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Abstract

This paper presents a novel adaptive structure for audio noise removal, aiming to enhance the performance of noise reduction.
The proposed structure consists of a bank of parallel least-mean-squares, time-domain adaptive filters. Multiple microphones
are employed to capture the noise source signal, while another microphone records the corrupted speech signal. By passing
the recorded noise signals through the parallel adaptive filter bank structure and subtracting the results from the speech signal,
the noise is effectively suppressed. Additionally, the noise removal performance is further improved by linearly combining the
error signals, which include the noise-free speech signal. The effectiveness of the proposed adaptive structure is demonstrated
through theoretical analysis and numerical simulations, highlighting its superior noise removal performance compared to

traditional acoustic noise cancellation approaches.

Keywords Parallel adaptive filters - Least-mean-square - Audio noise removal - Theoretical performance analysis

1 Introduction

Audio noise removal technique is used as an art to eliminate
the acoustic noise from the speech signal and therefore it can
enhance the quality of speech signal. There have been a lot of
research works in the context of acoustic noise cancellation
(ANC) by applying adaptive filters [1-14]. The original idea
of noise cancellation via adaptive algorithm was firstly pro-
posed by Bernard Widrow [1]. Since then, several adaptive
cancellation algorithms have been proposed to address the
stability, misadjustment, and computational complexity.

In [2], the least-mean-squares (LMS) algorithm with vari-
able step size is proposed in which the adaptive weights are
frozen when the target signal is strong. In [3], a robust vari-
able step-size normalized LMS algorithm is presented. A
constrained optimization problem is derived by minimizing
the /> norm of the error signal with a constraint on the filter
weights. A novel LMS-based adaptive algorithm for ANC
application is introduced in [4] which applies nonlinearities
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to the input and error signals by using the Lagrange multiplier
method.

In some ANC applications, there is a secondary path
between the output of adaptive filter and the error signal. The
secondary path causes phase shifts or delays in signal trans-
mission. Conventional LMS algorithms cannot compensate
for the effect of the secondary path. For those applications,
the filtered-x LMS (FXLMS) algorithm is proposed [5].
Adaptive volterra filtered-x least-mean-squares (VFXLMS)
algorithm has been derived in [6] for ANC application
with nonlinear effects. Adaptive filtered-s least-mean-square
(FSLMS) algorithm is proposed in [7] which has a bet-
ter noise cancellation performance with less computational
complexity compared to second-order VEXLMS algorithm.
In [8], an adaptive noise cancellation, based on multiple
sub-filters, is studied which improves the convergence perfor-
mance; however, it deteriorates the steady-state performance
compared to the single-filter approaches. A novel adap-
tive algorithm for cancelling residual echo is proposed in
[9], where the complex-valued residual echo is estimated
and corrected. Unlike the conventional single-channel echo
cancellation algorithms, this approach considers both the
amplitude and the phases of far-end signal. The idea of mul-
tichannel acoustic echo cancellation is addressed in [10] by
using a multiple-input multiple-output (MIMO) adaptive fil-
tering. In [11], amultiple reference adaptive filtering for ANC
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application in propeller aircraft has been studied. A multi-
channel structure for ANC has been proposed in [12] where
a filtered-x affine projection algorithm is derived for noise
cancellation. An adaptive Bayesian algorithm is proposed
in the frequency-domain [13] to address the multichannel
acoustic echo cancellation problem. The echo paths between
the loudspeakers and the near-end microphone are modelled
as a multichannel random variable with a first-order Markov
property. Multi-microphone speech enhancement methods
are applied to remove the background noise and undesired
echos in order to achieve a high-quality speech [14].

In this paper, we propose a novel structure for ANC appli-
cation in which multiple adaptive filters are used to eliminate
the acoustic noise from the speech signal. We measure the
noise source by multiple microphones and use a bank of time-
domain adaptive filters to eliminate them from the speech.
Since the measured noises are uncorrelated with each other,
we can enhance the filtering performance by using a linear
combination of error signals. The steady-state mean-square
deviation (MSD) performance is also analysed. The theoret-
ical findings verify computer simulation results.

