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Abstract
Multi-channel active noise control (MCANC) systems have
been widely investigated for acoustic noise attenuation over a
spatial region. In MCANC systems, incorporating more ref-
erence microphones (RMs) can boost noise reduction perfor-
mance but increase the computational complexity, which may
affect real-time processing capability. To improve the compu-
tational efficiency, we propose a joint approach for RM selec-
tion and filter order (FO) determination in MCANC systems.
The optimal RM subset is selected by promoting group sparsity
in filter coefficients while constraining the output noise power.
The optimal FO is determined by encouraging the consecutive
highest-order filter coefficients to approach zero under the spec-
ified performance constraint. By combining the above two cri-
teria, we formulate a novel cost function that enables simultane-
ous RM selection and FO determination. In addition, we present
a re-weighting strategy to further reduce both the number of se-
lected RMs and the FO value. Numerical simulations confirm
the validity of the proposed method.
Index Terms: Multi-channel active noise control, reference mi-
crophone selection, filter order determination, group sparsity

1. Introduction
Active noise control (ANC) [1–3] plays an important role in var-
ious audio signal processing scenarios, including headrests [4],
headphones [5], and automotive fields [6, 7], to name but a few.
The traditional single-channel feedforward ANC system typi-
cally uses a reference microphone (RM) to capture the noise sig-
nal as input for the ANC controller. Then the “antinoise” is gen-
erated and played through the loudspeaker to cancel the noise
at the control point. To cope with more complex noise envi-
ronments, such as those with multiple or moving noise sources,
multi-channel ANC (MCANC) systems have emerged as the
need arises. One property of MCANC systems is that the more
RMs adopted, the better the noise reduction performance. How-
ever, with increasing RMs, the computational load increases
significantly, which may result in poor real-time capability.

To improve computational efficiency, recent advances are
moving toward implementing MCANC after selecting an in-
formative RM subset. Specifically, Hase et al. [8] proposed
an RM selection method based on causality constraints (CC),
which first estimates the time difference of arrival (TDoA) be-
tween each RM and the error microphone (EM) and then se-
lects the RM that satisfies causality. Recently, the study [9] an-
alyzed the impact of the coherence between RM signals and EM
signals, which concludes that the RM with a higher coherence
coefficient makes a greater contribution to the MCANC proce-
dure. Based on [9], Shen et al. [10] developed a coherence-
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Figure 1: Block diagram of the MCANC system.

based RM selection method based on the rank of coherence co-
efficients. Subsequently, a coherence-based weight determina-
tion scheme [11] was presented for multi-channel wireless ac-
tive noise control headphone systems, which can be seen as a
more general case of [10]. Nevertheless, both causality-based
and coherence-based criteria do not directly reflect the noise
reduction effect, thus it is questionable whether using them is
beneficial in MCANC systems.

Another key factor affecting the system’s computational
complexity is the filter order (FO) of adaptive filters. Gener-
ally, a higher FO improves noise reduction performance but in-
creases the computational complexity. Moreover, adaptive fil-
ters tend to converge more slowly with a larger FO. Therefore,
how to determine the optimal FO of adaptive filters is very im-
portant. However, to the best of our knowledge, most existing
approaches determine the FO empirically rather than seeking an
optimal one based on specific scenarios.

In this work, we propose a joint method for RM selection
and FO determination to optimize computational efficiency in
MCANC systems. To be specific, we first develop an RM se-
lection approach by formulating a novel cost function, which
induces the group sparsity of filter coefficients while constrain-
ing the output noise power. Then, by introducing an auxiliary
vector, we construct another cost function to determine the op-
timal FO, where the consecutive highest-order filter coefficients
are encouraged to approach zero. Afterward, we establish the
final cost function by combining the above two cost functions,
from which the optimal RM subset and FO can be determined
simultaneously. Finally, we adopt a re-weighting strategy to fur-
ther reduce both the number of selected RMs and the value of
FO. Numerical experimental results demonstrate the efficacy of
the proposed method in terms of computational efficiency.

