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Abstract—A multichannel active noise control (ANC) system
with multiple secondary sources and error microphones is nec-
essary for spatial ANC, which has raised a major challenge
for the real-time implementation of the ANC system since the
computational complexity increases with the number of refer-
ence signals, secondary sources, and error microphones. Typical
methods to mitigate the complexity are decentralized algorithms
and distributed algorithms. Decentralized algorithms suffer from
stability issues, and the distributed algorithms require reliable
data communication. In this paper, we propose a weighted error
method to reduce the required number of error microphones
used in real-time processing. The method is based on the spatial
similarity of sound pressures in a constrained region. Thus, the
overall sound pressure can be given by the weighted sum of
several error microphones. Our results demonstrate that even
using only one error microphone in the real-time processing, the
proposed method achieves noise reduction levels comparable to
the centralized approach with less than 1.5 dB degradation while
offering significant computational savings. Furthermore, as the
number of employed microphones increases, the noise reduction
performance of our method improves accordingly.

I. INTRODUCTION

Multichannel active noise control (ANC) system employing
multiple secondary sources and error microphones is widely
applied in environments such as automobile cabins [1], and
windows [2]. Centralized algorithms, notably the filtered ref-
erence least mean squares (FXLMS) and filtered error least
mean squares (FeLMS), are commonly used in multichannel
ANC. While these centralized algorithms achieve the best
noise reduction performance and exhibit fast convergence, their
computational complexity, which scales with the number of
reference signals, secondary sources, and error microphones
[3] poses a significant implementation challenge. Although
FeLMS is more computationally efficient than FxLMS for
ANC systems with multiple references, this advantage dimin-
ishes for the system of only a single reference [4].

Frequency-domain [5] and subband-domain [6], [7] methods
are commonly applied to reduce computational complexity
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in ANC. Decentralized [8]-[10] and distributed [11], [12]
methods are designed specifically for multichannel ANC for
computational saving purposes. Decentralized algorithms par-
tition the ANC system into multiple independent control
subsystems, each with fewer secondary sources and errors to
ease the computational burden [13]. However, this approach
risks the system stability and also usually sacrifices the noise
reduction performance [9], [14], [15]. Compared to decentral-
ized ANC, distributed ANC requires inter-node communication
and imposes constraints on the similarity among the control
filters across subsystems [16]. The incremental strategy for
distributed ANC updates the control filters with a single error
microphone in a circle. While computations are distributed
across multiple processing units, the total computational load
is not reduced compared to centralized approaches [17]. Data
communication is essential for the incremental strategy, but
the communication is vulnerable to the failure of a single node
because of the fixed simple cyclic linking path. In contrast, the
single-task diffusion strategy enhances robustness against link
failures through the diverse linking paths [18] at the expense of
higher computation complexity than the incremental strategy.
The multitask diffusion FXLMS can effectively reduce the
total computational complexity [19], but the algorithm enforces
strong similarity among control filters and thus sacrifices the
stability and noise reduction performance. The augmented
diffusion FXLMS improves the performance of the multitask
diffusion FXLMS by allowing different estimates of control
filters across nodes [11] at a price of increased computational
load and communication delays between nodes compared to
the multitask diffusion FXLMS. Moreover, the augmented
diffusion FXLMS raises a neighbor nodes partitioning strategy
problem.

Decentralized and distributed methods decrease the compu-
tation complexity by breaking the ANC system into multiple
independent or dependent subsystems with fewer secondary
sources and error microphones. In [20], several error micro-
phones are activated at a time and switched randomly or
sequentially to reduce the computational cost. Although the
method shows effectiveness for low-frequency tonal noise of



vibrating casings, it considers each set of error microphones as
independent, and just like the decentralized system, it might
cause instability for a more complicated system. Instead of
considering very error microphone as independent, in this pa-
per, the spatial correlation among error microphones is utilized
to reduce the number of employed error microphones, and thus
reduces the computing effort. Spatial correlation of sound pres-
sure is widely utilized in virtual sensing techniques [21]-[25],
which means that sound pressures within a limited distance
are correlated. The correlation suggests that precise control of
every error microphone in a spatial region may be unnecessary.
Instead, spatial control can be achieved using a weighted sum
of the error signals from a subset of microphones. The subset
of active microphones is periodically and randomly selected so
that information contained in all microphones can be utilized.
Compared to centralized algorithms, the proposed method can
save significant computational effort at the expense of ac-
ceptable noise reduction performance degradation. Compared
to the decentralized method, the proposed method does not
show instability issues. Compared to the distributed method,
the proposed method avoids data communication between
processors.

II. METHOD
A. Formulation of the Multichannel ANC System

Without loss of generality, a multichannel ANC system with
a single reference is considered in this paper. A schematic
diagram of the multichannel ANC system combined with the
error-weighting method is shown in Fig. 1, where x represents
the reference signal, y; (I=1, 2, ..., L) is the output of
the adaptive filter. The error signals captured by the error
microphones are denoted as e, (m=1, 2, ..., M), which are
then weighted to generate () channels of signals for control
filters updating. The secondary path between the m-th error
microphone and the [-th secondary source is represented by the
column vector s,,,; with the length of J, and the [-th control
filter is represented by the column vector w; with the length
of N.
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Fig. 1. Illustration of a multichannel ANC system.