The organization of this paper is stated in the following.
In Sect. 2, the problem formulation of ANC is introduced. In
Sect. 3, we introduce our proposed time-domain adaptive fil-
ter bank for cancelling the noise signal. Section 4 discusses
the theoretical performance analysis of the proposed algo-
rithm. Computer simulation results are represented in Sect. 5.
Finally, Sect. 6 concludes the paper.

Notations: In this paper, small letters with subscript, e.g.
xi, display vectors, capital letters, e.g. R;, display matrices
and small letters with parentheses, e.g. x (i), display scalars.
The superscripts x” represent the transpose of a matrix or
vector. All vectors are column vectors. Random variables
display with boldface letters, e.g. scalars, vectors, and matri-
ces, are denoted by x (i), w;, and R;, respectively. The Tr(.)
symbol shows the trace operator, and E() symbol denotes the
expectation operator. The vec(.) operator stacks the columns
of a matrix into a vector on top of each other. The Amax(.)
denotes the largest eigenvalue of its matrix argument.

2 Problem formulation

Figure 1 shows the configuration of a noise cancellation sys-
tem. It consists of one adaptive filter w; and two microphones
MIC1 and MIC2. MICI1 captures the noise source signal and
MIC?2 captures the speech signal. Both microphone’s records
are contaminated by a measurement noise. The measurement
noise of MIC1 is denoted by v(i) and the measurement noise
of MIC2 is represented by z(i). Assume that the noise source
signal x (i) passes through the acoustic channel w’ with the
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following impulse response

M—1

Z w’ ()8 (n — i). (1)

i=0

By sorting the channel coefficients w? (i) into the column
vector w?, the acoustic channel impulse response can be
expressed as,

w’ = [w(0), w(), ..., w (M —1)]" 2)

where ()7 represents the transpose operator. According to
Fig. 1, the second microhpone, MIC2, measures the sum of
the channel output and the speech signal, s (i). Therefore, the
desired signal at the adaptive filter is achieved as

d@i) = xTw’ +53) + z(), A3)

where z(i) is the measurement noise of the second micro-
phone and

xi=[x@),x(—1),....x( —M+1D]", “

is the vector form of the input signal x (i) which is measured
by the first microphone MIC1.
The input signal of the adaptive filter is

u(i) =x@) +v@, (&)

where v(i) is the measurement noise of the first microphone
MIC1. The output signal of the adaptive filter is denoted by
y(i), that is

y() = ul w;, (6)
where u; is a vector of input signal (i) as follows:
wi=[u@),ui—1),...ui—M+1]", %)
and w; is a vector of filter weights

T.

®)

w; = [wo(i), wi (i), ..., wy—_10)]

The error signal e(7) is obtained by subtracting the filter out-
put signal y(i) from the desired signal d (i) as

e(i) =d@) — y@). ©)
The LMS algorithm is used to estimate the acoustic channel
impulse response w? by updating the weight vector w; of the

adaptive filter [15] as

w1 = w; + pne@iu;, (10)
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Fig.1 The acoustic noise cancellation (ANC) block diagram

where p is the step-size parameter. For a sufficiently long
time, the adaptive filter weight vector w; converges to the
optimal vector w°. As a result, the filter’s output signal is

y@) ~ ul w’. (11)

Therefore, according to (3), (5), (9), and (11), the error signal
is

e(i) ~ s(i) +z3i) — v! w’. (12)

In the ideal case, where the measurement noises z(i) and
v; are zero, the error signal e(i) is a good estimation of the
noise-free speech signal, such that

e(i) ~ s(i). (13)

In order to decrease the effect of measurement noise, we can
use multiple microphones with uncorrelated measurement
noises. In this paper, we propose a novel structure for ANC
application in which we alleviate the effect of input measure-
ment noise with using multiple microphones measuring the
noise source.

