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ABSTRACT: This paper presents a neural-based filtered-X least-mean-square 
ctive noise control (ANC) system. The saturation of the power amplifier 

in A

anges in environment, degradation of system 
com

del, the adaptive process can be accelerated. 
This paper will focus on the active noise control problem for nonlinear acoustic path. A 

is proposed, where the model of neural network is 
sim

algorithm (NFXLMS) a
NC system is considered. A method for compensating the saturation is proposed. On line 

dynamic learning algorithms based on the error gradient descent method is carried out. The 
convergence of the algorithm is proven using a discrete Lyapunov function. Simulation results 
are provided for illustration. 
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1. INTRODUCTION 

ANC has received much attention 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 acoustic and electrical control basis of ANC system is introduced in [1]. The 
filtered-x least mean square (FXLMS) algorithm is a popular adaptive filtering algorithm using 
a finite impulse response (FIR) filters [1, 2], because it is simple and has relatively low 
computational load. The development of digital signal processing (DSP) hardware allows 
more sophisticated algorithms to be implemented in real time to improve the system 
performance [3]. Linear ANC systems have been successfully used to cancel 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. The 
ANC system has to be adaptive because of ch

ponents, and alteration of the noise source. The use of adaptive Volterra filter in ANC 
system has been presented in [4]. The main drawback of this approach is that the size of the 
filter increases exponentially with the number of inputs and the computation task is extremely 
heavy.  The use of neural networks has been suggested to cope with the case of nonlinear 
system [5-8]. The major problem with an neural network based ANC is its relatively slow 
learning process. In references [9-15] fuzzy-neural and recurrent neural networks have also 
been used in nonlinear ANC system. Since the fuzzy neural network is a local approximate 
mo

feedback neural network controller 
plified to meet the characteristic of an ANC system. The remainder of the paper is 

organized as follows. Section 2 describes the traditional nonlinear ANC system and its 
adaptive algorithm. In section 3, the proposed ANC system is presented. Section 4 analyses the 
convergence of the proposed algorithm using a discrete Lyapunov function. Section 5 presents 
simulation results to illustrate the proposed ANC system. The conclusions are given in section 
6. 
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2. TRADITIONAL

The traditional adaptive feedback 
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primary noise and the secondar e, e(k) = d(k) 
+ v(k), in the region where the noise is t in this region 
to measure th

 ANC SYSTEM 

ANC system using neural network is presented Fig. 1. In 
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Fig. 1. Adaptive feedback ANC system 
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     Fig. 2. The proposed ANC system with saturation compensation 

The neural network is used to produce the secondary noise y(k). It is trained such that the 
ntroduction of the secondary-path transfer function in 
y lead to instability. This is because, it is impossible to 

com  
). 

)(zG  
path MS equation. Note that G(z) includes the digital-to-analog 
converte speaker 
to residu , anti aliasing filter,

residual noise e(k) is minimized. The i
the system using the LMS algorithm ma

pensate for the inherent delay due to G(z) if the primary path P(z)  not contain a delay
of equal length. Also, a very large FIR filter would be required to effectively model 1/G(z
This can be solved by placing a model ˆ  of the secondary path G(z) in the reference signal

does

 to the weight update of the L
r, reconstruction filte loudspeaker, acoustic path from loud
al noise, preamplifier  and analog-to-digital converter. 

r, power amplifier, 
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3. THE PROPOSED ANC SYSTEM

The proposed feedback ANC sy esented in Fig. 2, where )(vS  is a model of S(v) 
and  system can be 
described by the following

The residual noise is given
     )()()( kvkdke

 

stem is pr ˆ

 is used to compensate for the saturation of the power amplifier. The ANC
 equations:  
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The neural network   

        y(k) = f(net(k)) = net(k),           

 and 

                ne

(linear integration function) 
where W(k) represents a column vector of all of the network weights and D(k) represents 
input signal, k is the time index and f is the activation function, 
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Define the cost function as 
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The network weights update
reduces the instantaneous squared error in the output of the neural network as: 

              

2

 is based on a stochastic steepest descent which incrementally 
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From (2), we obtain 
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4. CONVERGENCE OF THE PROPOSED ANC SYSTEM 

Let V(k) as (5) be the discrete-type Lyapunov function candidate. Due to the training 
process, we have 
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If the learning rate η is chosen as  
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then 0)( <∆ kV . Therefore, the control system is locally convergent. 

5. SIMULATION RESULTS 

In the following simulations, the noise source is a sinusoidal signal of frequency 150Hz. 
the saturation level is ±0.5, the learning rate 

e effectiveness of the adaptive feedback ANC 
ount of attenuation, the result of 

3(a) is the primary noise. Fig. 3(b) is the 

ellently in canceling the periodic 
dB for the conventional NN method. 

The sampling frequency is chosen to be 8-KHz, 
for W is chosen as η = 1. 

An ANC example is selected to illustrate th
system using neural network (NN). In oder to see the am
canceling noise is shown in frequency domain. Fig. 
noise canceling results by the NN algorithms.  

It is clear that the proposed ANC system performs exc
signal. The attentuation of periodic noise is about 20

 
 

      
Fig. 3. ANC of periodic noise: (a) p

Fig. 4 and Fig. 5 show, respectively, the sim  
with and without saturation compensation. Rem
ANC system can not operates effectively (Fig. 3) 
compensation, the ANC system operates effectively

 

 

         (a)                                          (b) 
rimary noise, (b) ANC with NN 

ulation results of neural network ANC system
ark that, without saturation compensation, the 

when the noise level is high; with saturation 
 (Fig. 4) even when the noise level is high. 
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Fig. 4. NN ANC system without satu . NN ANC system with saturation 

6. CONCLUSION

This paper presents an ANC system using neural network. The saturation of the power 
amplifier is compensated. The convergence of the proposed algorithm is proven using a 
discre

ration Fig. 5
compensation        compensation 

S 

te Lyapunov function. Computer simulations show that the proposed system is effective. 
The proposed algorithm is also versatile and can be used in other applications. Results in real 
system as well as the case of multiple noise sources will be presented in a near future. 
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HỆ THỐNG KIỂM SOÁT NHIỄU TÍCH CỰC HỒI TIẾP DÙNG  
MẠNG NƠRON 

Huỳnh Văn Tuấn(1), Nguyễn Hữu Phương(1), Nguyễn Ngọc Long(2)

(1) Trường Đại học Khoa học Tự Nhiên, ĐHQG-HCM 
(2)Trường Đại học Tôn Đức Thắng 

trên c nơron nhân tạo để kiểm soát nhiễu tích cực (ANC). Vấn đề bão hòa của bộ 
k
giải t a trên phương pháp giảm độ dốc được thực hiện. Điều kiện hội tụ 
đ
bày. 

h

[1]. 
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ation using neural networks, IEEE Trans. on neural network, Vol. 12, 

[7]. ural networks for 

l systems, University 

[9]. stics of the delayed-X LMS 

[10]. ssion of nonlinear and 

[11].  neural networks for active 
noise control, Journal of Sound and Vibration 296, 2006, pp. 935-948. 

TÓM TẮT: Bài báo này thực hiện giải thuật FxLMS (Filtered-x Least Mean Square) 
ơ sở mạng 

huếch đại công suất trong hệ thống ANC được trình bày. Phương pháp bổ chính bão hòa và 
huật học trực tuyến dự

ược chứng minh bằng cách sử dụng hàm Lyapunov rời rạc. Các kết quả mô phỏng được trình 

Từ khóa: Kiểm soát nhiễu tích cực; mạng nơron; bổ chính bão hòa; giải thuật FxLMS; 
ội tụ. 
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