The reference signal vector of length NV is defined as

xn (n) = [z(n) z(n—1) c(n—N+D]". D)

Let y;(n) be the output vector of the I-th secondary source
with the length of J, that is

yi(n)=ly(n) y(n—1) pn—J+1)]", @

where y; (n) = x5 (n) w; (n). The n-th error signal at the

m-th error microphone can then be represented by
em (n) = dpm (n) + Sfuyl (n)+---+ SE»LLYL (n), @

where d,,,(n) is the n-th disturbance noise signal at the m-th
error microphone. Vectorizing the above equation, we have

T

e1 (n) dy (n) Si1 ot SM1 y1(n)
: = : + :
em (n) d (n) S1L SML v (n)
—_——
e(n) d(n) S y(n)
4
With the notation used in the equation, we have
e(n)=d(n)+STy(n). ®)
Denoting
X(n) = [xn(n) xn(n—1) xy(n—J+1)]" ()

with a dimension of J x N, then y;(n) = X (n)w; (n).
Denoting

y1(n) X (n) 0 wi (n)
y(n) = S :
v (n) 0 X (n) wp, (n)
X (n) w(n)
@)

where X (n) is a block diagonal matrix with L blocks of
X(n), then (5) can be represented as

e(n)=d(n)+STX, (n)w(n). (8)

Further, let F (n) = X7 (n)S represent the filtered ref-
erence signal matrix. Note that F(n) is the combination of
F(n — 1) and the latest filtered reference signal at the time
index n. Equation (8) can then be represented by

e(n)=d(n)+FT (n)w(n). )

B. The Proposed Error Weighting Method and Its Application
in FxLMS

The proposed error weighting method periodically selects
and utilizes () error microphones to estimate the sound pres-
sures at M error microphones. The vector that consists of
the n-th error signal of the selected () error microphones is
denoted as e (n) with a size of @ x 1, and the rest is denoted
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as e (n) with a size of (M — Q) x 1. Let G be the weighting
matrix that estimates 7" sets of € from e by

Gle(n) e(n—T+1)] = [e(n)

e(n—T+1)].

E(n) E(n)
(10)
Then the weighting matrix is calculated using the least squares
method by

- ~T ~ T -1
G=EMn)E (n) (E n)E (n) —l—)\I) , (11)

where A is a regularization factor employed to stabilize the
inversion of an ill-conditioned matrix, and in this paper it is
set as 1 x 1074, For each time interval of I, the weighting
matrix G is recalculated based on the data from ) randomly
chosen error microphones.

With the weighting method, the cost function would be

J:E{ET (n) (GTGJrI)B(n)}. (12)

Letting Y = GTG + 1, the cost function becomes
J:E{ET (n)Ye (n)}. (13)
The selected si%nals and channels are denoted by

d(n),S,X, (n),F (n), then similar to (8), we have
~ _T
e(n)=d(n)+F (n)w(n). (14)
We use the stochastic gradient descent method to minimize
the cost function. Introducing (14) to the cost function, the
instantaneous gradient of the cost function with respect to w
is o -

aE{e (n)Ye (n)}

ow
The control filter w is then updated with

~ 2FYe (n). (15)

w(n+1)=w(n)—2uFYe (n), (16)

where i is the step-size.

The proposed method is termed error weighting FXLMS
(EWFXLMS) in this paper, and it is summarized in Table I.
The weighting matrix G is updated every time interval of
I with the latest 7' data samples from () randomly chosen
error microphones. The control filters are updated using the
weighting matrix, the filtered reference signal, and the @) error
signals.

C. Computation Complexity Comparison

Multiplications constitute the primary computational com-
plexity, so the number of multiplications for every update is
summarized in Table II. Additionally, for every time interval of
I, EWFXLMS computes every element of F (n), the weighting
matrix G in Eq. (15), and Y. The extra multiplications for
EWFXLMS are summarized in Table III, where the inversion of

TABLE I
EWFXLMS ALGORITHM
Initialize s, w = 0, G=I, Q,I,: =1
For n=0, 1, ..., do
if =1 do
1. reinitialized =1
2. randomly select () microphones
3. update G with (11) and let Y = GG +1
4. recompute every element in the filtered-reference signal matrix

F (n) for the recently selected @ microphones
else do
lLi=1+1
2. compute the latest filtered reference signal for the selected

microphones and form the filtered-reference signal matrix F (n)
update the control filter with (16)

TABLE II
MULTIPLICATIONS FOR EVERY UPDATE

Algorithm update F (n) | update w
FxLMS MLJ NLM
EWFxLMS | QLJ NLQ + QQ

a () matrix is assigned a complexity of Q® operations. The av-
erage extra computation is (NLQJ+TQ?*+MTQ+MQ?)/I1
for every update.

