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ABSTRACT

The filtered-X least mean square (FXLMS) algorithm is widely used
for active noise cancellation (ANC). Some variants of FxLMS algorithms
have been studied to reduce computational.complexity or to improve con-
vergence rate. In general applications, a long tap length is usually re-
quired for the conventional FXLMS method which convergence rate is
very slow though its structure is possibly very easy to implement. In this
paper, a new ANC system is proposed with a variable tap length and step
size FXLMS algorithm. Taking into account the effect of the lowpass
filter in the secondary path of an ANC system, the impulse response of

the control filter is modeled with an unsymmetric and exponential decay-
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ing envelope to develop our algorithm. Simulation results show that the
proposed algorithm does provide a significant performance improvement
on convergence rate and noise reduction ratio compared to the fixed tap

FXLMS and previously proposed variable step size FXLMS algorithms.
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Chapter 1  Introduction

1.1 Review and Background

The acoustic noise reduction problem []1]] [2] has been explored for
many years, which is widely used in headphones, mobile phones, au-
tomobiles, and some industries which need to remedy the circumstance
of noise disturbance. Instead of using passive methods, the active noise
cancellation (ANC) system improves the efficiency in noise control with
lower volume and. cost. One-of most widely used algorithms for the
broadband ANC system is the filtered-X LMS (FxLLMS) algorithm [3].
The FXLMS algorithm uses secondary path modeling and a control filter
to compensate foruncertain effects in the system, e.g.;,, ADC, DAC, error
microphone, pre-amplifier, ete.; because.the FExXLMS algorithm can lead
to smaller residual noise in the broadband ANC system.

The FXLMS algorithm used for ANC has some variants such as the
lattice ANC [4], frequency domain ANC, delayless subband ANC [5] [6],
etc. The lattice structure filter fails to provide a satisfying convergence
rate when the primary noise is broadband. Although the LMS processing
in frequency domain or subband turns to obtain a faster convergence rate

than the conventional time domain processing, it requires an additional



complexity to implement the discrete-time Fourier transform (DFT) or
filter banks. Compared with the above variants, the transversal filter
structure is relatively simple but a long tap length is required such that the
maximum step size is limited in the FXLMS algorithm and consequently,
the convergence rate is significantly slow [[7] [8]. To remain the advan-
tage of the simple LMS algorithm while increase the convergence rate,
we develop a new variable tap length and step size FXLMS algorithm for
ANC. In the literature, there are some existing variable tap length LMS
algorithm [9] [10] [L1], " which considered a constant exponential decay
envelope for the unknown-impulse response plant in‘a system identifi-
cation model. Based on minimizing the mean square deviation (MSD)
of filter coefficients, the principle of the variable tap length algorithm is
to first approach the modeled part of the plant's‘impulse response with a
smaller tap length for using a larger step size which value is inverse to
the tap length. Then, the tap length is progressively increased and finally
converged to satisfy the minimum MSD criterion with a continuously de-
creasing step size. Hence, a fast convergence rate can be obtained.

For the application of ANC, the secondary path contains a lowpass fil-
ter model that results in a double-sided decaying envelope for the impulse
response. However, the maximum output of the unknown primary plant

is not necessarily at the middle of the impulse response. Hence, in or-
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der to develop a new variable tap length FxLMS algorithm for ANC, we
consider the unsymmetric and double-sided exponential decay impulse
response in our case. The adaptation method for the variable step size
1s also developed in this thesis. Moreover, we propose a recursive form
for optimal tap length estimation in order to simplify the computational
complexity. Numerical results show that the new variable tap length and
step size FXLMS algorithm has a fast convergence rate compared to the
conventional FXLMS and wvariable step size algorithms. From the evalua-
tion of noise reduction for ANC, the proposed algorithm achieves a better

convergence performance than other compared methods as well.

1.2 Organization

The rest of this thesis 1s organized as follows: Chapter 2 describes the
basic ANC system model. The proposed variable tap length and step size
algorithm is addressed in Chapter 3, where a recursive form for variable
tap length estimation and the convergence problem are also mentioned.
In Chapter 4, we discuss how to achieve in the real system and the appli-
cation for online secondary path estimation. The simulation results are

collected in Chapter 5 and the conclusion is drawn in Chapter 6.



