal is 0.04.

Fig. 6 shows the mean square error (MSE) in the error microphone versus the number of iterations. The
results of the DRFNNM-based and RFNNM-based ANC systems are shown as thin and thick lines,
respectively. The MSE of the RENNM control system is approximately 4 dB below that of the DRFNNM
control system.

Fig. 7 shows the results of the simulation of the canceling errors between the 3000th and 5000th iterations in
the frequency domain. Similarly, the results for the DRFNNM and RFNNM are shown by the thin and thick
lines, respectively. The dashed line shows the sound pressure level of the disturbance signal when the ANC
system is turned off. There is a 200 Hz peak in the noise spectrum, which is produced by the nonlinear square
term in the primary acoustic path. The DRFNNM-based ANC system can reduce the 200 Hz noise by 8 dB,
but it cannot reduce the 100 Hz noise. The RFNNM-based ANC system can reduce the 200 Hz noise by 18 dB

; t [——MSE of RFNN-M
) [EEEESe— T TV SR — 4 |—— MSE of DRFNN-M

mean square error in dB

0 1000 2000 3000 4000 5000
number of iterations

Fig. 6. Performance comparison: DRFNNM controller (thin line); and RFNNM controller (thick line).
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|
0 50 100 150 200 250 300 350 400 450 500
Frequency/Hz

Fig. 7. Power spectrum of canceling errors. The thin line is for DRFNNM controller, the thick line is for the RFNNM controller, and the
dashed line represents the ANC turning off.

and can also reduce the 100 Hz noise by 12dB. However, the broadband noise level of other frequencies has
been increased.

Case 2: Simulations are presented for the RFINNs whose firing strength is calculated by “‘summation.” Both
diagonal recurrent and fully recurrent NNs are selected as single-input and single-output networks. The
acoustic model is similar to that of Case 1, and the variance of the Gaussian white noise signal is set to 0.04.

Fig. 8 shows the MSE at the error microphone versus the number of iterations. The results of the DRFNNA-
based and RFNNA-based ANC systems are shown as the solid thin line and the thick line, respectively. The
MSE of the RFNNA control system is approximately 20 dB below that of the DRFNNM control system. A
static fuzzy NN (SFNN)-based ANC system has also been tested [11]. For comparison, two input nodes, which
are obtained by delaying the outputs of Layer 2 in the SFNN, are used in the simulation such that the number of
parameters in the SFNN is close to the number of parameters in the RFNNA. The results are shown as the
dashed line. Its performance is similar to the performance of the RFNNA control system, but the SFNN-based
ANC system takes more CPU times than does the RFNNA-based ANC system (for example, a Matlab
simulation took 13.9400s for the RFNNA system and 20.3590 s for the SENN system).

Fig. 9 shows simulation results of the canceling errors between the 3000th and 5000th iterations in the
frequency domain. The result for the DRFNNA system is shown as the solid thin line, the result of the
RFNNA system is shown as the solid thick line, and the dashed line shows the sound pressure level of the
disturbance signal when the ANC system is turned off. The DRFNNA-based ANC system can reduce the
200 Hz noise by 8 dB, but it increases the 100 Hz noise by 10 dB. The RFNNA-based ANC system can reduce
the 200 Hz noise by 18 dB and can also reduce the 100 Hz noise by 20 dB. The broadband noise level of other
frequencies has not been increased.

Case 3: A more realistic acoustic model is selected as in Ref. [16]. There is a five-sample delay in the
secondary path, and has a root outside the unit circle. The secondary path simulated is a nonminimum phase
system.

The primary acoustic path is selected as

d(k) = 0.8x(k — 9) + 0.6x(k — 10) — 0.2x(k — 11) — 0.5x(k — 12) — 0.1x(k — 13)
+ 0.4x(k — 14) — 0.05x(k — 15) + 0.8x(k — 9).
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Fig. 8. Performance comparison, the thin line for DRFNNA controller, the thick line for RFENNA controller, and the dashed line for
SEFNN controller.
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Fig. 9. Power spectrum of canceling errors: thin line, DRFNNA controller; thick line, RFNNA controller; and dished line, ANC turning
off.