2. Fundamentals
As shown in Fig. 1, the considered MCANC system consists
of M spatially distributed RMs, a loudspeaker (act as the sec-
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ondary source), and an EM (at the control position). RMs cap-
ture and transmit the reference signals to the ANC controller,
which carries out the multiple channel filtered-x normalized
least mean square (MCFxNLMS) algorithm [12–14], followed
by playing the “antinoise” through the loudspeaker to cancel the
noise at the control point. Let n be the time index, the control
signal y(n), i.e., the “antinoise”, can be generated as

y(n) =

M∑
m=1

wT
m(n)xm(n), (1)

where wm is the control filter of the m-th RM and xm is the
vector that contains the signal received by the m-th RM, i.e.,

wm(n) =
[
wm,1(n), wm,2(n), · · · , wm,J(n)

]T
, (2)

xm(n) =
[
xm(n), xm(n− 1), · · · , xm(n− J + 1)

]T
, (3)

where J is the FO, and (·)T represents the transpose operation.
Based on above, the error signal e(n) is given by

e(n) = d(n)− yT(n)s(n), (4)

where y(n) =
[
y(n), y(n− 1), · · · , y(n−K + 1)

]T, d(n)
is the unwanted noise through the primary path p(n), also re-
ferred to as the desired signal, and s(n) is the secondary path
with a length of K.

The optimal filter coefficients can be deduced by minimiz-
ing the mean square error (MSE) E

{
e2(n)

}
with E {·} de-

noting the mathematical expectation. However, E
{
e2(n)

}
re-

quires all samples in e(n), which is not suitable for real-time
processing. Instead, the MCFxNLMS algorithm minimizes the
instantaneous error signal e(n) by using the following recursive
formula
wm(n+ 1) = wm(n) +

η

β +
∑M

m=1∥x′
m(n)∥22

x′
m(n)e(n),

(5)
where ∥·∥2 represents the ℓ2-norm, η is the step-size, β is
the regularization parameter, and x′

m(n) = [x′
m(n), x′

m(n −
1), · · · , x′

m(n− J +1)]T with x′
m(n) = rT

m(n)ŝ(n) in which
rm(n) = [xm(n), xm(n−1), · · · , xm(n−K+1)]T and ŝ(n)
is the estimate of s(n). In practice, ŝ(n) can be obtained before
the ANC procedure [15, 16]. Furthermore, d(n) is not directly
accessible and needs to be estimated from the error signal, i.e.,
d̂(n) = e(n) + yT(n)ŝ(n). For the MCFxNLMS algorithm,
theoretically, more RMs lead to better noise reduction perfor-
mance. However, as the number M of RMs increases, the com-
putational load and transmission power increase significantly.
To overcome this deficiency, recent advances in MCANC sys-
tems are moving toward using informative RMs to conduct the
MCFxNLMS algorithm [8, 10].

3. Proposed Method
To improve computational efficiency, we propose a joint method
of RM selection and FO determination. Similarly to the study
[8, 10], here we consider using N samples to carry out the
method. In this case, the error signal in (4) can be reformulated
in a vector form as

e = Aw − d̂, (6)
with

e =
[
e(1), e(2), · · · , e(N)

]T
, (7a)

d̂ =
[
d̂(1), d̂(2), · · · , d̂(N)

]T
, (7b)

w = [wT
1 ,w

T
2 , · · · ,wT

M ]T, (7c)

A = [X ′
1 X

′
2 · · · X ′

M ], (7d)

where X ′
m = [x′

m(1),x′
m(2), · · · ,x′

m(N)]. Note that wm is
the time-invariant version of wm(n), which represents the opti-
mal filter of RM m during RM selection and FO determination.

3.1. RM selection using group sparsity

When minimizing (6) with respect to w, if the solution for wm

contains all zeros, it can be inferred that the received signal from
RM m is unused, and therefore RM m can be switched to sleep
mode. To promote such group sparsity [17] in w, we formulate
the following optimization problem, which minimizes the ℓ0,2-
norm of w while constraining the output noise power (i.e. error
signal power) with a pre-specified parameter P0, i.e.,

min
w

∥w∥0,2

subject to (C1) :
1

N
∥Aw − d̂∥22 ≤ P0,

(8)

where ∥w∥0,2 indicates the ℓ0,2-norm of w, which is defined
by

∥w∥0,2 = ∥[∥w1∥2, ∥w2∥2, · · · , ∥wM∥2]∥0 , (9)

where ∥·∥0 denotes the ℓ0-norm. In practice, however, it is chal-
lenging to solve (8) due to the non-convexity of the ℓ0-norm.
Here, inspired by the literature [18, 19], we relax the ℓ0,2-norm
into the following ℓ1,2-norm