Chapter 2 The FXLMS ANC System

A general ANC system using the FXLMS algorithm is depicted in Fig.
R.1], in which P(2) is an unknown plant in the primary path modeling the
acoustic response from the reference microphone to the error microphone
and an adaptive filter 17 (z) in the secondary path is used to compensate
for the loudspeaker system S(z) to cancel an undesired noise x(n) through
P(z). The unwanted background noise v(n) is usually uncorrelated to x(n)
and added to the caneellation error signal. In this'model, the objective
of W (z) 1s to minimize the residual error signal ¢(n). Denote by d(n) the
output of P(z) and s(n) the impulse response of S(z). Consider that K
1s a sufficient tap length for 1//(z), the coefficient vector of W (z) at time
index n 18 w(n) ="wg(n) w (1) -~ wx_1(n)]*¥, and the input noise vector
x(n) = [z(n) z(n — 1) - -<a(n = K=1)]T.~The residual error signal can be
expressed as

e(n) = d(n) — [x" (n)w(n)] * s(n) + v(n), (2.1)

where x denotes linear convolution.
The LMS algorithm can be used to find the recursive solution to w(n)
based on minimizing the mean square error (MSE). Let £(n) = €2(n), the

adaptive filter w(n) is then updated in the negative gradient direction with
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Figure 2.1: Block diagram of ANC system using the FXLMS algorithm.

step size u as

wnT-1) = w(n) = gvg(n) (2.2)

where £(n) is an instantaneous estimate of the MSE gradient at time n with

-~

VE(n) = 2[Ve(n)é(n). From (2.1); we have
Ve(n) /= —=s(n)xx(n)= =x'(n) (2.3)
where x'(n) = [2/(n) 2/(n — 1) --- 2/(n — K + 1)]T. Therefore, we have

VE(n) = —2¢ (n)e(n). (2.4)



Substituting (2.4)) into (2.2), we have the updated equation of w(n),

w(n+1) =w(n) 4+ ux'(n)e(n). (2.5)

From (R.9), the transfer function S(z) of the secondary path exists in
the updated equation of adaptive filter coefficients and is conventionally
called FXLMS algorithm. It is worth to note that S(z) is usually unknown,

so it should be modeled by filter §(4), as'shown in Fig2.1. That is,

Z(n) = 3(n) * z(n), (2.6)

where 5(n) is the estimated impulse response of 5(z).“Without loss of
generality, we simply treat §(z) = S(z) in this work. The online secondary
path modeling and estimation methods can be referred to [8] [[12].

In a typical ANC system, the length of the impulse responses of un-
known plant and secondary path may be very long, which directly affects
the tap length of the adaptive filter. As mentioned in [2], the range of the

step size 1s

2
P,(K +2+2A)’

0<pu< (2.7)

where P, is the power of the input signal z(n) for P(z) and A accounts for

the secondary path delay. When the tap length is long, the convergence



speed becomes small because of a very small step size. Consequently, a
variable length and step size LMS algorithm is studied in order to improve

the ANC system.




Chapter3 The New Variable Tap Length

and Step Size FxXLMS Algorithm for ANC

3.1 Proposed Algorithm

From (R2.1]), the z-transform of the residual error signal is
E(z) =[P@) =W (2)S(z)]X () £V (2). (3.1)

As ignoring V(z)ya simple-insight ‘into (B.1)) is that the residual error is
close to zero, i.e., E(z) = 0, after the adaptive filter converges. Hence,
we can see that the control filter 14/ (z)-1s-to realize the optimal transfer

function with

We(z) = : (3.2)

In some circumstances, the power profiles of the impulse responses of
P(z) and S(z) may have exponentially decaying envelopes on both sides
of the maximum output response. For example, the loudspeaker system
model S(z) includes the D/A converter, reconstruction filter, power am-
plifier, etc., in which the lowpass reconstruction filter usually consists

of symmetric filter coefficients for a linear-phase concern. However, the



P(z) may have an unsymmetric decaying envelope. Here, we assume that
the impulse response of W (z) also has an unsymmetric decaying envelope,
where the left tap length of the maximum output impulse response is M
while the right one is N including the maximum output impulse response.

