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n active noise control, adaptive approaches play an essential 
role when dealing with uncertainties and changes in noise and 

control path dynamics of sound propagation. This article is con- 
cerned with two new adaptive schemes. One is a direct adaptive 
approach which can explicitly update a feedforward controller 
with guaranteed stability on the assumption that the control path 
dynamics are known a priori. The other is an indirect adaptive 
approach which is available when the both noise and control path 
dynamics are uncertain and changeable. The algorithm consists 
of on-line identification of two relevant transfer function models 
and real-time calculation of the corresponding feedforward con- 
troller. The two adaptive schemes are examined in experimental 
studies in an air duct system and their effectiveness is shown by 
the results. 

Introduction 
Based on the rapid progress of high-speed and low-cost com- 

puting devices such as digital signal processors (DSPs), active 
noise control has increasingly gained much attention in automo- 
tive vehicles, aerospace cabin systems, office and manufacturing 
environments, and other industrial settings because it can com- 
plement traditional passive technologies and attain better per- 
formance on attenuation of low-frequency sounds [ 1-41, 

In the control methodology, feedforward control is an effec- 
tive approach for attaining satisfactory canceling performance if 
the primary noise is measurable and the controller can be causal. 
Therefore, almost all active noise control applications are based 
on feedforward techniques up to now. An altemative approach is 
feedback control [5,6]. Since the approach does not need meas- 
urement of the primary noise and deals with the controller cau- 
sality problem, it has been gaining interest for development of 
applicable feedback algorithms. Owing to the properties of the 
noise problems, however, pure feedback control has seen rela- 
tively limited use in active noise control 171. It is meaningful to 
explore the way of applying feedback control techniques and 
combining them with feedforward control techniques, for active 
noise applications. In this article, we mainly discuss the feedfor- 
ward control schemes. 

In actual noise control systems, because the path dynamics 
cannot be precisely obtained and may be changing due to the 
variations of the positions of both the noise source and objective 
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point, a deterministic feedforward controller cannot be expected 
to attain satisfactory performance; therefore, adaptations should 
be introduced into the controller for dealing with these uncertain- 
ties and changes. In such adaptive approaches, the canceling er- 
ror can be used to adjust the controller parameters, which is 
somewhat of feedback control; but since these methods require 
noise measurements, they are traditionally viewed as feedfor- 
ward algorithms [6] .  A variety of filtered-x type LMS adaptive 
algorithms are conventionally used to adjust the weights of a 
feedforward controller implemented by an FIR type of adaptive 
filter [8-131. However, they sometimes display a serious problem 
of instability, dictating that the step size of the algorithms should 
be chosen carefully. Moreover, in the situation that the control 
path dynamics are uncertain and changeable, the identification 
of control path dynamics from the control loudspeaker to the 
error-detecting microphone will be performed simultaneously 
with the adjustment of controller parameters. Thus, additional 
models or microphones and loudspeakers should be introduced, 
and, since the identification of the control path dynamics need a 
converging process, the use of the dynamic parameters identified 
within this period will adversely affect adjustment of the control- 
ler parameters. 

To cope with these problems, two new types of adaptive con- 
trol schemes are considered in this article: a direct adaptive algo- 
rithm and an indirect adaptive algorithm. In the direct adaptive 
algorithm, the controller parameters are updated directly based 
on a strictly positive real (SPR) error model [14], which can en- 
sure the convergence of the controller parameters and the bound- 
edness of the canceling error, if the control path dynamics are 
known a priori and the disturbance is bounded. On the other 
hand, the indirect adaptive algorithm enables adaptation to un- 
certainties in both noise and control path dynamics. This fully 
adaptive algorithm consists of two steps: on-line identification of 
two transfer function models based on a stability guaranteed al- 
gorithm by using accessible signals, and real-time calculation of 
the feedforward controller by dividing the one identified model 
by the other. The algorithm does not need additional micro- 
phones and loudspeakers, and, although the error canceling per- 
formance will be affected by the accuracy of the dividing 
calculation, the stability of identification of the system models i s  
independent of the output of the controller. 

The work presented in this article is a one of continuous inves- 
tigation of [15,16]. The two adaptive schemes are systematically 
summarized, and the theoretical conditions as well as practical 
applicability are extensively studied. A new robust adaptive al- 
gorithm, which can attain the tight boundedness, is proposed, 
and the algorithm of realizing the indirect controller is also given 
where the fast Fourier transform (FFT) approach is applied. Fi- 
nally, the two algorithms are successfully applied to the noise 
cancellation in an air duct system. 
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Deterministic and 
Adaptive Aspects of 

Active Noise Control 

Structure of Control System 
The schematic diagram of 

an adaptive active noise control 
system is depicted in Fig. 1, in 
which the control objective is 
to cancel or attenuate the sound 
pressure level, mainly caused 
by primary source noise s(k), at 
the objective point A. The can- 
cellation is performed actively 
by producing an artificial sec- 
ondary control sound from a 
loudspeaker located at point C. 
To construct an adaptive feed- 
forward control system, a pri- 
mary noise-detecting 
microphone, or reference mi- 
crophone, and an error- 
detecting microphone, or error 
microphone, are introduced, 
located at point B and point A, 
respectively, to obtain the refer- 
ence signal r(k) and the cancel- 
ing error e ( k ) .  The two 
measured signals are fed to the 
adapiive feedforward control- 
ler C( z ,  k ) ,  which provides 
the control signal u(k) for the 
secondary loudspeaker C. If the 
feedback controller F(z)  is em- 
ployed, as indicated by the dot- 
ted line in Fig. l (b) ,  the 
problem becomes one which 
involves a design of the control 
system with two degrees of 
freedom. In that case, the con- 
trol signal v(k) is given by the 
sum of the feedforward and 
feedback coi~trols as v(k) = u(k) 
+ w(k). The feedback controller 
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Fig. I Schematic diagram of the adaptive active noise control system 