3 A bank of parallel adaptive filters

In this section, we propose a novel structure for noise can-
cellation in which there are multiple adaptive filters each
of which is connected to a microphone to capture the noise
source signal x (i) as shown in Fig. 2. The LMS adaptation
rule of each adaptive filter is as follows:

Wk i+1 = Wk, + peg(D)ug,i, (14)
where wy ; is the kth adaptive filter weight vector at time

instant i, and uy ; is the input signal of the kth adaptive fil-
ter. Since the measurement noises vy (i) are uncorrelated, we

Ul(l)l ' ﬁ(l) ‘
oG julilg e,

i
(i) Z)l ‘j( )
Ui y ) es (s
Noise D ®© Lin. | ea(4)
Source Comb\——

vy (i) | ﬁ(i)
oo wn g end)

Fig.2 Adaptive filter bank for ANC application

can reduce the noise power by linearly combining the error
signals ey (i) as

ea(i) =

1 N
= e~ 50, (15)
k=1

where e 4 (7) is the average error signal of adaptive filter bank
which is approximately equal to the noise-free speech signal.
In order to compute the error signal e, (i) at the kth adaptive
filter, we need to define some variables as follows:

er(i) =d(@) — yi (i), (16)

where d (i) is defined in (3) and y, (i) is the output signal of
kth adaptive filter and given as

yi@) =ulwe;, k=1,....N. (17)
Inserting (3) and (17) in (16), we obtain the kth error signal
ex(i) =s(i) +2() +uj wr; — v ;w°, (18)
where we define the error vector wy ; as follows:

W = w’ — wy. (19)

By substituting (18) into (15), we have

N N
. . ; 1 1 T
e (i) =s@) +z0) + N Zuk ik = 5 ka ;w’
k=1 k=1
(20)
The variance of the average error signal is equal to
Blea@I* =07 + o + w1 |
+— ZEnwk,nR B 1)

k=1
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where the input signals u ; and the noise vectors vy ; are ran-
dom variables with the following M x M covariance matrices

Ryx =E[ugul;] = Ry + Ryx.

Ry =E[viiv);]. Re=E[xix]]. (22)
The noise scalar z(i) is zero-mean Gaussian random vari-
ables with variance 022 and the speech signal s(i) has the
following variance o2

of =Elz()]>. o] =E[s()[*. (23)
It should be noted that the following parameters are mutu-

ally independent, because the origin of their production is
separate

xi Lo LzG) Ls@) 24)

In order to calculate the signal-to-noise-ratio (SNR) of the
cleared signal, we need to derive the variance of the local
error signal (18) as

Eler())> = o7 + 07 + |w’l%,, +Elwgill, - (25)

Therefore, we can obtain the SNR of local error signal as

o2

SNR; = g _ . (26)
o + [wlg, , +Ellweil%, ,

On the other hand, according to (21), the SNR of the average
error signal (20) is

o2

SNR, = s . @
2 I N S
o2+ IIUJ‘JII%RU,]{ + 77 k=1 Elwgill,

Comparing the SNR of the local error signal (26) and the
SNR of the average error signal (27), we conclude that the
denominator of the SNR fraction has become smaller in our
proposed ANC structure. In other words, linear combination
of local error signals leads to better output SNR.

4 Performance analysis
In this section, the behaviour of the error vector wy ; in the

mean sense and in the mean-square sense is analysed. By
substituting Eq. (18) into the adaptation rule (14), we have

Wi i+1 = Wk, + uuk,i(s(i) +z(@{) + ukT’iﬁ)k,i — v,?iw”).
(28)

@ Springer

By subtracting (28) from w?, the error vector of kth adaptive
filter is obtained as

W ir1 = B iwy; — puy,;s@)

—pug iz (i) + pug v w’, (29)
where I, is the identity matrix with dimension M x M and
By =1y — Muk,iukr,i- (30)
4.1 The mean analysis

By computing the expected value of both sides of (29), we
have

E[igi11] = E[By w1 — nE[ug is ()]
—uEluy iz(i)] + pElug ivf w’]. 31)

