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Abstract: A feedforward control algorithm for active nosantrol based on the recursive
estimation of a generalized finite impulse response (FIRXfit presented in this paper.
Recursive least square estimation (RLSE) with variablgdting factors is applied to
a commercial air ventilation silencer to provide the onlgstimation of the generalized
finite impulse response (FIR) filter to obtain active noismipensation in an airduct. The
advantage of the generalized FIR filters lies in the possitit include prior knowledge
of system dynamics in the tapped delay line of the filter. Ishiewn that a significant
improvement in noise cancellation is obtained with the enpéntation of generalized
FIR filter for feedforward ANC.
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1. INTRODUCTION In the situation of measurable sound disturbances with
ignorable acoustic coupling, feedforward compensa-
tion provides an effective resource to create a con-
trolled emission for sound attenuation. Algorithms

In applications where external sound disturbances in-based on recursive (filtered) Least Mean Squares
terfere with the environment, passive or active atten- (LMS) minimization (Haykin, 2001) can be quite ef-
uation can be used to control sound emission. Pas-feCtiVE for the estimation and adaptation of feedfor-
sive noise control is effective at reducing high fre- ward based sound cancellation (Caré¢sal, 2002).
quency sound components but requires large amountd 0 facilitate an output-error based optimization of the
of absorption material to reduce low frequent noise feedforward compensation, a linearly parametrized fi-
signals (Gentnet al, 1997; Bernhard, 2000). Active hite impulse response (FIR) filter has been used for the
noise control (ANC) can be used for sound reduction recursive estimation and adaptation.

and can be particularly effective at lower frequency |, this paper we adopt the framework of output-error

sound components. ANC allows for much smaller p,qeq optimization of a linearly parametrized filters
design constraints to achieve sound and noise Suptq; feedforward sound compensation. However, the
pression and has received attention in recent yeargeeqtorward control algorithm presented here is based
in many active noise cancellation applications (Fuller ,, the recursive least square (RLS) estimation of a
and Von Flotow, 1995; Berkman and E.K,, 1997;.Ca- generalized finite impulse response filter (Zeng and
bell and Fuller, 1999; Meurers and Veres, 1999; ES- o cajlafon, 2003). Generalized or orthogonal FIR

mai[zadehet gl., 2002). The basic principle and ide.a models have been proposed in (Heubeegei, 1995)
behind ANC is to cancel sound by a controlled emis- 4 exhibit the same linear parametrization as a stan-

sion of a secondary opposite (out-of-phase) sound sig-y4rq FIR filter. Combined with a RLS estimation with
nal (Denenberg, 1992; Wargg al,, 1997).
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variable forgetting factors (Landau, 1990), adaptive
infinite impulse response (IIR) filter estimation can
be obtained for feedforward sound compensation. The
adaptive IIR filter requires less parameters to be esti-
mated and provides a better approximation of the filter
needed for feedforward compensation.

2. ACTIVE NOISE CONTROL
2.1 Analysis of feedforward compensation

In order to analyze the design of the feedforward com-
pensatoir’, consider the schematic representation of a
linear duct depicted in Figure 1. Sound waves from
an external noise source are predominantly traveling
from right to left and can be measured by a pick-up
microphone at the inlet and an error microphone at the
outlet.
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Fig. 1. Schematics of ANC system

The (amplified) signak(t) from the input microphone
is fed into a feedforward compensatBrthat controls
the signalu.(t) to the internal speaker for sound
compensation.
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Fig. 2. Block diagram of ANC system with feedfor-
ward compensation