F(z) has two mportant roles: one is for control robust to unmodelled 
dynamics of the path dynamics and uncertain disturbance n(k) [ 171, 
and the other is for stabilization of an adaptive algorithm robust to 
changes of the control path dynamics [15]. In the system, four path 
dynamics are involved, and here we denote the path dynamics of 
sound propagation from the primary noise s(k) to the reference mi- 
crophone and error microphone as Gl(z) and G ~ ( z ) ,  respectively, 
and that from the secondary control sound v(k) to these two micro- 
phones as G3(z) and G ~ ( z ) ,  respectively, as shown in Fig. 1. Thus, 
Gl(z) and Gz(z) are referred to as the primary or noise path dynam- 
ics, G3(z) and G4(z) as the secondary or control path dynamics, and 
the latten are used in this article. 

Deterministic Aspect of Active Noise Control 
By replacing the adaptive controller C( z ,  k )  with a determi- 

nistic controller C(z), we can describe the system in Fig. 1 (b) by 
the following equations: 

v(k) = C(z)r(k) + F(z)e(k) . (3) 

Eliminating v(k) and r(k) from (l), (2), and (3), we can ex- 
press the canceling error signal e(k) at the point A as 

(4) 
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If all of the path dynamics Gl(z), Gz(z), G3(z), and G4(z) are 
known apriorz and there is no disturbance, i.e., n(k) = 0, and the 
closed-loop trander function in (4) is asymptotically stable, then 
the perfect cancellation of the primary noise at the objective 
point can be attained by selecting the feedforward controller C(z) 
as 

which does not depend on the feedback controller F(z).  
Since the control scheme discussed here is a feedforward one, 

the realizable or causal problem of the controller caused by the 
microphonefloudspeaker placement, which does not need to be 
dealt with in feedback control approaches [5-71, will be touched 
upon. Let d l ,  d2, d3, and d4 denote the delay of path dynamics 
Gl(z), Gz(z), G3(z), and G4(z*), respectively, then from ( 5 )  the 
condition that the controller C (z) is causal can be obtained with- 
out difficulty as 

which suggests that the reference microphone will be set close to 
the primary noise source and the control loudspeaker to the ob- 
jective point In practical applications, although the noise source 
or/and the objective point may be changeable, in general the 
change ranges of the noise source and objective point can be 
roughly known, so a set of placement points can be found to 
make the controller causal by considering these changes In fact, 
the condition (6) is not too severe since it can be satisfied in most 
of actual active noise control systems 

When the perfect canceling controller C*(z) given by (5) is 
causal, in the presence of disturbance n(k), if C(z) is chosen as 
C*(z) in (5 ) ,  (4) becomes 

It can easily be seen that the cancellation error e(k) will be re- 
duced by an appropriate design of the feedback controllerF(z) by 
taking into account the effects of the disturbance n(k) [ 171. In the 
following discussion, we assume that the disturbance n(k) is 
bounded, i.e., 

It should be n o p e d  that due to the feedforward control prop- 
erty, if C(z)  = C (z) either C(z) or the closed-loop subsystem 
composed by C(z) and the feedback path dynamics G3(z) wdl 
contain the inverse terms of the geedforward path dynamics G2(z) 
and G4(z). Therefore, if exact C (2) is applied to attain the perfect 
canceling performance, the feedforward path dynamics G2(z) 
arid G4(z) sliould be minimum phase functions. If they are not, to 
construct a stable control system the controller should be real- 
ized approximately, which is usually done in actual applications 
by using a stable FIR filter When such an approximate controller 
i s  adopted, the effect of the primary noise cannot be canceled 
perfectly. The situation is the same in the adaptive aspect and the 
minimum phase conditions discussed in the later sections are 
done merely from the adaptive algorithm viewpoint. 
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Adaptive Aspect of Active Noise Control 
When part or all of the path dynamics are uncertain and 

changing, control adaptation will be required for tuning the de- 
terministic feedforward controller to adapt to these uncertain 
factors so that canceling performance can b,e maintained. There- 
fore, the adaptive feedforward controller C( z ,  k )  is structured 
such that it is generally implemented by using an IIR or FIR type 
of adaptive filter described by 

&k)z- '+ i*(k)z-* +...+ b,(k)z-"Z 
1+ a;(k)z-' + q k ) 2  +...+ G,(k)z-" ' 

t ( z ,  k )  = 
(9a) 

