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1. Introduction

Active noise control (ANC) based on the principle of superposition has become an important
and interesting topic of much research in recent years. In ANC system, a secondary source is
introduced to generate anti-noise of equal amplitude and opposite phase with the primary noise.
The acoustical and electrical control basis of ANC system is introduced in Ref. [1]. According to
the acoustic principle, active attenuation is a more attractive mean to achieve larger amount of
noise reduction in a small zone or in a duct, particularly at low frequencies. Various adaptive
algorithms are developed, and many commercial applications of ANC system are introduced in
Ref. [2]. A popular adaptive filtering algorithm is the filter-x least mean square (FXLMS)
algorithm for finite impulse response (FIR) filter [1,2], because it is simple and has relatively low
computational load. The development of improved digital signal processing (DSP) hardware
allows more sophisticated algorithms to be implemented in real time to improve the system
performance [3]. To design a practical ANC system, two important problems should be
considered. Firstly, the secondary path may be time variable. If the phase difference for a
particular frequency between the actual and the estimated model is more than 90°, the ANC
system can become unstable [2]. Secondly, the secondary path and primary path may exhibit non-
linear behaviors. Various techniques can be utilized to solve the first problem. Online modelling
control techniques [2.4,5], robust control technique [6], and without modeling control technique
[7] have been introduced to design the ANC system with time-varying secondary path. Neural
network (NN) has been introduced to control non-linear noise, and multilayer perceptron neural
networks were used to control non-linear plants [§]. The multilayer perceptron neural network is a
global approximate neural network, and the major problem in the NN-based ANC is its relatively
slow learning (or convergence) process. To solve the problem mentioned above, several strategies
can be adopted. One is the fast NN learning algorithm utilized in the control system [9], and the
other is the NN enhanced controller used in the ANC system [10]. In addition, the local
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approximate neural network, radial basis function (RBF) networks [11], can be introduced to
improve the performance of the convergence. Recently, the fuzzy neural networks [12] and fuzzy
modeling technique [13] are used as a non-linear filter. In [13], both acoustic model of the primary
path and inverse model of the secondary path are identified using the Takagi-Sugeno (TS) model,
and the experimental results have been obtained for a multi-channel ANC system. Since an open-
loop strategy is utilized in the ANC system, the performance of the ANC system will be degraded
by disturbances and model mismatches. The NN and RBF networks can be trained by numerical
data only, but the fuzzy neural network can handle both numerical information and linguistic
information. Since the fuzzy neural network is a local approximate model, the adaptive process
can be accelerated. This paper will focus on the active noise control problem for non-linear
response of an unknown primary acoustic path. The primary path exhibits non-linear distortion
when the primary noise propagating in a duct has high sound pressure [14]. A feedforward fuzzy
neural network controller is proposed, where the model of fuzzy neural network is simplified to
meet the characteristic of an ANC system. The stability of the closed loop system is proven via the
discrete Lyapunov function. Some digital simulations with non-linear primary noise path are
given, and the results show that the simplified fuzzy neural controller is more effective compared
to the classical NN controller.

2. System description

An ANC system with non-linear primary noise path is shown in Fig. 1. The secondary path is
modeled with a FIR filter. The ANC system can be described by the following equation:

e(k+1)=d(k+ 1)+ yk + 1) = g(X(k)) + Zh(/)u(k -7, (1)
J=0

where X (k) = [x(k)x(k — 1)...x(k — n)]" is the reference signal vector, u(k) is the output of non-
linear controller, and A(j)(j = 0, 1...m) is the FIR filter coefficients of the secondary path model. d
is the disturbance signal received at the error microphone, and ¢(.) is a smoothing non-linear
function. The output of the feedforward non-linear controller can be expressed as

u(k) = f(X(k), W), 2)
x(k) Nonlinear 1) |+ : )
Primary path + >

’ y(k+1)
) u(k)
Nonlinear Secondary path
Controller

/

Fig. 1. Block diagram of a non-linear control system.
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where f(.) is a smoothing non-linear function, and W is a parameter vector. The neural network is
utilized as the non-linear controller, where W is the weights vector. The performance index can be
described as