We express the optimal coefficients for W (z) as follows:
Wi =[wly - w?y wg wl e wfy]” (3.3)

and the following exponential function is used to model the envelope of

the impulse response coefficients
o — (3.4)

where i = —M,--- | —1,0,1,-- =, N =i, the-decaying factor r, and =, are pos-
itive constants, and r,, (i) is a zero-mean i1.i.d. Gaussian random sequence
with variance o2 .

The proposed FXLMS algorithm adaptively adjusts its tap length and
step size as time progresses. Denote by L(n), R(n) and u(n) the left hand-
sides tap length, right hand-side tap length and step size at time n, re-
spectively, and L(n) + R(n) < K. Using the notation L(n) + R(n) for the

subscript of W)y r()(n) and X, . p., (1) to represent L(n) + R(n)-tap fil-



ter vector and input vector, respectively, and W) g (n) = [w_rm)(n) -
wa(n) won) wi(n) -+ w1 (W] AN X (1) = [+ L) -+ '+

1) 2/(n) /(n — 1) -+ o'(n — R(n) + 1)]T, we can rewrite (2.9)) as

Wi (n+1) Wiy (n) /
Wit (n +1) Wi (1)
050 41) SR ()

Here, we assume that the modeled part of W (2) is expanded from the max-
imum impulse response of the filter, thatds, wi(n) = [0, W%, .. (n) 05]7
where the left 0, denotes the 1 x (M —L(n)) zero vector and the right 05
denotes the 1 x (N.— R(n)) zero vector. Now, split ws,, , into four parts

as

/
Wii_L(n)

WO
wo— | (3.6)

Win)

"

W R(n)

10



and define the total coefficients error as

OM—L(n)

gi(n) = — Wi (3~7)

d(n) = [Xie(n) Wi #5(n): (3.8)

Substituting (B.8) into (2.1)) and using (B.7); the residual error signal be-

comes

e(n) = (XRIWic— X7 () pf (W) +Ren) ()

xs(n) + v(n)
= —[Xk(n)gx(n)] *s(n) + v(n)

= _xﬂ;{(n)gK(n) +v(n). (3.9)

Substituting e(n) in (B.3) with (8.9) and subtracting we. at both sides of

11



(B.3)), we obtain

g(n+1) = A(n)gy(n) + u(n + 1)v(n)

0M—L(n+1)

X' L(n+1) (1)

X' Rnt1) (1)

ONfR(nJrl)

, (3.10)

where

A ) =lg=nin+1)

0M—L(n+1)
X,L(n—i-l) (n)
XIR(n—H) (n)

0N—R(n+1)

and I is the K x 1dentity matrix.

X% (n), (3.11)

To develop the recursive algorithm for L(n +1), R(n + 1) and pu(n + 1),

the MSD of g,.(n) 1s explored. Define

A(n) = E[l|gx(n)I[3],

(3.12)

where ||.||2 denotes ¢, norm and E[-] represents taking expectation. Assume

that z(n) and v(n) are two 1.i.d. Gaussian sequences with variances o2 and

o2, respectively. According to the similar assumption and analysis [9],

12



we have

An+1)=nn+1DAMN)+ Bn+1)—nh+1)Tn+1)+~(n+1), (3.13)

where

Do+ 1) = B [[|We—gern [13] + B [ 1 W [13

(3.14)

(3.15)

(3.16)

(3.17)

) . 1 — 62(M—L(n—|—1))7’1 o 1o
EllW3s— sy 2] = ——sam—— ElIWal2], (3.18)
. 6—2R(n—|—1)7'2 _ €—2NTw )

EOWS I8 = e EWRIE (3.19)

13



where

6_2MTl (1 o 62]\/[7'1)

E[[[wi ]3] = o, (3.20)

1 —e2n Tw?