The block diagram corresponding to Figure 1 is given
in Figure 2. Following this block diagram, the dynam-
ical relationship between the discrete time sampled
signals in the ANC system are characterized by differ-
ence equations, where the operat@ used to denote

a unit sample delayu(t) = u(t + 1). The measured
sound disturbance(t) measured at the input micro-
phone is characterized by

u(t) = W(g)n(t)

wheren(t) is a zero-mean filtered white noise signal
with variance E{n(¢)?} = X and W(q) is a (un-
known) stable and stably invertible noise filter.
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The error microphone signa(t) can be described by
e(t) =Wi(q) [H(q) + G(@)F(g)|n(t) (1)

whereH (q) is a stable filter in the ‘primary path’ and
G(q) is a stable filter in the ‘secondary path’ of the
ANC system. BothH (¢) and G(q) characterize the
discrete time dynamic aspects of the sound propaga-
tion through the ANC system to the erreft) mi-
crophone signal. In case the transfer functions in (1)
are known, an ideal feedforward compensdtgg) =
F;;(q) can be obtained in case

H(q)

G(q)
is a stable and causal transfer function. The solu-
tion of F;(q) in (2) assumes full knowledge @¥(q)
and H(q). Moreover, the filterF;(¢) may not be a
causal or stable filter due to the dynamics@fq)
and H(q) that dictate the solution of the feedforward
compensatoF;(q). An approximation of the feedfor-
ward filter F;(¢) can be made by an output-error based
optimization that aims at finding the best causal and
stable approximatior¥'(q) of the ideal feedforward
compensator itf;(¢) in (2).

Fi(q) = )

2.2 Estimation of feedforward compensation

A direct adaptation of the feedforward compen-
sator F'(¢,0) can be performed by considering the
parametrized error signalt, 6)

e(t,0) = H(q)u(t) + F(q,0)G(q)u(t).  (3)
Definition of the signals
y(t) == H(qQu(t), us(t) == —G(q)u(t) (4)
reduces (3) to
e(t,0) = y(t) — F(q,0)us(t) (5)
for which the minimization
1
min - ; e(t,0) (6)

to compute the optimal feedforward filtét(q, 6) is a
standard output-error (OE) minimization problem in a
prediction error framework (Ljung, 1999).

Using the fact that the variance of the inlet micro-
phone signalu(t) satisfies|lullz = |[W(q)|?), the
minimization of (6) forlim _.~, can be rewritten into
the frequency domain expression

min [ [W(e) P H(e") + G(e)F(e, )

(M
using Parceval’s theorem (Ljung, 1999). It can be ob-
served that the standard output-error (OE) minimiza-
tion problem in (6) can be used to compute the optimal
feedforward filterF'(q, #), providedy(t) anduy(t) in
(4) are available.



The signals in (4) are easily obtained by performing system. The basis functions are a generalization of
a series of experiments. The first experiment is doneVi(q) = ¢~* used in a FIR filter and guarantee the
with F'(q,6) = 0, so that the error microphone signal causality and stability of the feedforward compen-
e1(t) satisfies sator for implementation purposes. For details on the
. construction of the functiond}.(q) one is referred
e(t) = H(g)u(?) to (Heubergeet al, 1995). A sr(lo)rt overview of the
and obviouslyy(t) in (4) is found byy(t) = e (t). properties is given here.
Subsequently, the input signa}(¢) can be obtained . . .
by pasqs the ymeasurzd ingut Jrfrgigrophone sigr(a) Let_ (4, B) be the stat_e rr.1atr|x.and mqu matrix of
from the first experiment through an estimated model an input balgnced realization with a McM|IIan degree
G/(q) of G(q). Because(q) is fixed once the mechan- " > 0 and withrank(B) = m. Then matricesC’, D)
ical and geometrical properties of the ANC system in can be constructed according to
Figure 1 are fixed, an initial off-line estimation can
be used to estimate a model 16¢¢) to construct the C=UB*(I, + A*)"'(I, + A)

filtered input signats s (¢). D=U[B*(I, + A*)"'B - I,,)]
Estimation of a modef(q) can be done with the stan-  herel/ € R™*™ is any unitary matrix. This yields a

dard open-loop identification technique by performing squaren x m inner transfer functioP(¢) = D +
an experiment using the control speaker signat) C(qI — A)~'B, where (A, B,C, D) is a minimal
as excitation signal and the error microphone signal hajanced realizatiorf:)* indicates complex conjugate
e(t) as output signal. Sinc&/(q) is used for filtering  transpose of a matrix.