The secondary acoustic path from the secondary source to the error microphone is
y(k) = ulk — 5) + 2.5u(k — 6) + 1.76u(k — 7) + 0.15u(k — 8)
— 0.4825u(k — 9) — 0.18625u(k — 10) — 0.005u(k — 11)
—0.001875u(k — 12).

Simulations are carried out for the RFNNs, whose firing strengths are calculated by “summation”. The
variance of the Gaussian white noise signal is set as 1.



Q.-Z. Zhang et al. | Journal of Sound and Vibration 296 (2006) 935-948 947

25

; === PSD of NON Control
S R Pttt = PSD of RFNN-A Control

Power Spectrum Density/dB

L s B i

o
—_
o k----
o

200 300 400 500
Frequency/Hz

Fig. 10. Power spectrum of active noise canceling errors: solid line, RFNNA controller; and dashed line, ANC turning off.

Fig. 10 gives the simulation results of the canceling errors between the 3000th and 5000th iterations in the
frequency domain. Similarly, the results of the RENNA are shown as the solid line. The dashed line shows the
sound pressure level of the disturbance signal when the ANC system is turned off. There is a 200 Hz peak in
the noise spectrum, which is produced by the nonlinear square term in the primary acoustic path. The
RFNNA-based ANC system can reduce the 100 Hz noise by 12 dB and reduce the 200 Hz noise by 5dB. The
broadband noise between 100 and 200 Hz is reduced by about 5dB.

From the simulation results, one can find that the convergence of the RENNA control is superior to that of
the other recurrent NN control.

Using the original DRFNN, we will give a brief analysis to explain why the RFNN with the “summation”
operation is better than the RFNN with the “product” operation. The output in Layer 3 with the “product”
operation (Eq. (9)) is as follows:

dP(k) = S(kyViaP (k — 1) = S(k)S(k — 1)... S(O)V*. (30)
The output in Layer 3 with the “summation’ operation is
dP (k) = Stk) + VidP(k — 1) = S(k) + Vi Stk — 1) + - - - + VFS(0). (31)

According to Theorem 2 the recurrent weights satisfy |V; < 1. If k is a large number, the output in Eq. (30)
will tend to zero. But Eq. (31) gives a better memory structure; the weight for the past output decreases with
memory lengths.

7. Conclusions

Nonlinear ANC was studied. In particular, some RFNNs were proposed for solving the nonlinear effect in
the primary acoustic path of an ANC system. Using RFNNs, only one input is required, and fewer parameters
are used. The convergence rate of an RFNN is faster than that of an SFNN of the same size. An online back-
propagation learning algorithm based on the error gradient descent method is proposed, and the local
convergence of the closed-loop system is proven using the discrete Lyapunov function. Some simulation
results were given to compare different RFNN-based methods. The results showed that the adaptive ANC
method based on an RFNN with “summation” (addition) inference (RFNNA) is very effective in nonlinear
noise control, and the convergence of the RFNNA control is superior to that of the other fuzzy NN controls.
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This is because of the fact that a diagonal recurrent NN only has self-feedback links and, therefore, cannot
approximate a complex dynamic system. The direct self-feedback link in Layer 3 results in all outputs of this
layer being zeros, and the improvements proposed in this paper were necessary to overcome this drawback.
The simulations assumed that the secondary path, H(z), is estimated off-line prior to the operation of the
ANC system. Online modeling of the secondary path can also be carried out as described in Refs. [2,16]. The
proposed algorithms can also be applied to the problem of nonlinear secondary paths as described in
Refs. [6-8]. Our current work is focused on designing an ANC system based on RFNNs to meet the
requirements of practical applications.
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