1 — e—QNTQ

Ellwx 3] = oy, (3.21)

1 _ 6727‘2 Tw

Substituting (8.14), (B.18), (3.19), (3.20) and (B.21)) into (3.13)), the MSD

can be rewritten as

An+1)= . nn+1)AMn)+ (B(n+ 1)—nln+ 1))

l="e2n X L—e 22

Tw

<6—2M7'1 - 672L(n+1)7'1 6—2R(n+1)7'2 \ 6_2NT2>

X ag,
+y(n +1). (3.22)

The optimal tap length and step size can be found by minimizing the

MSD with respect to L(n + 1)5.R(n + 1).and u(n + 1). Therefore, taking

the first-order derivative of A(n + 1) with respect to L(n + 1), R(n + 1) and

u(n+ 1), respectively, and setting 533, F204 and S to zero, after

some mathematical manipulation we obtain
1 . pn+1)(6%A(n) +02)(1 —e*)

Lin+1) = ——1
(n+1) o —47 (1 — p(n+1)o2)o2,

(3.23)

14



1. pn+1D)(63A(n) +02)(1 — e ?™)

R 1)=——1 3.24
(4 ) == Tt Do2)o2 (3.24)
and

1— I'(n+1)

A(n)
p(n+1) = — . (3.25)

9 (L(n+1)+R(n+1))o3—202,I'(n+1)
(L(n+1) + R(n+ 1) +2)02 + .

We have to mention that (3.23)), (3.24) and (3.23) are required to be solved

simultaneously for L(n +1); R(n+1)and ji(n+1). It is a tough work to get
the closed-form solution of the joint equations. Taking into consideration
a quasi-static assumption for Z(n) ~ L(n + 1) and R(n) ~ R(n + 1) [L1], a
suboptimal solution can be efficiently found by replacing L(n + 1) and

R(n + 1) by L(n) and R(n) in(3.25): Thatis;

L~ Xy
pn+1) = (3.26)

n n))o2— 0.2 n .
(L(n) + R(n) +2)o2, 3 L7227, 10

From (B.26) we can observe that when v(n) is ignored and the adaptive
filter approaches the perfect tap length, 02 = I'(n) = 0 and thus u(n +

1) =~

i,z » Which is consistent with the convergence condition e.7

excluding the effect of S(z) according to (3.2). Therefore, an alternating

calculation by (B.23)), (3.24) and (8.26) can be used for L(n + 1), R(n + 1)

and p(n + 1).

15



3.2 Recursive Form and Convergence

The more useful results in using (8.23)) and (B.24) are to develop their

alternatives of recursive forms. First, as mentioned in [10], it can be

shown that 0%(n) = 02 A(n) + o2. After re-manipulating (3.26), we have

. _ A(n) —T(n
MO = 202 (A ) = T) + (L) + R)o2(n)
1
202 +(B(R)+R(n))®(n) (3.27)
where
B} A(n"f”%(n) (3.28)
Moreover, from«(p.6), (3.7), and (3:12)), we can prove that
A@) = Tw) = El18y ). 03] (3.29)

Now, let us move on writing the result of L(n + 1) — L(n) and R(n +

1) — R(n) based on (B.23) and (B.24)). Note that although o2(n) varies and

actually vanishes as time n progresses, the statistics of two successive
samples can be viewed very close, i.e., 0%(n) = 0%(n + 1) = 02, when the

algorithm runs under convergence. Based on the above statement and

16



some mathematical manipulation, we have

1 p(n+1)(1—pu(n)o)
B QO =TCES =
and
1 pn+ 1)1 p(n)e)

Substituting (3.27) into (8.30) and (B.31]), we obtain the recursive form

for L(n+ 1) and R(n + 1).as follows:

In practical use, the tap length is actually an integer number. Hence, we
also need to round down L(n 4+ 1) and R(n + 1) obtained from (8.32)) and
(B.33)) to the nearest integers as the resultant.