purposes only, a high order model can be estimated to

provide an accurate reconstruction of the filtered input AS F(¢) is @ analytic outside and on the unit circle, it

signal via A has a Laurent series expansion
Gy (t) == G(q)u(t) (8) <
that can be used in the adaptive and recursive opti- P(q) = kzopkq

mization of the feedforward filteF' (¢, 0) in (5).
which vyields a set of orthonormal functionB,

(Heubergeet al,, 1995). Orthonormality of the sé,
3. GENERALIZED FIR EILTER can be seen by-transformation o, :

T " e Ii=k
In general, the OE minimization of (6) is a non-linear o Pi(&*) Bl (e77%)dw = { 0i#k
optimization but reduces to a convex optimization _ o )
problem in caseF(q, ) is parametrized linearly in  DefineVy(q) := (¢/ — A)~" B and
the parametef. L.mearlty in the pgramete‘i is alsp Vi(q) = (¢ — A" BP*(q) = Vo(q)P*(q) (10)
favorable for on-line recursive estimation of the filter, ) ]
as converge to optimal and unbiased feedforward com-then a generalized FIR filter can be constructed that
pensators is obtained irrespective of the coloring of the CONSists of a linear combination of the basis functions

i i ; ia. Do + > 1_o 0k Vi(q). This yields a generalized FIR
noise on the data (Ljung, 1999). A linear parametriza- -0 k=0 "k VE(q -
tion of F(g, ) can be obtained by using a FIR filter filter that can be augmented with standard delay func-
tions

N

—k N

Fla8) =) bua @) F@)=a ™ |Do+ S 0Vol@)PHa)| (1)
k=0

to incorporate a delay time of;, time steps in the
feedforward compensator. A block diagram of the
generalized FIR filterF(g) in (11) is depicted in
eFigure 3 and it can be seen that it exhibits the same
tapped delay line structure found in a conventional
To improve the approximation properties of the feed- FIR filter, with the difference of more general basis
forward compensator in ANC, the linear combination functionsV(q).
of tapped delay functiong=! in the FIR filter of (9)
are generalized to

but many parameter$, are required to approximate

an optimal feedforward controller for a complex ANC
with many lightly damped resonance modes. To im-
prove these aspects, generalized FIR filters can b
used.

An important property and advantage of the gener-
alized FIR filter is that knowledge of the (desired)

N dynamical behavior can be incorporated in the basis
F(q,0) = Do+ Y _ 0k Vi(q) functionV;(¢). If a more elaborate choice for the basis
k=0 function Vi (q) is incorporated, then (11) can exhibit

where Dy is a direct feedtrough term and.(q) are better approximation properties for a much smaller
generalized (orthonormal) basis functions (Heubergernumber of parameterd than used in a conventional

et al, 1995) that contain knowledge of the dynamics FIR filter. Consequently, the accuracy of the optimal
of the optimal feedforward controller for the ANC feedforward controller will substantially increase. In
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low order model in (13), the system dynamics can be
rewritten as a linear regression form

y(t) =T (1), 0=1[01,...0,]"  (16)
whereg® (t) = [uf (t),...,uL(t)] is the available in-

put data vector and is the parameter vector to be
estimated of the generalized FIR feedforward com-

pensator.