(9b) ?(z, k )  = ?(k)z-' + G(k)z-* +...+ C&)z-L , 

respectively. We take the IIR structure in (9a) for a moment to 
discuss the capability of the proposed stability-assured adaptive 
algorithm in a general framework. By using this form of adaptive 
filter, the adaptive feedforward control U@), the output of the 
adaptive filter, can be expressed as 

u(k) = ?(z, k - l)v(k) = eT(k - l)cp(k - 1) , (10) 

where 

&(k - 1). 2*(k - 1), ..., 

Gn(k-l), $k-l), i*(k-l)  ..., iJk-1) 
O(k-I )=  

-u(k-l), -u(k-2),.. . ,  

-z@ - n), Y(k - l), Y(k - 2), ... , Y(k - m) 
T(k  - 1) 3 

Eliminating s(k) and v(k) from (l), (2), and (3 ) ,  we canrewrite 
the canceling error e(k)  in terms of the accessible signal r(k), and 
obtain the error model as 

where 

1 

= 1 + G,(z)F(z) 



w (z) = G(4 
1 + G,(z)F(z) 

and e* is the true parameter vector corresponding to the perfect 
- canceling controller C*(z) in (5 ) .  It can be confirmed that 
G,( z )  / G4( z )  = C"( z). The error model (1 1) expresses the dy- 
namicaljelation of the canceling error e(kj with the parameter er- 
ror e* - e( k - 1). It can be seen from (1 1) and (12d) that the error 
system dynamics W ( z )  include all the uncertain path dynamics. 

Table 1 categorizes various actual cases according to the prior 
knowledge on the path dynamics, for which adaptive schemes 
will be discussed later. In Case 1 where both the control path dy- 
namics G4z)  and G3(z) are known, we can give a stability- 
assured robust adaptive algorithm in which the parameters of 
C( z ,  k )  are directly adjusted according to available signals, as 
presented in the next section. The direct adaptive algorithm can 
be extended to Case 2 where Gl(z)  to G ~ ( z )  are unknown and 
Case 3 where all of the path dynamics are unknown, although 
rather restricted assumptions are needed. In Case 4, we present 
an indirect fully adaptive algorithm which is based on the on-line 
identification of two input-output models and real-time calcula- 
tion of a corresponding feedforward controller. 

Direct Adaptive Algorithms 

Stability-Assured Algorithm in Case 1 
On the assumption that the control path dynamics G4(z) and 

G3(z) are known U priori, a stability-guaranteed adaptive algo- 
rithm for adjusting C( z ,  k )  directly can be given. Since G3(z) in- 
dicates the feedback acoustic path effect from the secondary 
loudspeaker to the reference microphone, while the feedback 
path effect can be canceled by subtracting G3(z)v(k) from the ref- 
crence signal r (k) ,  the assumption that G3(z) is known is equiva- 
lent to assuming that G3(z) = 0. Thus, it follows from (12b) that 
G4( z) = G4( z ) ,  then the error system (11) is reduced to 

c(k)=w(z)[(0*-8(h-l)~rp(k-l)]+ k(k)  ' (13) 

where W ( z )  = G ~ ( z ) / ( ~ + G ~ ( z ) F ( z ) ) ,  and c( k )  = (1+ G4( z ) F (  z))- 'n(  k ) .  In addition, since W ( z )  is 
k n o w n , t h e  upper bound o f ,k (k )  can be assessed by 
lc( k) l< p = Il+ G4( e'")F( &')I p, where the upper bound p of 
n(k) has been given by (8). 

Now we will consider how to update the controller parame- 
ters in a stable manner on the above assumptions. To derive a 
stability-assured adaptive algorithm based on the error system 
(13), the requirement that W(z)  is a SPR transfer function should 
be satisfied, but since W(z) possesses the dynamics of sound 
propagation which contains the time delay, it is not SPR. In order 
to make the error system (13) be a SPR function, we introduce 
the auxiliary variabIe e,(k) and the extended error E( k )  as 

eo(k) = @ ( k ) [ ~ ( z ) q ( k  - 111 - w(z)[@(k - l)cp(k - 111 , (14) 

respectively. Then by using (14) and (15), the error system (13) 
can be transformed to 

~ ( k )  = (0' - 0 ( k ) )  ~ ( k  - 1) + k ( k )  , 

whereyr( k - 1) = W (  z)(p( k - 1). It can be seen that the obtained 
model possesses the SPR property. 

LMS type of robust adaptive algorithm. Based on the new 
error system (16) an LMS type of basic adaptive algorithm can be 
given as 

8(k )  = 8(k - 1) + y,yr(k - l )e(k)  , (174 

where yo > 0 is the step size of the algorithm. Because E( k )  in- 
cludes e ( k ) ,  the recursive calculation given by (17a) cannot be 
carried out directly; therefore, E (  k )  is revised by substituting 
17(a) into (14) and then rewriting (15) as 

It can be easily shown that the algorithm (17) can assure the 
convergence of the error signal q( k ) ,  theoretically for an arbi- 
trarily large value of the step size yo. Considering the existence of 
the disturbance n(k) ,  on the basis of the above result we can give 
an LMS-type of robust adaptive algorithm as 

8(k)  = 6 ( k  - 1) + y(k)yJ(k -I)+) , ( 1%) 

where step size yo > 0 is an arbitrarily large number and d > 0 is a 
sufficiently small number to prevent zero division. It can be 
proved via the Lyapunov approach that e( k )  converges to a con- 
stant weight vector, and that the canceling error is bounded by 
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Case Noise Path 
Dynamics 