By considering this fact that the measurement noises vy ;,
z(i), and also the noise source x; are zero-mean and mutually
independent as stated in (24), we can simplify Eq. (31) as

E[iy i+1] = ByEl[iby;] — nE[ug ;1E[s(i)]
—uElug i 1E[z(D)]
+HE[(x; + vi,)v] Jw®, 32)

where we have defined

By £ E[Byil = Iy — 1Ry, (33)
Ui = x; + vpi (34)

Since the error vector wy ; depends on the data up to time
i — 1, and the matrix By ; is a function of the input data at
time i, we consider the independence assumption of By ; and
wg,; in Eq. (31). The mean equation of the error vector can
be further simplified as

E[wg,i+1] = BkE[w ] + 1Ry xw’, (35)
where we use the following assumptions

Elug i1 = E[x;] + E[vt,i] = 0,
E[z()] =0,
E[x;v] ;] = E[x;]E[v] ;] = 0.
(36)

By taking the limit of the mean relation (35) in steady-state
regime, when i — o0, and using the following approxima-
tion in steady-state regime

Jim E[wy ;1] > lim E[wg ], 37
11— 00 11— 00
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we can group the two terms with expectation and thus the ~ where the weighting matrix X’ is defined as follows:
mean relation of the error vector results in
T
o L ol =E<Bk,iEBk,,-). (42)
lim E[w ;] = (I — Bx) Ryxw’. (38)
11— 00

This relation shows that when there is a measurement noise
vg,; in the ANC problem, mean of the error vector is nonzero
and therefore the estimation is biased. The bias value is
directly related to the measurement noise power R, . We
can decline the bias value by linearly combining the error
signals of adaptive filters since the noise power decreases
from R, j to %Rv,k.

4.2 The mean-square analysis

By inserting (34) into (29), we can rewrite the error vector as
Wi i+1 = B it — pug,is (i) — pu,iz(i)

+uxiv,€iw” +,uvk,,-va,iw". (39)

In this section, we study the behaviour of the error vector
variance by analysing the mean of weighted squared norm
given as

Bliogi 113 = E[@], 1 Sdeis |
= B(f Bl By )
2 N T .
+u E(s(t)uk’iEuk,is(z)>
2 NOT .
+u E(z(l)uk,iEuk,iZ(l))
+u2E(w”Tvk,ixiTExiv,Ciwo)
+;fE(w”Tvk,iva’iEvk,ivlziwo)

+ME(E,€iB,€,Evk,iv,£iwo>, (40)

in which other terms are discarded because vy ;, z(i) and x;
are mutually independent and zero-mean samples. Accord-
ing to the LMS adaptation rule, the estimation vector wy ;
depends on the data up to time i — 1, uy ;1. Thus, we can
assume that the error vector wy ; is independent of the input
data uy ;. Therefore, we conclude that the error vector wy ;
is independent of matrix By ;, where By ; is defined in (30).
Thus, the first expectation term in (40) is

E(ﬁ);{iB;Z:isz,iﬁ’k,i)
= E[E(ﬁ)/:iBZJZBk,iﬁ)k,i)m)k,i]

= E[w,{iE(B,{i EBk,i>ﬁ)k,i Iﬁ)k,i]
= Elliby.i |3, 4D

In linear algebra, we have the following property for Kro-
necker product [16]:

vec(AXB) = (BT ® A)o, (43)
where
o = vec(X). 44)

Applying the vec(.) operation to both sides of (42), we have

o' = Fo, (45)
where
TéE[B,{J ®B,{J]. (46)

By substituting By ; from (30) into (46), we have

F = E[(IM — Muk,iu,zi) ® (IM — Muk,ill/z,,)]- (47)

One can conclude that the expectation in (47) is time-
invariant and, thus,

F = E[(IM - Muk,iu;{,i) ® (IM - uuk,iuZ,,-)]
=Uu®1Iy)— Uy Ry k)
—(Ruk ® In) + O(1?), (48)

where O(u?) denotes
O(M?) = qu[uk,iuZ’i ® uk,iukT’i]. (49)