Fig. 3. Basic structure of generalized FIR filter

the next section we will elaborate on the choice of the 4 5 Recursive estimation
basis functionV;(¢q) and the use of the generalized

FIR filter in_ the role of ANC based on feedforward Tpe objective is to identify (estimate) the values of
compensation. the parameter$ in (16) such that the feedforward
controller minimizes the error signal(¢). The pa-
rameterd) can be identified with the available input-
4. ESTIMATION OF GENERALIZED FIRFILTER  output data up to timeé by a standard recursive least
square (RLS) algorithm (Haykin, 2001). It is known
4.1 Construction of basis functions that RLS algorithm at steady-state operation exhibits
a windup problem if the forgetting factor remains con-
To facilitate the use of the generalized FIR filter, the stant, which will deteriorate the estimation results. As
basis functiorV/y (¢) in (10) have to be selected. Alow 3 result, a variable forgetting factor (Landau, 1990) be
order model for the basis functions will Sufﬁce, as the emp|oyed to prevent this pr0b|em from Occurring_ The
genera”ZEd FIR model will be eXpanded on the basis parameter§ can be estimated by RLS a|g0rithm with

of Vi (q) to improve the accuracy of the feedforward variable forgetting factor through two steps in each
compensator. With no feedforward compensator in sample time:

place, the signaj(t) is readily available via .
(1) Compute the gain vecté(t) and the parameters

y(t) == H(q)u(?) (12) 6(t) at the current sample time
and an initial low order IIR modeF () of the feed- P(t —1)¢(t)
forward filter F'(¢) can be estimated with the signals k(t) = M) + oTHP(E—1)o(t) a7)
available from (8) and (12) using the OE-minimization .
o §() =y() =07 (t—1o(t)  (18)
F(q) = F(q,0), 6 = min < e*(t,0)  (13) 0(t) = 0(t — 1) + k()€ (t) (19)
=0 (2) Update the inverse correlation mat#Xt) and
of the prediction error the forgetting facton (¢)
e(t,0) = y(t) — F(q,0)az(t) P(t)=M(t)""P(t—1)- (20)

M) k)T ()Pt —1
where @4 (¢) is given in (8). The initial low order 1O kBT P )

IIR model F(q) can be used to generate the basis A(t) = Ao (E=1)+1=20;0 < Ao <1 (21)
functions V. (¢) of the generalized FIR filer of the where the typical values can be;(0) = 0.95 ~
feedforward compensataF(¢). An input balanced 0.99; Ao = 0.95 ~ 0.99.

state space realization of the low order mod&l)

; : . Relationship (21) | f ing f h
is used to construct the basis functigi(q) in (10). elationship (21) leads to a forgetting factor that

asymptotically tends towards 1. The recursive least
With a known (initial) feedforwardF (¢, ) in place, ~ square minimization will be
the signaly(t) can be generated via

t
5 J(t) =Y M) @) -0 o)) (22
y(t) = H(@u(t) = e(t) + F(g.0)us(t)  (14) 6= 2 MOTWE -0 @2)
and requires measurement of the error microphoneThe algorithm is initialized by setting
signal e(t), and the filtered input signak,(t) = YR o
G(q)u(t) that can be simulated by (8). Since the 0(0) =0, P(0) =671
feedforward filter is based on the generalized FIR atypical value fow choose in this paper 5= 0.001.
model, the inputi(¢) is also filtered by the tapped
delay line of basis functions. A new filtered input
signalz(t) can be defined as

From (17), we can see that even though the input data
vector ¢(t) is zero at some time, the gain vector
k(t) does not increase because # 0. A zero or
iy (t) = Vi(q)G(q)u(t) (15) small input data vectap(t) can occur when the sound
disturbanceu(t), measured by the inlet microphone
With the signaly(t) in (14),45(t) in (8), ax(t) in (15) in Figure 1, is small. In that event, the recursive esti-
and the basis functioi,(¢) in (10) from the initial mation routine will be robust in the presence of lack
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of excitation from the sound disturbance. As a result,
4(t) = A(t — 1), and the parametefst) of the gener-
alized FIR filter at the current sample tili@emain
constant when only a small or no inlet disturbance
signalu(t) is being measured. An additional advan-
tage of the usage of a variable forgetting facte(t)
computed by (21) is a rapid decrease of the inverse
correlation matrix. In general this results in an accel-
erating convergence by maintaining a high adaptation
at the beginning of the estimation when the parameters
0 are still far from the optimal value.
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Fig. 5. Amplitude of spectral estimate of%