~ 

G,(4 GL.1 

Case 1 Unknown 

Case2 Unknown 

Case 3 Unknown 

Case4 Unknown 

In (1 8), the extended error q( k )  is used as the error signal for 
adjusting the controller parameters rather than the real error e@), 
but which will not influence the convergence of the canceling er- 
ror e@),  because q( k )  will converge to e(k)  when the controller 
parameters converge, as will be discussed later From (19) it can 
be known that the upper bound p of the disturbance n(k) will fi- 
nally determine the upper bound of the canceling error, if its 
choice IS overly conservative, although the stability margin is in- 
creased, the canceling error will be increased. Therefore, from 
the viewpoint of reducing the canceling error, the upper bound p 
should be selected reasonably small, which also indicates that 
this robust adaptive algorithm is different from the ordinary ones. 
The proposed algorithm is slightly more complicated than ordi- 
nary robust adaptive algorithms, but the upper bound of the can- 
celing error can be successfully attained by the tighter bound. 

Remark 1: It should be pointed out that if G3(z) = 0, from (5) 
it2an be known that to make the perfect canceling controller 
C (z) exist, both G ~ ( z )  and G&) should be minimum phase 
transfer functions, but since the effect of G3(z) cannot be can- 
celed perfectly or we can purposely retain its effect in a certain 
degree, the minimum phase requirements can be eliminated, 
while the effect of this remaining factor to stability can be com- 
pensated by reasonably increasing the dead zone of the algo- 
rithm, as will be discussed in Case 2. Moreover, from the 
expression (12d) of the error system dynamics W(z)  it can be 
seen that if F(z)  = 0, the condition that G ~ ( z )  should be a mini- 
mum phase transfer function is still needed; therefore, to avoid 
this problem the feedback controller F(z )  should be applied. A 
way to prevent G2(z) from non-minimum phase is to place the 
reference microphone to the noise source as close as possible, 
which may be acceptable in some active noise control apphca- 
tions. In addition, p c e  the dead zone exists, C( z ,  k )  will not ex- 
actly approach C (z), which may weaken the minimum phase 
condition. 

Comparison with ordinary filtered-x algorithm. Almost 
all of the conventional adaptive active noise cancellation algo- 
rithms employ a variation of the filtered-x algorithm [7], which is 
typically expressed in this setup as 

~ 

Control Path Dynamics Feedback Error System 
~~ ~ Dynamics ~ Adaptivity Algorithm Controller 

~~ 

G3 (4 G4 (4 F(z) w(z> 

Known Known p(z)# 0 G4 (4 Partially Direct W ( z )  = (or F(z)  = 0) I + G ~ ( Z ) P  (z) Adaptive Adaptive ( G3 (4 = 0) 

Unknown Known F ( z ) #  0 w(z> = G4G) Partially Direct 
(or F(z)  = 0 )  Adaptive Adaptive 

Unknown Unknown F ( z ) #  O 1 Fully Direct w(z) = - F(4 Adaptive Adaptive 

Unknown Unknown F ( z ) +  0 W ( z )  = 1 Fully Indirect 
(or F(z) = 0) (in Identification) Adaptive Adaptive 

where yf( k - 1) = W( z)cp( k - 1) and y > 0 is a positive step 
size. Since the stability of the algorithm can not be guaranteed, 
the step size yshould be chosen carefully to attain convergence. 

The difference between the proposed algorithm (1 8) and the 
filtered-x algorithm (20) lies in the fact that they use different er- 
ror signals. The proposed algorithm (1 8) uses the extended error 
q( k ) ,  while the filtered-x algorithm (20) uses the actual error 
e@). For more detailed inspection, we have rewritten U( k )  in 
(18c) by use of (10) as 

q ( k )  = <k) + W(z)[$(k -I)@ - l)] 

-6yk-l)[W(Z)cp(k-l)] (21) 

From (21) we can see that it is the existence of the second and 
third terms in (21) that makes the difference between q( k )  and 
e@), and these two terms are not the same in the transient phase 
of adaptation, so it can be recognized that they play an important 
role iG assuring the stability. On the other hand, in steady state, 
whene( k - 1) converges to a constant, the second and third terms 

Fig 2 Experimental air duct system of active noise attenuation 
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in (21) will be canceled because the operator W(z)  can be ex- 
changed with the converged constant parameter vector, indicat- 
ing that v( k )  approaches e@). Therefore, regardless of its robust 
property, the proposed algorithm (18) approaches a kind of nor- 
malized filtered-x algorithm described by 

e ( k )  = 6(k  - 1) + YoV@ - 9 4 )  
1+ YoV'T(k - l)V(k - 1) . (22) 

Extensions of Robust Adaptive Algpithm 
Extension to Case 2. If we have a model G,( z) of the feed- 

back path dy_namics Gg(z), we can reduce the feedback effect by 
subtracting G,( z)v( k )  from tbe reference signal r(k),  and which 
can be perfectly canceled if G3( z )  = G3( 2 ) .  However, in prac- 
tice the model G3( z) involves a modeling error, and it may also 
be varying; therefore, we should de@ with the remaining feed- 
back effect due to GG( z )  = G3( z )  - G,( z ) .  For a general discus- 
sion, we categorize this case as Case 2 where G ~ ( z )  or G;( z )  is 
unknown. In this case, although the error system dynamics W(z)  
in (12d) depends on all of the unknown path dynamics Gl(z), 
G2(z), and G3(z), we can deal with the feedback path effect of 
G3(z) by including it into the uncertain disturbance term and re- 
write the error system (1 1) as 