Calculating (49) needs the knowledge of fourth-order statis-
tics which are not available. The effect of this term can be
ignored by assuming a sufficiently small step size as used in
[16]. Therefore, matrix F became time-invariant and can be
approximated as

F~Bl ®Bl. (50)

Using this property that Tr[AB] = Tr[B A], we can rewrite
the second expectation of (40) as

MZE(s(i)u,iizuk,is(i)) = ;ﬁTr[E(s(i)u,ﬁiZuk,is(i))]
= MTr[E(u,QEuk,is(i)s(i))]

= M2Tr[E(u,€i2uk,i)af]

@ Springer



450

Signal, Image and Video Processing (2024) 18:445-454

S

= ,MZTTI:E(uk,iu]Z,,’E)Uz:I
= ol Te[Ruk 2], (51)
where R, x and osz are defined in (22) and (23), respectively.

Similar to (51), the third expectation of (40) can be derived
as

MzE(z(i)u,{izuk,iz(i)) = 1262Te[ Ry i 3], (52)
The fourth expectation term of (40) is also calculated as
/LZE(w"Tvk,ixiTExiv,{’iwﬂ
= ,u2E[E(w”Tvk,,'xiTEx,-v,€iw”)|vk,i]
= MZE[w"TvkyiE<xiT2xi)v,ziw0|vk,i]
= W Tt[R, S]w’" Ry jw?, (53)

where we used the R, ; definition in (22) and the following
property of the trace operator

E(x! sx;) = T[E(x] £x:)] = TR, 5], (54)

The fifth expectation term of (40) is approximated as the
following

u2E<w0Tvk,iv,€iEvk,iva’iw"> ~ /sz”TRU,kZRU,kw”.
(55)
Since the error vector wy ;, the matrix By ;, and the noise

vector vy ; are mutually independent, we can separate the
sixth expectation term of (40) as

/LE(ﬁ),{JBZJ- Evk,,-va,iw">
_ T T T
- ME(wk,,-) E(Bk,i) EE(vk,ivk,i)wo
~ T T
- ME(wk,i) BI SRy jw°. (56)
By considering the steady-state mode of the mean of the error
vector (38), the expectation in (56) is obtained in steady-state
mode as
lim ,uE(ﬁ),{inTiEvk,iniw”)
i—00 ’ ’ ’

= 2w’ RY (I — Be) """ B SRy w0’ (57)

Finally, replacing the achievements of (41), (51), (52), (53),
(55), and (57) into (40) yields to

Ellwei+1l12 = El#wil %, + 120l Tr[RuxZ]
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+ ol Te[ Ry 2]
+ /LzTr[RXE]w”TRv,kw"
+ 12w Ry k2 Ry jw”
1T
+uPw’ R (In — Bx) ™" B ZRy xw”.
(58)
Using the following property of the trace operator
Tr(WE) = [vec(WH)] a, (59)
We can write the variance (58) in the vector expression
Ellwit1lly = Ellokillz, +u’olvee(Ry )" o
+ [;LZO'ZZVGC(RZ:/()TO'
+ Mzw"TRU,kw”vec(R;)Ta
+ uzvec(RvT,kw”Tw”Rv.k)Ta
+ uPvec(By (I — Br) ' Ruw’w’ R ) 0.