(solid) and 4th order parametric modg} (g, )
5. IMPLEMENTATION OF FEEDFORWARD ANC (dotted)

5.2 Implementation of feedforward ANC

Q

5.1 Modelling of the system dynamics

After initialization, the information of the filte€(q),
For the experimental verification of the proposed feed- the basis functiori’;(¢) and the time delay,, was
forward noise cancellation, the ACTA silencer de- used to perform a recursive estimation of the general-
picted in Figure 4 was used. The system is an open-ized FIR filter based feedforward compensakdy;).
ended airduct located at the System Identification andTo illustrate the effectiveness of the recursive general-
Control Laboratory at UCSD that will be used as a ized FIR feedforward compensator, data has been gen-
case study for the ANC algorithm presented in this pa- erated over 1.5 seconds, where a sound disturbances is
per. Experimental data and real time digital control is generated into the air-duct during the first half second
implemented at a sampling frequency of 2.56kHz and and the last half seconds, and is turned off in between.
experimental data of the error and input microphone For the generalized FIR filter onliy = 5 parameters
were gathered for the initialization of the feedforward §;, i = 1,...,5 in (16) were estimated for the con-
controller. struction of the feedforward compensator. With a 4th
order basis functio,(¢), each parameteér, € R***
and this amounts to IIR feedforward compensator of

order 20.
(' % The performance of the generalized FIR filter is con-
o a firmed by the estimates of the spectral contents of

the microphone error signalt) plotted in Figure 6.

The spectral content of the error microphone signal

Fig. 4. ACTA airduct silencer located in the System ?las bgenhre(f:luced S|gn|f|cantlfy by the ﬁ]lenerallzed FIR
Identification and Control Laboratory at UCSD ilters in the frequency range from 40 tll 400Hz.

-10

In order to create the filtered input digital(¢) in
(8) anda(t) in (15), a 21th order ARX modefi(q)
which can pick most main resonance mode$:6f)
was estimated for filtering purposes.

I
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w
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The filtered input signad: ;(¢) and the observed error
microphone signaj(t) sampled at 2.56kHz were used
to estimate a low (4th) order IIR modél; (g, 0) to

create the basis functidi; (¢) in (10) for the general- 70
ized FIR filter parametrization of the feedforward con- 10
troller. During the estimation of the low order model — ] ]
p(q) also an estimate of the expected time detqy Fig. 6. Estimate of spectral contents of error micro-
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in (11) was performed and was found tog = 16. phone signak(t) without ANC (solid) and with
The identification results of the 4th order IIR model ANC using 20th order generalized FIR filter (dot-
Fy(q,0) is shown in Figure 5. From Figure 5 it can be ted)

observed that the 4th order modej(q, 0) picks two 14 jjiustrating the stability and convergence proper-
resonance modes %% The reason only 4th order ties of the recursive least square (RLS) estimation,
model Fy(q,0) is estimated is thaf’s(q,0) is only ~ the norm of parameter§d;|| for i = 1,...,5 is
used to create the basis function, and a high accurateshown in Figure 7. Since each parameigin (16)
model is not necessary. is of dimensionR*4, only |6, for i = 1,...,5 is
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plotted to provide 5 lines for each multidimensional the linear parametrization is an IIR filter that can be
parameter. From Figure 7, it can be observed thatestimated via filtered recursive least squares (RLS)
the parametergd;|| converge to a steady state very techniques with variable forgetting factor. The design
quickly which validates an important property for the is evaluated on the basis of an experimental active
recursive least square (RLS) algorithm. Moreover, the noise cancellation experiment and shows significant
parameter values remain constant in the presence ofound reduction. The RLS is robust with respect to
lack of excitation at the middle part of the experiment. lack of disturbance excitation by the adaptation of the
forgetting factor in the recursive estimation.
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