Jk+ 1) =12k + 1) = Yk + 1) + d(k + DI (3)
The unknown parameters can be adjusted according to the gradient descent method

oJ(k+1) oy(k + 1)
owk) ow (k) ’

where u is the learning rate. Applying the chain rule to Eq. (4):

ok +1)  T~oy(k + 1) ou(k — ) _ ih(]_)au(k —J)
=0

owk) ; oulk —j) oW (k) ow(k) - ®)

Wk +1)= W(k) — u W(k) — pe(k + 1) (4)

If the weights, W (k) are made to adapt slowly enough with time, the gradients of u in Eq. (5) can
be approximately written as
outk —j) _oulk —j) _ of (X, W)

owk) ~ow(k —j) oW (6)

X=X(k—j) W= W (k)

The parameters of non-linear controller can be adjusted on-line using the update rule Eq. (4), with
gradients calculated in Egs. (5) and (6).

3. Structure of the fuzzy neural network

In Section 2, a general feedforward non-linear controller is proposed. Due to the universal
approximation ability, the neural network can be selected to approximate the non-linear
controller f(X(k), W). The vector, W is the weights of the neural network. Several neural
networks, such as, multi-layer perceptrons (MLP), radial basis function (RBF) networks, and
fuzzy neural networks (FNNN), etc can be selected. In this paper, the fuzzy neural network is used
as a non-linear filter. It can handle both numerical information and linguistic information, and
therefore, accelerates the adaptation process.

A fuzzy neural network structure is shown in Fig. 2. The system has five layers as proposed in
Refs. [12,15,16]. A model with two inputs and a single output is considered here for convenience.

Fig. 2. Structure of five-layered fuzzy neural network.
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Nodes in layer 1 are input nodes that directly transmit input signals to the next layer. Layer 5 is
the output layer. Nodes in layer 2 are “term nodes, G’ and they act as membership functions to
express the input fuzzy linguistic variables. A Gaussian function is adopted to present the
membership function, in which the mean value m and the variance ¢ can be adjusted through the
learning process. The two fuzzy sets of the first and the second input variables consist of #; and n,
linguistic terms, respectively. Each node in layer 3 is called a “rule node, R and represents a
single fuzzy rule. In total, there are n; x n, nodes in layer 3 to form a fuzzy rule base for two
linguistic input variables. Nodes in layer 4, N perform the normalization of firing strengths
coming from layer 3, and the input links are fully connected. The number of nodes in this layer is
equal to that of nodes in layer 3. In the following descriptions, the symbol vg-k) denotes the ith
input of node in the kth layer, and the symbol a® denotes the output of node in the kth layer. To
give a clear understanding of the fuzzy neural network, the functions of the from 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:

aV = vgl). (7

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

nodes are defined as follows:
@ _ )2
a? = exp{ _(Ui 2mlj) }’ ®)

ij
where m;; and o; are the center and the width of the Gaussian membership function of jth term of
the ith input variable x(i), respectively.
Layer 3: the nodes in this layer are rule nodes. The rule nodes perform a fuzzy AND operation
(or product inference) to calculate the firing strength

& = [+ ©)

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

o

4 i

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 act as a defuzzifier:

u=a" = va-s)Wi. (11)
i

In the next section, we shall discuss the learning algorithm of the fuzzy neural network and
apply the fuzzy neural network to control the non-linear ANC system.
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4. The adaptive control approach using a simplified fuzzy neural network

Generally, the learning algorithm of the fuzzy neural network consists of two major
components:

(1) Input/output space partitioning and construction of fuzzy rules. Several clustering algorithms
were developed to estimate the center and variance of each cluster for the construction of the
initial structure of the fuzzy neural network [12,15,16]. The input/output space can be
partitioned by a clustering algorithm or by a priori knowledge.

(2) Parameters identification. Parameters can be optimized by the simple gradient descent method
[12] or by the complex recursive least squares and Levenberg—Marquardt algorithms to
accelerate the learning convergence [16].