4 k ) =  r p . ( z ) [ ( e * - e ( k - l ) ~ c p ( k - l ) ] + e ' ( k ) ,  (23) 

where 

W'(z) = G4 (4 
1 + G,(z)F(z) ' 

Since Gl(z)G3(z)/G2(z) has a long delay time and large at- 
tenuation, and the feedback effect G ~ ( z )  may be reduced to 
Gj( z ) ,  we can expect that the ma nitude of c( k )  is reduced re- 
gardless of c(k) .  Thus, if ly( k ) r  < p -' , the adaptive algorithm 
similar to (1 8) is also applicable. Actually, due to the properties 
of Gl(z)G3(z)/G2(z), even if the effect of G3(z) is not taken into 
consideration, in many actual applications, the robust algorithm 
based on (23) can get good convergence for a considerablely 
large step size yo. 

Extension to Case 3. Next we consider a fully adaptive case 
in which all the path dynamics GI@), G2(z), G3(z), and G4z)  are 
unknown and varying. In this case, by choosing F(  z) f Oprop- 
erly, it follows from (1 1) and (12) that the error model can be re- 
written as 

e(k) = W..O[(e*-i(k -l))rrp(k -I)]+ \"(k) 
' (25) 

where W"( z )  = F'( z), r( k )  = [(I+ c( z ) F (  z ) ) F (  =)I-' 
[(e* - 6( k - l))"p( k - l)] + \( k ) .  Thus a direct adaptive algo- 

rithm similar to (1 8) can also be applicable if I,,,( k)l < p" is sat- 
~ 

isfied, where p" is an upper bound. Furthermore, according to (4) 
and (25), we should assume that F(z)  is a minimum-phase trans- 
fer function with zero relative degree and which can robustly sta- 
bi l ize  the  c losed- loop  sys tem,  i . e . ,  the  poles  of 
[1+ G( z ) F (  z)]-'  can remain inside the unit circle within a 

specified range of changes of 

(Canceling Secondary Speaker) Speak:%' 1 // 
Switch #1 

Noise 
Generator 

Adaptive 
Feedforward 

DSP:TMS320c40 

dynamics ~ ~ ( z )  for i = 1,2,3, 
and 4, y d  all the poles of [ 1 - 
G3(z)C (z) + G ~ ( Z ) F ( Z ) ] - ~  are 
inside the unit circle. The de- 
sign of F(z )  with the specifi- 
cations can be formulated into 
a robust control problem. 

A simulation example of 
the algorithm based on the er- 
ror system (25), comparing 
with the ordinary filtered-x 
algorithm and the stability- 
assured algorithm available 
when G&) is given a priori, 
was given in [ lS] ,  which 
shows that the fully adaptive 
algorithm can be applied to 
some cases and adapt to the 
changes in all the path dy- 
namics. 

Remark 2: Generally, the 
design issue of F(z )  is rela- 
tively complicated. But it can 

Fig. 3. Schematic diagram of the experimental air duct system of active noise attenuation. be noticed that, in the pro- 
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posed scheme, the noise cancellation is mainly completed by the 
adaptive feedforward controller C( z, k ) ,  not the feedback con- 
troller F(z ) .  Furthermore, since the concern here is robust stabil- 
ity, not robust performance, if the robust controller, designed 
according to the change range of Gl(z) to G ~ z ) ,  is not aminimum 
phase controller, it is allowable to deviate the optimum design so 
long as all the requirements are satisfied, which will decrease the 
complexity of the design. Of course, the design of the robust 
feedback controller is still an important consideration in the al- 
gorithm. 

Remark 3: Since r( k )  contains 0( k -A), we do not know 
whether r( k )  is bounded by an acceptable p" or not. Therefore, 
the application of this algorithm is rather limited. What we want 
to propose here is an idea by which a direct fully adaptive algo- 
rithm can be realized. If a stability-guaranteed adaptive algo- 
rithm can be derived based on (25) by dealing with the uncertain 
term of the parameter estimation errors directly, but not combin- 
ing it with the disturbance term, then a direct fully adaptive ap- 
proach will finally be attained. 

Indirect Adaptive Algorithm 

Deterministic Aspect 
In Cases 1 to 3, the parameters of C( z, k )  are directly ad- 

justed by using accessible signals. An altemative approach for 
dealing with changes in all of the path dynamics is an 
identification-based indirect adaptive algorithm which will be 
investigated i i  this section. 

Rewriting (1 1) and (12) gives 

= q(+o) -H,(+o) + S(k)  > (26) 

are already defined by (12a) and (12b), where g( z )  and 
respectively, and H,  and H,( z) are defined by 

respectiveh It can be seen from (1 l), (12), and (27) that dividing q( z) by H,( z )  can give the perfect canceling controller C"(z), 

which implies that the perfect cancellation controller__C*(z) can 
be obtained by identifyinghe two transfer functions HI( z )  and 
%( z) and then dividing HI( z )  by H2( z) in an on-line manner. 
This is the principle of the proposed indirect algorithm. 

Indirect Fully Adaptive Algorithm 
Identification of two overall transfer function models. 