The next question is whether the proposed recursion (3.32)) and (3.33)
can converge. Return to (3.13)), it is known that for the two parameters

L(n+1), R(n+1) and u(n+ 1), the MSD is a convex function of them and

oA (ntl)

the recursions will find minimum MSD if we can prove that 755 > 0,

O (ntD) ) and ‘W(”“; > 0. Taking the second-order derivative of (3.13)

A (nt1)
OL2(n+1) OR?2(n+1

17



with respect to u(n + 1), L(n + 1) and R(n + 1), respectively, we have

2
(322521— i)) =20%(L(n+ 1)+ R(n+1))o2(n) + 405 (A(n) —T(n)), (3.34)
ON*(n +1) o2 (—e 2Hntm)
m = 87rpu(n+ 1)l (1 — p(n+ 1)o2) o . (3.35)
and
8A2(n + 1) O'gwe_2R(”+1)T2
SR I Fandthas (s i el v — (3.36)

In (3.34), A(n) —TF(n) > 0 based-on.(3.29).and in (3.35) and (B.36), 1 —
pu(n + 1) > 0 in general situations. Therefore, the results of (3.34), (3.34)
and (B.39) are all positive and then, we have shown that the MSD is a
convex function of L(n + 1), R(n + 1) and u(n + 1), and consequently, the
new variable tap length and step size FxLMS algorithm can converge to

the minimum MSD.
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Chapter4 Practice Methods and On-

line Secondary Path Systems

4.1 Proposed Algorithm with Online Secondary

Path Estimation

In the previous section, thé discussion is under the condition of S(z) =
S(z). However in practice, 5(z) is.different from $(z). In recent research
the deviation of 5(2) from S(z)-can be reduced with online secondary esti-
mation. Zhang's method [13] has better performance in online secondary
estimation structure, which 1is considered for the application of the pro-
posed algorithm.

The block diagram of the Zhang's method is depicted in Fig[4.1|. The
coefficients of W(z) is updated by ¢'(n), which differs from the traditional

FxLMS and is expressed in the following:
e'(n) =d(n) —y(n) + u(n) — a(n) + v(n), 4.1)

where u(n) = e(n) * s(n), a(n) = e(n) * 3(n). In order to investigate how

the auxiliary noise ¢(n) affects the proposed algorithm on the online sec-

19



ondary path estimation FXLMS system, we set the background noise v(n)
to zero. The auxiliary noise ¢(n) is generated by white noise generator,

which is used for 5(z) convergence. Using the same method to obtain

(B.9), we have

¢(n) = —Xy(n)g(n) —e(n) * (§(n) —s(n))
= Xk (n)gx(n) — (@(n) —u(n))

= Xp(n)g(n) = &n). (4.2)

The residual error &(n) 1s obtained by the convolution output of the auxil-
iary noise ¢(n) and the deviation of S(z) which equals @(n)—u(n). Then, in

addition to o2 in (8.17), (3:23)); (B:24)), (8.23) and (B.26), 02 is added. Ex-

isting the deviation of 5(z) can make the convergencerate of W (z) slower.
When S(z) converges to S(z), the convergence of W (z) will be not influ-
enced.

In practice, S(z) needs a initial value to speed up the convergence rate
and reduces the influence for the convergence of W (z). When the system
structure and components, such as DAC, ADC, microphone, loudspeaker,
etc., are fixed, an impulse signal into the DAC can be used to measure
the impulse response of S(z) as the output is received behind the ADC.

In practical situation, the initial value of 5(z) can be obtained by some
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Figure 4.1: ANC system with online secondary-path estimation (Zhang's
method).

methods.

However, when the location of the maximum impulse response output
of S(z) has the offset from that of S(z); the convergence performance is
seriously affected.. We can evaluate the performance of A to correct the
maximum output location.of S(z). The related results will be shown in

the next section.

4.2 Proposed Algorithm Practice in Real Sys-
tem

In practice, the optimal coefficients w9, is unknown. And its the two
hand side tap length M/, N and the decaying factor r,, m, are unknown as

well, which directly affect the calculations of the tap length and the step
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size in proposed algorithm. Next, we will introduce a method to get those
parameters.

First, use the fixed tap length with large step size LMS algorithm,
whose tap length is large enough to cover to the maximum power of im-
pulse response of the unknown plant. After hundreds of times iteration,
generally optimal coefficients of the 1W(z) can be obtained. We express

the generally optimal coefficients for W (z) as follows:

W' =%, - wl wd awe e, )T (4.3)

The K’ is total tap length of the generally optimal coefficients w'},,, and

the M’ is left side'tap length, and N“is right side tap length with maximum
output of generally optimal cocfficients.