In this paper, the input space is partitioned by a priori knowledge. The gradient descent method
is utilized to adjust the parameters of the fuzzy neural network. Fig. 3 gives the block diagram of a
FNN-based ANC system. Compared to Fig. 1, the FNN controller is selected to replace the non-
linear controller. The FNN controller is a non-linear tap-delay filter, and the input of the FNN is
the reference x(k) and its delays are x(k — 1), x(k — 2), ..., x(k — n). We assume that the fuzzy set
for every input variable consists of N linguistic terms. There are a total of 2(n + 1)N parameters,
with (n + 1)N centers and (n + 1)N widths of the Gaussian membership function in layer 2. Since
the inputs have the same distributing function, we can set all the centers and widths of the
Gaussian membership functions to the same value, for different input variables:

m[/:ml_,-, i:1,2,...,l’l, .:1,2,...,N, (12)

cj=oy, i=12..n j=12..N. (13)

Therefore, only 2N parameters are required in layer 2, and the parameters in layer 2 should be
greatly reduced when the input variables are large. The computational load can be reduced as
follows. According to Egs. (8), (12) and (13), if the outputs in layer 2 for the first input variable
x(k) have been calculated, then the outputs in layer 2 for other input variables, x(k —i),i =
1, ...,n, are only the delay of the outputs for the first input variable. Fig. 4 shows the structure of
the simplified FNN (SFNN). The nodes labeled as D are delay nodes, whose outputs are the one

0 Nonlinear dkrd) elk+1)

Primary path

’ y(k+1)
FNN u(k)
Controller

/

Fig. 3. Block diagram of an FNN-based ANC system.

Secondary path




442 Q.-Z. Zhang, W.-S. Gan | Journal of Sound and Vibration 272 (2004) 437—449

Fig. 4. Structure of the simplified fuzzy neural network.

period delay of the inputs. It can be found that only the current reference noise signal is used as
the input to the SFINN.

It is presumed that the input space is partitioned by a priori knowledge. Only the singleton
constituents (W;) of the output variable are adaptively adjusted when the ANC system is running.
The rule of adaptive learning is stated as

Wk +1)= W(k) — pe(k + l)zm:h(/) - A(k —j), (14)

Jj=0

where A(k) is the vector which consists of the outputs of the layer 4.

5. The stability of control system

The discrete-type Lyapunov function can be given by

V(k) = e’ (k). (15)
Due to the training process, the change of the Lyapunov function can be obtained by
AV(k) = V(k + 1) — V(k) = J[*(k + 1) — &*(k)]. (16)
The error difference resulting from the learning can be represented by
e(k + 1) = e(k) + Ae(k) = e(k) + [ Oe(l) ]TA wk). (17)
oW (k)

According to the update rule of the weights, we can obtain
- outk —j)

AW (k) = —pe(k) > h(j)— - = —pe(k)HA(k), (18)
He ; oWy . H

where

H = [hO)h(1)...h(m)], Ak) = [AK) Ak — 1)... Ak — m)]". (19)
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A general stability theorem can be presented as follows:

Theorem. Let u be the learning rate for the weights of the SEFNN. We define go = [|H]||, where || ]|
is the norm of matrix or vector. If the learning rate u is chosen as O<u<2/ (go)?, then the local
stability of closed loop control system based on neural network is guaranteed.

Proof. Define Q(k) = HA(k), According to Egs. (16)—(19), AV (k) can be represented as

de(k)
aw (k)

T
AV (k) = Ae(l)[2e(k) + Ae(k)]/2 = —%[ } pe(k)HA(k)

1" !
. {2e(k) -l Me(k)HA(k)} = ekIQUI

x {2e(k) — e()IQUIP} = —%ﬂez(k)llQ(k)llz{2 — ulQMIPy = —%iez(k)- (20)

Since ||Q(K)||<||H] ||Ak)||<go, if the learning rate p is chosen as 0<u<2/(go)2, then
0<u<2/||Q(k)|[>, which implies that 2 = u||Q(k)|I*{2 — u||Q(k)|[*} > 0 and AV (k)<O0. Therefore,
the control system is locally stable. [

6. Simulation results

In this section, some illustrative results are presented to compare the performances of the two
different systems: the neural networks (NN) control and the simplified fuzzy neural networks
control (SFNN). The sampling frequency used in this simulation is 1000 Hz. The disturbance
signal is chosen to be a 50 Hz pure tone signal plus an additional Gaussian white noise signal. The
number of neurons in NN is 4-4—1. There is one input node and one output node in the SFNN.
The input space is partitioned to 8 fuzzy sets, and the centers and widths of Gaussian membership
functions are selected as

m=[-0.65, —5/8, —3/8, —1/8, 1/8, 3/8, 5/8, 0.65],
6 =[-20, 0.14, 0.14, 0.14, 0.14, 0.14, 0.14, 20].