When I = 1000,N = J = 256,L = 6, M = 25, and
T = 20, FXLMS requires 76800 multiplications per update.
In contrast, the multiplication of EWFXLMS for varying ()
and the corresponding computation savings are summarized
in Table IV. Table IV demonstrates that EWFXLMS achieves
substantial computational savings.

III. NUMERICAL SIMULATIONS

The transfer functions are generated using the image model
[26]. The room dimension is 4 m X 4 m x 4 m, the reverber-
ation time is 0.25 s, the sampling rate is 2 kHz, and the order
of the impulse responses and the control filters is 256. Both
microphones and loudspeakers are positioned on a plane with
a height of 2 m. Twenty-five microphones are arranged in a 5
x 5 grid with a spacing of 5 cm, centered at (1.8 m, 1.2 m, 2
m) as shown in Fig. 2. The reference signal is assumed to be
perfectly captured from the white noise source placed at (3 m,
3.5 m, 2 m), which is a white random noise with a band of
0-1000 Hz. Six secondary sources are placed at equal intervals
along a line between (1.6 m, 2 m, 2 m) and (2.6 m, 2 m, 2 m).
To sum up, in the simulation N = J = 256, L = 6, M = 25,
and we set ] = 1000,7 = 20. The maximum step-size for
both the FXLMS and EWFXLMS algorithms is approximately
0.02.

The total residual noise level compared to the original
disturbances at time 7 is defined as

M M

101g <Z er, (n) /> d, (n)> : (17)
m=1 m=1

With this definition, the total convergence curves of Q=1,

2, 4, 6 and their comparison to FXLMS are shown in Fig.

3. The figure shows that as () increases, the convergence

curve of EWFXLMS approaches that of FXLMS. When =6,
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TABLE III
EXTRA MULTIPLICATIONS FOR EWFXLMS

Content number of multiplication

Compute F (n) NLQJ

Compute G with (11) | Q3 + TQ? + MTQ

Y =GTG +1 (M - Q) x Q2

TABLE IV
NUMBER OF MULTIPLICATIONS FOR EWFXLMS PER UPDATE

Q 1 2 4 6 8 10
Multiplications 3467 | 6936 | 13880 | 20832 | 27793 | 34762
Saved computation | 95% | 91% | 82% 73% 64% 55%

TABLE V
TOTAL NOISE REDUCTION LEVEL OF EWFXLMS FOR VARYING Q
Q 1 2 4 6 8 10
Noise reduction (dB) | 11.44 | 11.98 | 12.35 | 12.55 | 12.60 | 12.68
Degradation (dB) 1.50 0.96 0.59 0.39 0.34 0.26
TABLE VI

NOISE REDUCTIONS OF FXLMS AT EVERY
MICROPHONE

10.10 | 13.04 | 12.77 | 1291 | 10.05

12.65 | 17.12 | 1491 | 16.75 | 14.22

12.13 | 16.96 | 1532 | 15.21 | 11.88

11.71 | 17.70 | 16.67 | 16.16 | 10.99

11.75 | 13.00 | 11.81 | 12.06 | 9.63
TABLE VII

NOISE REDUCTIONS OF EWFXLMS AT
EVERY MICROPHONE WHEN Q=1

8.30 10.81 | 11.56 | 11.38 | 8.17
1098 | 1548 | 16.00 | 16.93 | 11.98
11.16 | 17.26 | 18.43 | 16.58 | 10.89
10.52 | 15.86 | 17.35 | 14.56 | 9.13
10.13 | 10.94 | 10.23 | 9.63 7.06

the convergence curve of EWFXLMS closely matches that of
FxLMS.

The total noise reduction level after convergence is defined
as

M M
g (E|Y dr(n)| [ E|> ek (n)] ], (18)
m=1 m=1

where the symbol E denotes the average of the last 1 x 10*
samples. The total noise reduction achieved by FXLMS is 12.94
dB, and the total noise reduction level of EWFXLMS with
different () and degradation relative to FXLMS are summarized
in Table V. It can be concluded from Table V that as @
increases, the degradation decreases.

The noise reduction levels (in dB) obtained with FXLMS and
EWFXLMS (Q=1) are summarized in Tables VI and VII. The
result shows that EWFxXLMS achieves a global noise reduction
performance comparable to that of FXLMS.

IV. CONCLUSIONS

This paper presents a spatial correlation-based error weight-
ing method for estimating all errors using a subset of er-
ror microphones. The weighting method is combined with
FXLMS to reduce the number of microphones used in the real-
time operation of a multichannel ANC system. The proposed
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Fig. 2. Tllustration of the simulation setup.
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Fig. 3. The total residual noise convergence curves of FXLMS and EWFXLMS
for different Q.

algorithm achieves significant computational savings while
maintaining competitive global noise reduction performance.
Future work will explore the applicability and robustness of
the proposed method under larger microphone spacings, and
the relationship between error microphone spacing and the
selection of the number of active error microphones.
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