Second, we inverse all of the.w';., to-positive. Then compare the two

hand side adjacent coefficients in order to get the each peak value like

we_, < w? >w?,.,, and others are set to zero. The peak coefficients can be

express as follows :

P = - %0 1) P phea)” (4.4)

Then according to the 3.4, ignore the Gaussian random sequence and re-

22



verse the equation. We can rewrite the generally decaying factor

thnpy, i=-M,---,—1
ifp? > 0,7 = (4.5)

~Inp?,, i=0,1,--- ,N—1.
Then take the average of 7/ with two hand side in order to obtain the

generally decaying factor 7/ and 7. Substitute 7/, 75, M’ and N’ into 3.20,

B.21|,8.22, 8.23 and B.24.

Third, we can use the the two hand side /s norm of the last 10 grown
taps are less than threshold L’ and R'[for the two hand side to terminate
the growth of the tap length.

Next, a real system simulation will be shown in the next section.
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Chapter 5 Simulation Results

5.1 Proposed Algorithm on FxLMS

In this section, some computer simulations are employed to compare
ANC performance of the proposed algorithm with different FXLMS al-
gorithms. The secondary path model S(z) includes the loudspeaker and
microphone system, and according to [8]; a filter is used to model the sec-
ondary path model S(:).and the frequency response is shown in Fig)5.1.
We set the impulse response-length of plant P(») as 1088 and the length of
the loudspeakernmodel S(z) as L = 65. Hence, a proper length for the op-
timal impulse response W°(z) of W(z) 1s K = 1024. Forsimplicity, we let
S(z) equal S(z) and'generate £(z) from P(z) = W°(2)S(z) and the impulse
response is shown in Fig/5.2. Once the estimate W (=) of W(z) is obtained,
the MSD can be easily evaluated through 100 Monte Carlo simulations
by calculating ||w(n) — w4 (n)||3 for each iteration. Other simulation se-
tups include that r,, (i) was generated by a zero-mean white Gaussian ran-
dom process with variance o2 = 0.01; the exponential decaying factor r,
and r, were 0.01 and 0.005; and the reference noise and the background
noise were zero-mean 1.1.d. and uncorrelated Gaussian processes with

variances o2 = 1 and o2 = 0.01, respectively.
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Figure 5.1: Frequency response of S(z).

In Fig. 5.3, the comparison of the MSD performance in decibel (dB)
is shown for 50000 iterations. Since the tap length of we(z) is 1024, we
choose the same:tap length for the typical FxLMS algorithm with large
and small step sizes, where the large step size,according to (2.7), is set
as fimax = W and the small step-81z€ jimin = 0.2/1max DECAUSE finyin, PTO-
vides the 1024-tap FXLMS algorithm a steady-state performance close
to the proposed algorithm in 50000 iterations. A 1024-tap FXLMS algo-
rithm with variable step size which is similar to [8] is also compared by
using

1(n) = p(n) ttmax + (1 = p(n)) fimin (5.1)

where p(n) 1s a weighting factor, 0 < p(n) < 1, and is calculated by p(n) =

25



0.2

—— Impulse response of P(z) ‘
0.151 R

0.05F b

Impulse Response

200 400 600 800 1000 1200
Samples number

o

Figure 5.2: Impulse response of P(z).

Pe (n) _Pc,min

Pe,max*Pe,min

with Plys and Pein tepresenting the maximum and minimum
average powers:of e(n), respectivelyand P.(n) = 7> 1 ;. €*(n) where
T is an averaging constant with. 7" = 200 herein. The maximum average
power P. max uses the average of the first 100 iterations of P.(n) multiplied
by 1.3 and minimum average power P, uses the average of the last 100
iterations of P,(n) multiplied by 0.7. From Fig. [5.3, we can find that
the proposed algorithm has a much faster convergence rate than other
algorithms. However, if we set a fixed step size um.x for the proposed
algorithm, the converged MSD performance becomes worse in spite of
the same convergence rate. Although the variable step size FXLMS has

a better convergence rate than the large step size FXLMS and a better

converged performance than the small step size FXLMS, its step size is
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Figure 5.3: Comparison of the MSD convergence performance for dif-
ferent algorithms.

somewhat heuristic such that the overall performance is worse than the
proposed algorithm. By terminating the growth of the left tap length when
the ¢, norm of the last 10 grown taps is less than 10-? and 10~° for the right-
side, the total tap length approaches the number about 1104 as shown
in Fig. 5.4(a), however, the MSD performance almost saturates as the
variable step size can still decrease slowly as shown in Fig. [5.4(b).