There are 4 input variables in layer 1, and they are realized by delaying the outputs of layer 2.
Only the W vector is adjusted online, and the centers and widths of Gaussian membership
functions remain fixed when the ANC system is running.

Case 1: An active noise control example with non-linear primary acoustic path is selected to
illustrate the effectiveness of the SEFNN by comparing with the results given by NN. The learning
rate for W in the SFNN is chosen as u = 1.8, and the learning rate for the weights in the NN is
chosen as u = 0.04. The acoustic paths are chosen as follows:

The primary acoustic path from noise source to error microphone is

d(k + 1) = 0.8x(k — 2) + 0.6x(k — 3) — 0.2x(k — 4) — 0.5x(k — 5)
— 0.1x(k — 6) + 0.4x(k — 7) — 0.05x(k — 8) + 0.9x*(k — 2).
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Fig. 5. Performance comparison, the thin line for NN controller, and the thick line for SFNN controller.
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Fig. 6. Power spectrum of active noise canceling errors. The thin line for NN controller, the thick line for SEFNN and
the dished line for ANC turn off.

The secondary acoustic path from secondary source to error microphone is
vk + 1) =ulk — 1)+ 0.6u(k2) + 0.1u(k — 3) — 0.1u(k — 4) — 0.005u(k — 5).

Fig. 5 shows the mean square error (MSE) in error microphone versus the number of iterations.
The result of the NN-based ANC system is shown in the solid thin line, and the result of the
SFNN-based ANC system is shown in solid thick line. The MSE of the SEFNN control system is
approximately 5dB below that of the NN control system. The convergence rate of the SFNN is
faster than that of the NN.

Fig. 6 gives the simulating results of the canceling errors between 2000 and 3000 iterations in the
frequency domain. The result of the NN is shown in the solid thin line, the result of the SFNN is
shown in solid thick line, and the dashed line shows the sound pressure level of the disturbance
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Fig. 7. Power spectrum of active noise canceling errors. The thin line for NN controller (after 8000 iterations), and the
thick line for SEFNN controller (after 2000 iterations), and the dished line for ANC turn off.

signal when the ANC system turns off. It can be seen that using both control methods (NN and
SFNN), the 50 Hz tone can be reduced by about 25dB, and broadband noise can be reduced by
about 10dB. In Fig. 6, there is a 100 Hz peak in the noise spectrum, which is produced by the
square non-linear in the primary acoustic path. It can be reduced by 15dB using the SFNN
control, but it can only be reduced by 5 dB using the NN control. For non-linear control problem,
the SFNN control is clearly superior to the NN control.

Fig. 7 gives another simulation results of the canceling errors in the frequency domain. The
result of the NN control is calculated by the data between 8000 and 9000 iterations. Other results
are similar to that shown in Fig. 6. From the results shown in Figs. 5-7, it can be seen that both
methods (NN and SFNN), can reduce the broadband noise and the non-linear noise. But, to
achieve the similar canceling error, the number of iterations in the NN control is three times the
number of iterations in the SFNN control.

To show the advantage of proposed method, another two simulation examples are given. The
primary acoustic paths are non-linear in both simulation examples. The secondary path with
minimum phase is selected in one model, and the secondary path with non-minimum phase is
selected in the other model [14].

Case 2: Simulations are given for the secondary path with minimum phase. The learning rate
for W in the SFNN is chosen as u = 1.0, and the learning rate for the weights in the NN is chosen
as u = 0.08. The acoustic paths are chosen as follows:

The primary acoustic path is selected as

d(k + 1) = x(k — 4) — 0.3x(k — 5) + 0.2x(k — 6) + 0.9x*(k — 4).
The secondary acoustic path from secondary source to error microphone is
vk + 1) =ulk — 1)+ 0.5u(k — 2).