From the simplicity of practical implementation, we identify the 
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Fig. 4. Cance!ing error when G,(z) is known and constant, obtained 
by (6)  $filtered-x algorithwi, (c)  proposed stability-assured direct 
partially adaptive algorithm, and (d )  direct partially adaptive 
algorithm in frequency domain [16]. 

transfer functions q( z) and %( z) as FIR models. Thus we 
have 

where 

H,(z) = hlz-' + h2z-, + ... + t$,-z-" , (29d) 

and AH,( z) and AH2( z) denote the truncation error terms. Then 
the error model (26) can be expressed in a compact form as 

E(k) = hT(p(k - 1) + i(k) 2 (30) 

where 
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hT = (al> k?,..., a n ,  4 2 ,  k,..., 4 z )  = (C hT) 3 

(-u(k - l), - Z“(k - 2), ... , - U ( k  -E ) ,  
r(k - 2), r(k - 3) ,  ... , r(k - m))7 , cp(k - 1) = 

and L( k )  includes the disturbanceLerm \( k )  and the truncation 
errors AH,( z )  and AH2( z ) .  Let HI( z ,  k )  and H2( z ,  k )  denote 
the estimates of H I @ )  and H ~ ( z ) ,  respectively, and correspond- 
ingly, h( k )  denotes the estimate for the parameter vector h. Then 
the adaptive algorithm of LMS type is given as follows: 

i ( k )  = i ( k  - 1) + y(k)cp(k - l)&(k) , (314 

&(k)  = 
l+y(k)cpT(k-l)cp(k-l) ’ (31b) 

q ( k ) = e ( k ) - P ( k - l ) c p ( k - l ) ,  (3 IC) 

where it  is assumed that )c(k)/  < 6. 
It can be noticed that tee stability of identification of the sys- 

temmodelsH,( z, k)andH2( z, k)doesnotdependontheoutput 
of the controller provided it is bounded. Moreover, no additional 
loudspeakers and microphones are needed to perform this fully 
adaptive algorithm. 

Remark 4: In this indirect adaptive algorithm, the minimum 
phase issues encountered in the direct adaptive algorithm also 
exist and can be coped with as discussed in Remark 1. 

Calculation of corrcsponding controller. By using the iden- 
tified parameter vector h( k ) ,  the adaptive controller can be con- 
structed as follows: 

Ei,(z, k )  - &2(k)z-2 + i , (k)z-3 + ... + im(k ) z -”  

H2(z,  k )  i&(k)z-’ + i;zz(k)z-2 + . + i&)z-n 
c(z, k )  = n - 

z &(k)z-‘ + <(k)z-Z + + q k ) z - L  , (32) 
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Fig 5 Steady-state canceling performance in frequency domain of 
the proposed direct partially adaptwe algoi itlzin at different points 
in the air duct 

from which it can be noticed that k ) }  are given by the decon- 
volution of the two estimated polynomials identified based on 
(31). A computational procedure for obtaining k ) }  1s sum- 
marized in the next four steps: 

Step 1: Calculate the FFT of the two sequences 
{ i 1 2 ( k ) ,  i I3(k) ,  ..., i , , ( k ) )  and { i2 , ( k ) ,  hZ2(k) ,  ..., i 2 : ( k ) } ,  

and denote them by {f i,(~2’L’L, k )  : i = 0,1, ..., L -  l} and 

{ i i 2 ( e ~ 2 n l i L ,  k )  : i = 0,1, ..., L - I}, respectively. 

Step 2: Dividefil( e’2ni’L, k )  by f i2 (  eJzni’L, k )  for i = 0, 1, ..., L 

- 1, and denote the result as (C(e’Z’”L, k )  : i = 0,1, ..., L -  l}. 

controller parameters { z Z ( k )  : z = 1,2, ..., L> in i.( z ,  k) .  

secondary sound as 

Step 3: Take the inverse FFT of {C(e”””’, k ) }  to obtain the 

Step 4: Calculate the adaptive control input producing the 
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ig 6 Canceling er1 or when G4(z) is changing, obtained by (b)  and (c)  proposed indvect fully adaptive 
algorithm without and with dither signal, (d)  filtered-x algorithm, and (e )  direct partially adaptive 
algorithm 

their true values, the satisfactory canceling performance may be 
attained by applying adaptive control. (33) 

U ( k  + 1) = ?(z, k)r(k + 1) = i: ?,(k)r(k - 1 + 1) 
i=1 

Remark 5: In Step 2, we should avoid the division by a small 
magnitude of a complex number. Therefore, in actual calcula- 

the 

calculating method should be modified by some manner such 

Experimental Results 
Fig. 2 shows an experimental air duct system of active noise 

attenuation, which is used to examine the proposed adaptive al- 
gorithms. The schematic diagram of the system is shown in Fig. 
3. In this system, the primary source noise s(k) is generated by a 

when the Of '2(e'2ffi'L' k> l' to' 

that numerical stabilization 
can be attained. For example, 
if it is less than a specified 
small value c,  it will be re- 
placed by c. Since the loud- 
speaker cannot give good 
response characteristics at 
very low frequencies, and 
usually the components of the 
canceling error in the high 
frequencies of the digital con- 
trol system is rather small, the 
errors of the identified pa- 
rameters relating to these fre- 
quency ranges may be large; 
therefore, the modifications 
will also be large in these fre- 
quency ranges. 