∥w∥1,2 =∥ [∥w1∥2, ∥w2∥2, · · · , ∥wM∥2]∥1 =

M∑
m=1

∥wm∥2,

(10)
with ∥·∥1 being the ℓ1-norm. By substituting the ℓ0,2-norm in
(8) with the ℓ1,2-norm, another optimization problem can be
constructed as

min
t,w

1T
Mt

subject to (C1),

(C2) : ∥wm∥2 ≤ tm, m = 1, 2, . . . ,M,

(11)

where t = [t1, t2, . . . , tM ]T is the introduced selection vector,
and 1M is the M dimensional all-one vector. The problem (11)
is convex and thus can be solved efficiently. If the solution t̂m
of tm is zero, it indicates that the m-th RM is unselected.
Remark I: The pre-specified parameter P0 can be calculated
as P0 = P/α0, where P is the error signal power obtained by
activating all RMs for MCANC and α0 ∈ (0, 1) is an adjustable
parameter.

3.2. FO determination

As we mentioned earlier, FO is another factor that affects com-
putational efficiency. Given an empirically defined filter order
J , we present an FO determination method in this subsection.

3.2.1. The auxiliary vector construction

When minimizing (6) with respect to w, if Q consecutive
highest-index elements in the solution of wm are equal to zero,
we can determine the order of wm as J − Q. In other words,
to determine the appropriate FO, we should make as many con-
secutive highest-index filter coefficients as possible as approach
zeros. To this end, we introduce an auxiliary vector t̃ as

t̃=


t̃1
t̃2
...
t̃J

=

w̄1 + w̄2 + · · ·+ w̄J

w̄2 + · · ·+ w̄J

...
w̄J

 , (12)
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where w̄j =
∑M

m=1 |wm,j | with wm,j being the j-th element
of wm. Obviously, w̄j = t̃j − t̃j+1 for j < J and w̄j = t̃j
for j = J . Taking the ℓ0-norm of t̃ and applying the triangle
inequality [20], we have

∥t̃∥0 =

J∑
j=1

∥
J∑

i=j

w̄i∥0 ≤
J∑

j=1

J∑
i=j

∥w̄i∥0

=

J∑
j=1

j∥w̄j∥0.

(13)

According to (13), the filter coefficients with higher indices are
assigned higher weights. Therefore, when minimizing ∥t̃∥0,
the filter coefficients with higher indices are preferentially pe-
nalized to zero. In doing so, we can determine the FO by re-
moving those consecutive zero-valued elements with the high-
est indices.

3.2.2. FO determination

By substituting the ℓ0-norm in (13) with ℓ1-norm and applying
performance constraint (C1), we can obtain the following FO
determination problem

min
t̃,w

1T
J t̃

subject to (C1),

(C3) : w̄j ≤ t̃j − t̃j+1,

j = 1, 2, · · · J,

(14)

where t̃m,J+1 = 0 is a constant. As the feasibility domain of
w̄j = t̃j − t̃j+1 is a non-convex set, we relax it to an inequality
in (C3). As a result, problem (14) also involves convex pro-
gramming, which can be solved efficiently.

3.3. Joint RM selection and FO determination

To simultaneously carry out RM selection and FO determina-
tion, we can combine problems (11) and (14) as follows

min
t,t̃

(1− λ)1T
Mt+ λ1T

J t̃

subject to (C1), (C2), (C3).
(15)

where 0 ≤ λ ≤ 1 represents the trade-off parameter. Due to
the fact that both (11) and (14) are convex, the overall problem
(15) is also convex and can be solved using existing solvers like
CVX [21] or SeDuMi [22].