An experiment to see the transient effect of noise reduction using the
proposed algorithm is shown in Fig. 5.9. Suppose the input noise z(n)
1s exacerbated with variance o2 = 16 from the 250004 to the 40000¢h
iteration as shown in Fig. B5.9(a). From Fig. [5.9(b), the ANC output

remains its residual error approaching the background noise level. To
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Figure 5.4: Convergence comparison of tap-length-and step size for pro-
posed algorithm and other FxLMS-algorithms: (a) Tap length M (n); (b)
Step size u(n).

evaluate the noise reduction performance for ANC, we-define an index,

noise reduction ratio NRR (dB), which-is given by
2
NRR(dB) = 10log (E[d—(”)D : (5.2)

where E[] can be evaluated by ensemble average for simplicity. By NRR
(dB), Fig. [5.6 plots the comparison of the proposed algorithm with other
algorithms. In addition to a better MSD performance, the proposed algo-
rithm has the superior NRR (dB) performance for the ANC application

because of its fast convergence property.
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Figure 5.5: The transient effect of noise reduction:. (a) Input reference
noise z(n); (b) Residual error-e(n).

5.2 Proposed Algorithm on Online Secondary

Path Modeling FXLLMS

We have two simulations about effect of 5(2).. The online secondary
path modeling is based on Zhang's method like Fig4.1. The auxiliary
noise ¢(n) was zero-mean i.i.d. and uncorrelated Gaussian processes with
variances o7 = 1. The initial value of S(z) uses the s(n) with weighted
standard deviation (0.5xs(n))?) of Gaussian random noise. The step size of

S(z) was set to i, = (Ggfg;? , and the step size H(z) was setto 1, = qpris.z.

and the other parameters were the same previous simulation.

In the first simulation, we compare with two initial values of S(z), one
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Figure 5.6: Comparison of NRR (dB) performance for different ANC
algorithms.

is s(n), and the other one is s(n) with weighted random noise. As Fig.5.7,
the variance of auxiliary noise o7 affects the step size(B.26) during the
convergence. Although the 5(z) is almost the same as the S(z) at about
10000 iterations. That effect causes slightly-different convergence speed,
which make the MSD have a little offset at the end of simulation.

In the second simulation, we shift the maximum power center of ini-
tial value of S(z) with one tap on two-hand sides,each for five times. As
Fig 5.8, no matter which side the maximum power center is shifted to or
no matter how many taps, A and MSD are very poor. However, when the
maximum power center is aligned, the A and MSD are the best.

To setup an appropriate variance of auxiliary noise, we run two sim-
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Figure 5.7: The MSD of proposed algorithm with ‘online secondary path
modeling.

ulations: one is to change different variances of background noise on the
traditional FXLMS, and the other one is to change different variances of
auxiliary noise on_ the Zhang's method of online secondary path model-
ing FXLMS. In the first one, the variance of background noise o2 takes ten
numbers that make the SNR(10log(Z—§)) from 40dB to 2dB. Then we com-
pare the steady-state MSD of proposed algorithm in Fig5.9. In the sec-
ond, the variance of auxiliary noise o2 takes eleven numbers that make the
SNR(lOlog(Z—g)) from 10dB to —10dB. Then we compare the steady-state
MSD of proposed algorithm on online secondary path modeling FxLMS
in Fig5.10.

The v(n) and the ¢(n) respectively in the traditional FXLMS and the on-
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Figure 5.8: The average of MSD and A of W (z) with different shifted
maximum power center.

line secondary path modeling FXLMS affect the covergence. In Fig.5.9,
when the SNR is smaller,than 25dB, the steady-state MSD of proposed
algorithm is better than the others. According the Fig.5.7 and Fig5.10,
the smaller auxiliary noise makes-the-convergence of S(z) slower and in-
directly makes the convergence of W (z) slower. However, in the Fig.4.1],
because the residual error e(n) includes the ¢(n) * s(n), the larger auxiliary
noise makes the residual error e(n) larger, too. Therefore, the variance of
auxiliary noise o2 can not be set too large within the acceptable conver-
gence speed, so selecting SNR between 0dB to —6dB is the better choice

in this case.
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Figure 5.9: The steady-state MSD of different variances of background
noise v(n).