Issue of persistent excita- 
tion property. In the identifi- 
cation of H l ( z )  and Hz(z) ,  
when the signals r (k)  and u(k) 
do not satisfy the persistence 
of excitation condition, we 
should introduce a dither sig- 
nal d(k)  and add it to the input 
u(k) as 

u(k) = u(k) + d(k) , (34a) 

d(k) = f e ( k  - l)v(k) X34b) 

where v(k)  is a random se- 
quence with a uniform distri- 
bution which is generated in 
the DSP, and added to the cal- 
culated control input u(k)  
complying with (34), andfis a 
constant By modulating v(k) 
with the error e(k - l), the ef- 
fect of the dither signal on the 
canceling error can be miti- 
gated. 

It should be mentioned 
that in the noise control prob- 
lems what we are interested in 
is the canceling error, not the 
parameter errors, while in 
some actual applications, 
even though the identified pa- 
rameters do not converge to 
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Fig. 7. Profiles of some identified parameters: (a )  H,(z, k )  and (b )  

H2(z ,  k),  and dither signal (c). 

loudspeaker whose control input is obtained by passing a white 
noise through a lowpass filter with a passband of 500 Hz. The 
noise sound is detected by the reference microphones placed at 
B, B’, and B”, respectively, upstream of the secondary loud- 
speaker C in the air duct, while the error microphones are placed 
at A, A‘, and A”, respectively, downstream of the loudspeaker C. 
The three reference microphones are chosen and switched by us- 
ing the switch #1, to simulate unknown changes of the path dy- 
namics G2(z) and G ~ ( z ) .  Similarly the three error microphones 
are used and switched by the switch #2 to simulate changes in 
Gi(z) and G4(Z). Thus, by combinations of the two switches, we 
can realize arbitrary variations in all of the path dynamics and 
compare with canceling performances of various adaptive algo- 
rithms. 

The reference sound r(k) and error sound e(k)  are processed 
according to the adopted adaptive algorithm, executed in the 
DSP chip loaded on the DSP board (DS1003). The connections 
between the analog devices and digital signals are completed by 
A/D and D/A converters. Here, the DSP chip (TMS320-C40 
with 50 MFlops in performance) is supplied by the Texas Instm- 
ment Co., and the A/D and D/A converters with 12 bits (DS2001 
and DS2101, respectively) are manufactured by the dSpace Co. 
In the experiments, the sampling period is chosen as 1 ms and the 
computational time for executing the adaptive algorithm (1 8) is 
about 2 ms. This computational time is added to the actual delay 
time of G4(z). 

Direct Partially Adaptive Algorithm 
When the control path dynamics G4(z) are known and not 

changing, we can apply the direct partially adaptive algorithm 
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Fig. 8. Comparison of’ steady-state canceling performance in 
.frequency domain between the proposed indirect algorithm with and 
without dither signal: (a )  experiment results and (b )  simulation 
results. 

givcn by (18), which is stability-assured. Comparisons of the 
canceling performances between the proposed algorithm (1 8) 
and the filtered-x algorithm (20) are made as illustrated in Fig. 4. 
In the experiment, the error microphone was placed at point A 
and the reference microphone was placed at point B” at first and 
then changed from B” to B at 4 seconds after the adaptive control 
started Fig 4(a) gives the error e(k) without control, Figs. 4(b) to 
(d) depict comparison of the canceled error e(k) obtained by the 
filtered-x algorithm (201, the proposed algorithm (18) and the 
frequency domain algorithm [ 161, respectively. The frequency 
domain approach employs a frequency sampling filter (FSF) 
consisting of a comb filter 1 - z ‘, followed by a second-order os- 
cillator and a two-tapped delay line with two real weights, where 
L = 65. The two weights in each frequency bin can be adjusted by 
a stability-assured adaptive algorithm which is similar to (1 8). 
For both the filtered-x algorithm and the proposed algorithm, the 
controller C( z, k )  was constructed by an FIR type of adaptive 
filter with the length n = 60 In the filtered-x algorithm, we care- 
fully chose the step size y = 1.2which was near the stability limit 
Therefore, after the start of control, it could result in a fast con- 
vergence like the proposed algorithm, but after the $witching of 
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the reference microphone the canceling error diverged in 300 ms 
after the change, as shown in Fig. 4(b). Comparatively, the pro- 
posed direct algorithm allows an arbitrary step size, so we chose 
a large one as yo = 10’. Figs. 4(c) and 4(d) show that stable con- 
vergence could be attained satisfactorily by applying the pro- 
posed algorithm in the time-domain and frequency-domain even 
if Gz(z) and G3(z) were changed. 

Figs. 5(b) and 5(c) illustrate the steady-state canceling per- 
formance in the frequency domain at different points in the air 
duct, obtained by the proposed algorithm (1 8). Fig. 5(b) gives the 
power spectra of e(k)  at three points r = 0 cm, r = 5 cm, and r = 15 
cm on the cross-section at 4 = 0 cm (see Fig. 5(a)). At the objec- 
tive point indicated by Y = 0 cm and 4 = 0 cm, we could attenuate 
20 dB to 25 dB over the entire frequency range of interest. At 
other points, the noise attenuation could not be done in the fre- 
quency range over 300 Hz. Fig. 5(c) plots the power spectra of 
e(k)  at different points at the duct end (e E 70 cm). We could ob- 
tain cancellation of 15 dB to 20 dB over the range 0 to 350 Hz, 
which is independent of the points of the duct end. 