3.4. Sparsity promoting via re-weighting strategy

To further improve computational efficiency, we adopt a re-
weighting strategy to induce sparsity both in t and t̃. Specif-
ically, we replace 1M and 1J in (15) with u(l) and ũ(l), respec-
tively, obtaining

min
t,t̃

(1− λ)tTu(l) + λt̃Tũ(l)

subject to (C1), (C2), (C3),
(16)

where u(l) =
[
u
(l)
1 , u

(l)
2 , . . . , u

(l)
M

]T
and ũ(l) =[

ũ
(l)
1 , ũ

(l)
2 , . . . , ũ

(l)
J

]T
are assigned weights in the l-th re-

weighting iteration. Inspired by [23, 24], we can update u(l)

and ũ(l) via the following criterion

u(l+1)
m =

1

t
(l)
m + ε1

, (17a)

ũ(l+1)
m =

1

t̃
(l)
m + ε2

, (17b)

where ε1 and ε2 are small constants that can prevent the denom-
inator from being zero. According to (17a) and (17b), a larger
t
(l)
m or t̃(l)m in the l-th iteration will result in a smaller u(l+1)

m or
ũ
(l+1)
m in the next iteration, which enables the small elements

in t
(l)
m or t̃(l)m to be penalized aggressively, hence encouraging

them to be zero with the iteration progressing. Since both t and
t̃ can be represented by w, the above iteration procedure can be
terminated when the change in w becomes smaller than a small
threshold θ.

Finally, we can run the MCFxNLMS algorithm using the
selected RM subset with the determined FO. We would like to
note that we should set FO = J and activate all RMs to exe-
cute the MCFxNLMS algorithm before the proposed method is
complete.

4. Simulation Results
The simulation environment is an enclosure of size 3m× 3m,
where 2 noise sources, 20 RMs, 1 secondary source, and 1 EM
are randomly distributed (Fig. 2). The noise sources play two
real recorded noises from the dataset [25]. Besides, the sam-
pling rate is set to 16 kHz; the signal length N for RM selection
and FO determination is set to 48000 samples (which is equiv-
alent to 3 seconds); the step size η in (5) and the initial FO J
are fixed to η = 1 × 10−3 and J = 50, respectively; the sec-
ondary path length K and the threshold θ below (17) are fixed
to K = 27 and θ = 1 × 10−2, respectively; the parameters β
in (5), ε1 and ε2 in (17) are empirically set to 1× 10−6.

0 1 2 3
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2

3

12 3 45 67 89 1 0 1 11 2 1 3 1 41 5 1 61 7 1 8
1 9 2 0

 R e f e r e n c e  m i c r o p h o n e   E r r o r  m i c r o p h o n e   S e c o n d a r y  s o u r c e
 N o i s e  s o u r c e  1   N o i s e  s o u r c e  2

y(m
)

x ( m )
Figure 2: Geometry configuration, including 2 noise sources,
20 RMs, 1 secondary source, and 1 EM in an enclosure.

In the subsequent experiments, we use the noise reduction
ratio (NRR) as the evaluation metric, which is defined by

NRR = 10 log10

∑NLMS
n=1 e2(n)∑NLMS
n=1 d2(n)

, (18)

where NLMS represents the signal length during MCFxLMS
filtering, which is set to NLMS = 160000 samples. In other
words, we adopt the first 3 seconds of the signals for RM selec-
tion and FO determination and then employ the last 10 seconds
of the signals to evaluate the noise reduction performance using
the MCFxLMS algorithm.
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4.1. RM selection and FO determination results during re-
weighting iterations
To validate the effectiveness of the re-weighting strategy, in this
simulation, we evaluate RM selection and FO determination in
each re-weighting iteration when α0 = 0.9 and λ = 0.5. Fig.
3 shows the results in the first 3 re-weighting iterations, since
the re-weighting strategy converges in 3 iterations. In Fig. 3(a),
tm = 0 indicates that the m-th RM is unselected, thus the num-
ber of selected RMs decreases from 9 to 3 when l increases from
1 to 3. In Fig. 3(b), the largest non-zero FO index can be seen
as the obtained FO, thus the FO decreases from 40 to 34 when
l increases from 1 to 3. Based on the above phenomenon, we
can conclude that the re-weighting strategy can further improve
computational efficiency under the specified performance con-
straint (C1), due to the fact that the performance constraint (C1)
can always be ensured when solving (15).