(60)

By taking the limit of the variance (58) in the steady-state
regime, when i — oo, and using the following approxima-
tion

. . 2 . . 2
lim Ellwg ;41ll; = lim Ellwg |7, (61)
1—> 00 1—> 00

We can group the two terms with expectation in (58), and
thus the variance of the error vector turns to

lim Elldogilly oz,
= Mzafvec(le)Ta
+/L20Z2VGC(RIZ:]()TO'
+uPweT Rv,kw"vec(RxT)Ta
+/,L2V€C(R£kngw0Rv’k)T(T

+szec(Bk (IM — Bk)_le,kwow"TRUT’k)Ta. (62)

In order to compute the variance of the average error signal
(21), we should choose the vector o as

Iy — F)o = Ry k. (63)
By solving (63) for o, we have
o = (Iyp — F)"'vec(Rup). (64)

Inserting (64) into (62), the steady-state MSD performance
is obtained as

MSD™ = lim Ellib;l%,
1—> 00 "
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= /szec<aS2RuT’k + GZZR,{k + w’T R, jw’ R
+ wOTwoRI{kRv,k
T

+ Bi(In — Bk)'Rv,kw”w”TRik)

x Iy — F) " 'vec(Ry x). (65)
Using the following property of the Kronecker product [17],
)&max(A ® C) = Amax(A))\max(C)’ (66)
and considering (50), we can write
Amax(F) = Amax (Bk)Amax (Bi)- (67)

Thus, we conclude that matrix F is stable when matrix By is
stable, that is

Amax (Be) < 1. (68)

In order to guarantee this stability, the following condition
needs to be satisfied for the step size

2

— k=1,2,...,N. (69)
)Lmax(Ru,k)

O<u<

where R, j is defined in (22). Inserting (65) into (21), the
variance of the total error signal in steady-state equals to

. 12 2 2 2
lim Elea()|” = o7 + o7 + [w’l7
i—00 N vk

N
1

+ N2 Z u2vec<as2R;k + UfR;k

k=1
+ w”TRU,kw"RI + w"TwORZ’kRv,k

T

+ By (Iy — Bk)‘le,kwow”TR,{k>
x (Iy2 — F)~'vec(Ryx). (70)

From (70), we conclude that the influencing factors on the
mean-square behaviour of the performance are: (i) the step
size, [, (ii) the signal power, crsz, (iii) the measurement noise
power, 022, (iv) the noise covariance matrices Ry and R, ,
(v) the input regressors via matrix By, and (vi) the optimal
vector of the acoustic channel w®.

5 Simulation results

In the first part of the simulations, we verify the theoretical
achievement about the MSE of the proposed ANC in (70).

Numerical-conventional ANC
Numerical-proposed ANC

0 = = =Theoretical-conventional ANC | |
= = = Theoretical-proposed ANC

-25 ‘ :
0 500 1000 1500
Iteration

Fig.3 MSE performance of the conventional and the proposed adaptive
method with N =7

To this end, the noise source signal x;, the measurement
noises vy ; and z(i) are generated from zero-mean Gaus-
sian random variables with covariance matrices R, = I,
Ry .k = 0.0291), and 022 = 0.001, respectively. We assume
the adaptive time-domain filter bank has N = 7 filters. In
order to compare the theoretical findings with computer sim-
ulation results, we assume that the speech signal s (i) is of a
zero-mean Gaussian process. The step sizeis setto u = 0.01.
Figure 3 compares the numerical learning behaviour of the
proposed filter bank method and that of the single adaptive
filtering [4]. We also include the theoretical MSE of the pro-
posed method derived in (70) and that of single LMS where
N = 1. The numerical results are averaged over 250 experi-
ments. The acoustic channel is modelled as

]]T c RM x1 ,

w’ = —

: 1,1
M[ 1
where M = 4.

As seen in Fig. 3, the theoretical finding (70) is well
matched to the numerical results.

We repeat the same experiment when N = 2 is chosen in
the proposed method. The results are represented in Fig. 4. By
comparing Figs. 3, 4, one can conclude that, in the proposed
method, the larger N the better noise cancellation is attained.

In the next scenario of simulations, we run the proposed
ANC algorithm for different number of adaptive filters N. As
seen in Fig. 5, the MSE error for this experiment is improved
when the number of adaptive filters N is increased.