Indirect Fully Adaptive Algorithm 
When all of the path dynamics are uncertain and changing, 

the indirect fully adaptive algorithm is efficient to deal with these 
uncertain factors. In the filtered-x and direct partially adaptive 
algorithm, the control path dynamics G4z) should be known, 
which motivates us to investigate how the algorithms are affected 
when G4z) is changing. Fig. 6 shows comparison of canceling 
errors obtained by the filtered-x algorithm (20) employing an 
FIR adaptive filter with n = 32 (see (d)), the direct partially adap- 
tive algorithm (1 8) adopting an FIR adaptive filter with the same 
order (see (e)), and the indirect fully adaptive algonthm without 
the dither signal (see (b)) and with the dither signal (see (c)), un- 
der the conditions that all the path dynamics were unknown and 
the control path dynamics G4z)  was changing (for the filtered-x 
and direct partially adaptive algorithm, the initial dynamics of 
G4(z) could be available). 

The variations of the G4(z) was realized by changing the 
switch #2. At the start of control, the reference microphone and 
error microphone were placed at B and A”, respectively. With the 
known G ~ z ) ,  the filtered-x algorithm (19) could also keep its 
convergence by carefully choosing a step size as y= 10. The di- 
rect adaptive approach (18) can also attain convergence for an ar- 
bitrary large step size, where yo = lo3 was used. At 2 1 , 4  2, and 
6 3 seconds, the error inicrophone was switched from the initial 
location A” to A, A and A‘, respectively, which caused the large 
changes in the path dynamics G4z) (and GI@)); therefore, the 
filtered-x algorithm (20) and the direct adaptive algorithm (18) 
failed to adapt to this change and canceling errors diverged soon 
after the change took place. 

On the other hand, the indirect fully adaptive algorithm could 
attain stabilized convergence for all of the changes. In the-on-line 
identtfication, we set the orders of FIR models for both HI( z, k )  
and H2( z, k )  as E = E = 32. The step size in (31) was set at 
yo = lo3. The on-line calculation of the controller parameters 
could be given by executing FFT and IFFT algorithms, where L = 
32 was chosen. 

To investigate the effect of the dither signal to the identifica- 
tion as well as canceling performance, the expenmefit results of 
using the dither signal are also given. The dither signal v(k) used 
is given in Fig. 7(c), which is a uniformly distributed random se- 

quence with the zero mean and variance of one. To make the in- 
troduced dither signal take effect in identification but affect the 
canceling error less, the maximum magnitude of v(k) was se- 
lected as about 4% of the absolute mean of control signal u(k) in 
its steady state. When the path dynamics changes the proportion 
is about 20%. 

Fig~.~7(a) and (b) plot $e profiles of some identified parame- 
ters of Hi( z, k - 1) and H2( z ,  k - 1) in cases without and with 
using the dither signal. All the path dynamics were the same dur- 
ing the time intervals from 0 to 2 1 seconds and_from 4 2 to 6 3 
yconds; therefore the identified parameters of HI( z, k - 1) and 
H2( z, k - 1) should also be the same in the corresponding inter- 
val. It can be seen that this consistency can be better attained 
when the dither signal was used The estimated parameters ob- 
tained without using the dither signal could not go back to their 
estimate in the first interval, while those with the dither signal 
could retum their estimate in the first interval between 4 2 to 6.3 
seconds, even though the path dynamics changed large, as shown 
in Figs. 7(a) and 7(b) 

The effect of introducing the dither signal on the canceling 
performance can be summarized according to Figs. 6(b) and 6(c) 
as well as in Fig. 8. Figs. 6(b) and 6(c) give the canceling errors in 
the dynamic state in time domain from which we can see that 
there are no obvious differences between the two. Fig. 8(a) gives 
the experiment results of the canceling errors in the steady state 
in the frequency domain, which shows that the canceling per- 
formance was improved to a certain degree when the dither sig- 
nal was introduced. The results indicate that even i€ the persistent 
excitation condition of identification is not satisfied, the pro- 
posed algorithm can attain satisfactory canceling performance 
without using the dither signal, and that the canceling perform- 
ance can be improved to a certain extent when the dither signal is 
used. To examine the correctness of the experiment result, a 
simulation run under the same condition is also given in Fig. 
8(b), which shows that the two results coincided 

Conclusion 
When the path dynamics are uncertain and changing, the 

adaptive feedforward control is an efficient strategy for the on- 
line adjustment of the controller parameters. In this article, we 
have categonzed four typical cases in which the noise and con- 
trol path dynamics are partially 01 totally unknown, and corre- 
spondingly two types of adaptive algorithins have been proposed 
and investigated. One is a direct adaptive approach which is 
stability-guaranteed when the control path dynamics are known 
and the upper bound of disturbances is also given a priori The 
other is an identification-based indlrect adaptive approach which 
is fully adaptwe to the uncertain and changes of all the path dy- 
namics. We have examined the adaptive performance of these al- 
gorithms through experimental studies on the active noise 
cancellation of an ax duct system. 
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