0 2 4 6 8 1 0 1 2 1 4 1 6 1 8 2 00 . 0 0
0 . 0 5
0 . 1 0
0 . 1 5
0 . 2 0
0 . 2 5
0 . 3 0

t m

R M  i n d e x

l  =  1
l  =  2
l  =  3

(a)

3 0 3 2 3 4 3 6 3 8 4 0 4 2 4 4 4 6 4 8 5 00 . 0 0
0 . 0 2
0 . 0 4
0 . 0 6
0 . 0 8
0 . 1 0

t j

F O  i n d e x

l  =  1
l  =  2
l  =  3

(b)
Figure 3: RM selection and FO determination during re-
weighting iteration process: (a) RM selection results; (b) FO
determination results.

4.2. Effectiveness of joint RM selection and FO determina-
tion
In order to demonstrate the necessity of joint RM selection and
FO determination method, we test the performance of MCANC
when λ = {0.0, 0.5, 1.0}: if λ = 0.0, the optimization prob-
lem (15) degrades into an RM selection problem; if λ = 1.0, the
optimization problem (15) degrades into an FO determination
problem; if λ = 0.5, the optimization problem (15) becomes
a joint problem of RM selection and FO determination. We
set α0 = {0.5, 0.7, 0.9} to display the results under different
noise reduction constraints. In addition to NRR, we compute
the number of multiply-accumulate operations [26], i.e.,

Complexity = 2MJ +MK + 1,
to evaluate the computational complexity of the MCANC sys-
tem. As shown in Fig. 4, the NRRs of all methods are compa-
rable for the same α0, while the computational complexity of
the joint method (λ = 0.5) is always lower than that of the RM
selection method (λ = 0.0) and the FO determination method
(λ = 1.0). This experiment illustrates the superiority of the
proposed method in terms of computational efficiency.

4.3. Comparison experiment

In this simulation, we test the noise reduction effect under dif-
ferent performance constraints by setting different values of α0.
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Figure 4: Complexity of RM selection, FO determination, and
joint RM selection and FO determination.

Comparison approaches include the CC approach [8] and the
coherence-based selection (CBS) approach [11]. For the sake
of fairness, we keep the size of the selected RM subset of the
CC and CBS approaches consistent with that of the proposed
method. To be specific, we randomly select M0 RMs from the
RM subset that satisfy the causality constraints in the CC ap-
proach and choose M0 RMs with the largest coherence coeffi-
cients in the CBS approach, where M0 is the size of the RM
subset in the proposed method. As shown in Table 1, the pro-
posed method always provides the highest NRR and possesses
the lowest complexity, thus outperforming the CC and CBS ap-
proaches in terms of computational efficiency. Note that the
FO of the CC and CBS approaches is consistently equal to J
= 50, as they do not involve FO determination. Based on the
complexity formula 2M0J +M0K + 1, the complexity of the
CC and CBS approaches is identical under the same number of
selected RMs.

Table 1: Comparison of noise reduction performance with vary-
ing numbers of RMs

α0 0.3 0.5 0.7 0.9 0.95
The num. M0 of RMs 2 3 3 4 5

FO
Proposed 38 38 42 43 45
CC [8] 50 50 50 50 50

CBS [11] 50 50 50 50 50

NRR(dB)
Proposed 20.2027 22.4956 22.5621 23.7269 24.2644
CC [8] 19.2291 20.5202 20.5202 20.6141 22.7983

CBS [11] 18.3952 20.7156 20.8306 21.8006 21.3864

Complexity
Proposed 207 310 334 453 586
CC [8] 255 382 382 509 636

CBS [11] 255 382 382 509 636

5. Conclusions
This paper proposed a joint method for RM selection and FO
determination in MCANC systems. Specifically, after con-
straining the output noise power with a predefined threshold,
the RMs were selected by inducing the group sparsity in filter
coefficients, while the FO was determined by pushing the con-
secutive highest-order filter coefficients to zeros. Additionally,
a re-weighting strategy was presented to further reduce the RM
number and the FO value. The experimental results demon-
strated that the proposed method outperforms existing RM se-
lection methods in terms of computational efficiency. In our fu-
ture work, we will study how to jointly optimize the RM subset,
the FO, and the loudspeaker subset in a more general MCANC
system with multiple RMs and multiple secondary sources.
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