In the next part of simulations, we use the proposed ANC
method with N = 10, and compare it to the conventional
ANC in [11], over a real speech signal. The speech and the
noise source signals are shown in Figs. 6a, b, respectively.
The results for the conventional and the proposed ANC meth-
ods are represented in Figs. 6¢, d, respectively. As seen, the
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5 T T (@)
Numerical-conventional ANC 0.5 '
Numerical-proposed ANC 0 g
= = =Theoretical-conventional ANC :
0 = = =Theoretical-proposed ANC 7 0 05 1 1.5 2 25 3
x10%
o
=
10}
(%]
E -

0 500 1000 1500
Iteration

Fig.4 MSE performance of the conventional and the proposed adaptive
method with N =2

5 T T
N=1, numerical
N=2, numerical
0 N=4, numerical | -
N=6, numerical
= = =N=1, theoretical
= = =N=2, theoretical
ST = = = N=4, theoretical | |
= = =N=6, theoretical

MSE (dB)

0 500 1000 1500
Iteration

Fig. 5 The MSE performance of the proposed method with different
N

outcome of the conventional ANC with one filter is steel
noisy; however, the result of the proposed method is less
noisy and very similar to the original speech signal in Fig. 6a.

The MSE error for this experiment is also provided in
Fig. 7. The results in Fig. 6 and Fig. 7 indicate that how
the proposed method improves the noise cancellation perfor-
mance with N = 8 filters.

In the next scenario, we have attempted to replicate
real-life conditions as accurately as possible. The captured
audio signal utilized is depicted in Fig. 8. The noise sig-
nal corresponds to the sound of a vacuum cleaner, and its
non-stationary characteristics are evident in Fig. 9. Figure 10
showcases the captured speech signal in the presence of the
vacuum cleaner noise.

The parameters of the weight update equations were care-
fully selected to ensure a rapid convergence rate. Figure 11
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0.5 1 1.5 2 25 3
Time <104

Fig. 6 a The speech signal s(i), b the noisy speech signal d(i), ¢
the noise-suppressed speech signal by LMS filter ey (i), d the noise-
suppressed speech signal by LMS filter bank e4 (i)

20 T T T T T
Conventional method

Proposed method
R e ki

MSE (dB)
]

-100

-120

140 L L L L L
0 0.5 1 1.5 2 25 3

lteration x10%

Fig.7 The MSE performance of the conventional method and the pro-
posed method with N = 8 applied on the real speech signal

Recorded speech signal when the vacuum cleaner is OFF

T T T

Amplitude

!

0 0.5 1 1.5 2 25 3
Time sample «10%

Fig. 8 The recorded real speech signal when the vacuum cleaner is
OFF
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Recorded non-stationary acoustic noise produced by a vacuum cleaner
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Fig.9 The recorded signal of a vacuum cleaner

Recorded speech signal when the vacuum cleaner is ON
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! ! ! I !
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Fig. 10 The recorded signal of a real speech when the vacuum cleaner
is ON

Output signal of parallel adaptive filters
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Output signal of one adaptive filter
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0 0.5

15 2 25 3
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Fig. 11 Output signals of parallel adaptive filters (top figure) and a
single adaptive filter (bottom figure)

presents the output signals of a single adaptive filter (bot-
tom figure) for noise cancellation, contrasting it with the
scenario where we employ N = 10 parallel adaptive filters
(top figure). It is evident that the top figure exhibits superior
noise cancellation performance, as indicated by the remain-
ing noise level highlighted by a red arrow.

6 Conclusion

This work deals with acoustic noise cancellation problem
where multiple microphones are used to record the noise
source signal. A bank of least-mean-squares (LMS) time-
domain adaptive filters are proposed to enhance the noise
cancellation performance. The recorded noise signals are
filtered by an adaptive filter bank. We show that the noise
cancellation performance is enhanced by linearly combining
the error signals of adaptive filters. We derived an expression
for the noise cancellation behaviour in terms of the steady-
state mean-square error performance. Numerical simulations
verify the theoretical derivations. According to the simula-
tion results, the proposed adaptive structure has a better noise
cancellation performance compared to the traditional ANC
structure.
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