Figs. 8-10 show the simulating results of the NN control and the SFNN control. The
performances in these figures are similar to that reported in case 1. From the results shown in
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LT oo AR R M sk
: : ' ' ---- PSD of NON Control

A0 f-----opooeeiemeoseoeodoo — PSD of NN Control |

5 i'} ' : ' = PSD of SFNN Control |!

'''' R B ; : : : :

Power Spectrum Density/dB

R i i i i i i i i i i
0 80 100 150 200 250 300 350 400 450 500
FrequencylHz

Fig. 9. Power spectrum of active noise canceling errors. The thin line for NN controller, the thick line for SFNN and
the dished line for ANC turn off.

Figs. 8-10, it can be seen that the convergence of the SFNN control is superior to that of the NN
control for the secondary path with minimum phase.

Case 3: simulations are given for the secondary path with non-minimum phase. The learning
rate for W in the SFNN is chosen as ¢ = 1.0, and the learning rate for the weights in the NN is
chosen as u = 0.06. The acoustic paths are chosen as follows

The primary acoustic path is selected as

d(k + 1) = x(k — 4) — 0.3x(k — 5) + 0.2x(k — 6) + 0.9x*(k — 4).
The secondary acoustic path from secondary source to error microphone is

yk + 1) = utk — 1) + L5u(k — 2) — u(k — 3).



Q.-Z. Zhang, W.-S. Gan | Journal of Sound and Vibration 272 (2004) 437—449 447

20------ pooees R H T ibdls (il i Ll e H
: : : i | ===- PSD of NON Control |
10 — PSD of NN Control H
' ' : = PSD of SFNN Control
5 : T 7 : '
2 OH----%-
]
S ! i ! ol !
o g+ *‘»‘?“*‘-‘-&f‘"‘*w&f-’”’l‘-"f‘%4*5—.:»-i»--mi»--»i
£ : : : : A
E
[3) ALY YAV YA NN L A N WY AN R
S .20
o
"
B
g -30
o
-40
R S S S S S S

|
0 50 100 150 200 250 300 350 400 450 500
FrequencyfHz

Fig. 10. Power spectrum of active noise canceling errors. The thin line for NN controller (after 8000 iterations), and the
thick line for SFNN controller (after 2000 iterations), and the dished line for ANC turn off.
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Fig. 11. Performance comparison, the thin line for NN controller, and the thick line for SFNN controller.

Figs. 11-13 show the simulating results of the NN control and the SFNN control. Comparing
with case 2, it can be seen that the performances of the ANC system have been degraded by the
secondary path with non-minimum phase. Contrast to the SFNN based ANC system, the
performances of the NN based ANC system are obviously degraded. From the results shown in
Figs. 11-13, it can be seen that the convergence of the SFNN control is superior to that of the NN
control for secondary path with non-minimum phase.

7. Conclusions

The non-linear active noise control (ANC) is studied. A simplified fuzzy neural network
(SFNN) is proposed to solve the non-linear effect in the primary acoustic path of the ANC
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Fig. 12. Power spectrum of active noise canceling errors. The thin line for NN controller, the thick line for SFNN and
the dished line for ANC turn off.
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Fig. 13. Power spectrum of active noise canceling errors. The thin line for NN controller (after 8000 iterations), and the
thick line for SFNN controller (after 2000 iterations), and the dished line for ANC turn off.

system. Using the SFNN, only one input is required, and fewer parameters are utilized. Since the
SFNN is a local approximated neural network, the rate convergence of the SFNN is faster than
that of the global approximated neural network. An on-line learning algorithm based on the error
gradient descent method is proposed, and the local stability of closed loop system is proven via the
discrete Lyapunov function. Some simulation results are given to compare the proposed control
method with NN based method. The results show that the adaptive active noise control method
based on the SFNN is very effective to the non-linear noise control, and the convergence of the
SFNN control is superior to that of the NN control.

Our current work is focusing on designing an ANC system based on recurrent fuzzy neural
network, considering online modelling techniques to meet the requirement and constraints of
practical applications.
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