5.3 Proposed Algorithm Practice in Real Sys-
tem on Online Secondary Path Modeling

FxLMS

In accordance with the method described in the previous section, we
use a real system of P(z) and S(z) to verify the proposed algorithm. The
impulse response and frequency response of P(z) are shown as Fig5.11]
and Fig5.12:

And the impulse response of S(z) is shown as Fig.5.13. The impulse
response sample length of P(z) and S(z) are 145 and 51 taps. Based on

these, the optimal coefficients of W (z) is 95 taps.
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Figure 5.10: The steady-state MSD of different variances of auxiliary
noises £(n).

The simulation.is to compare noise-reduction ratioNRR (dB) of pro-
posed algorithmwith different on online secondary pathmodeling FXLMS
algorithms shown in Fig.5.14, Fig/5.15 and Fig5.16. ‘The NRR defini-
tion of the on online secondary path modeling FXLMS is different from

traditional FxLMS, which is given by

NRR(dB) = 10log ( g[[jz((?)]]) . (5.3)

About the proposed algorithm setting, the generality optimal coefficients
parameters M’ and N’ are set to 64 and 316, the 7| and 7 are set to 0.0925
and 0.0626. The terminating threshold L’ and R’ are setto 10~! and 5 x 10~

About the normalized LMS(NLMS) algorithm [2] setting, the smoothing
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Figure 5.11: Thedampulse résponse of real P(z).
parameter is set to 0.99, the normalized step size .« is set 0.4 and the tap
length L is set to.95.. We use two 95-taps FXLMS algorithms one with a
large step size and the other with the small step size, where the large step

size 1S Set aS fimax = 2 _and the small step size pmin = 0.4

95-taps FxLLMS with variable step size is similar to[8], whose the param-
eters p,P.,Pemin and Pe ax are the same as the previous traditional FxLMS
simulation, and the maximum and minimum step sizes are between the
other two 95-taps FxLMS with large and small step size.

In Fig.5.14, we adjust the final performance of proposed algorithm,
NLMS [2], variable step size [8] and 95-taps FXLMS with small step size
are close, and then compare the convergence speeds. The step size of the

95-taps FXLMS with large step size is adjusted so that its convergence

speed is as close to proposed algorithm as possible, and then compare the
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Figure 5.12: The frequency response of real P(z).

final performance.

In Fig5.15, the convergence speed of proposed algorithm is better
than the NLMS [2], variable step size [8] and 95-taps FXLMS with small
step size. The final performance of proposed algorithm is better than the
95-taps FXLMS with large step size.

In Fig.5.16(a), the tap length of proposed algorithm is terminated at 92
taps, which is close the tap length of optimal coefficients 95 taps. Shown
in Fig.5.16(b), the step size of proposed algorithm gradually decreases

slower than the others.
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Figure5.13: The impulse response of real S(z).
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Figure 5.14: Comparison of NRR (dB) performance for different online
secondary path modeling FXLMS algorithm.
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Figure 5.16: Convergence comparison of tap-length and step size for pro-
posed algorithm and other online secondary path modeling FXLMS algo-

rithms: (a) Tap length A (n); (b) Step size u(n).
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Chapter 6  Conclusion

We propose a new ANC system using a variable tap length and step
size FXLMS algorithm where a simple recursive form is obtained as well
to estimate the tap length. Here, the new FXLMS algorithm is developed
based on the assumption that the impulse response of the control filter
in the ANC secondary path has an unsymmetric and exponential decay-
ing enve- lope in order to deal with the lowpass filter in the loudspeaker
system. The proposed FXIEMS algorithm has a much faster convergence
rate than the conventional and variable step size FxXLMS algorithms with-
out intensively ¢omputational cost of implementing complicated DFT or

subband filters.
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