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Abstract—Recent advances in spatially selective active noise control
(SSANC) using multiple microphones have enabled hearables to suppress
undesired noise while preserving desired speech from a specific direction.
Aiming to achieve minimal speech distortion, a hard constraint has been
used in previous work in the optimization problem to compute the control
filter. In this work, we propose a soft-constrained SSANC system that
uses a frequency-independent parameter to trade off between speech
distortion and noise reduction. We derive both time- and frequency-domain
formulations, and show that conventional active noise control and hard-
constrained SSANC represent two limiting cases of the proposed design.
We evaluate the system through simulations using a pair of open-fitting
hearables in an anechoic environment with one speech source and two
noise sources. The simulation results validate the theoretical derivations
and demonstrate that for a broad range of the trade-off parameter, the
signal-to-noise ratio and the speech quality and intelligibility in terms
of PESQ and ESTOI can be substantially improved compared to the
hard-constrained design.

1. INTRODUCTION

Active noise control (ANC) hearables aim to create a quiet environment
by using secondary sources to generate anti-noise, minimizing sound
when superimposed on the primary noise (also referred to as leakage)
[1], [2]. Based on their fit, hearables can be categorized as closed-
fitting (completely occluding the ear), open-fitting (partially occluding
the ear), and open-ear (no occlusion; e.g., smart glasses). While
open-fitting and open-ear designs reduce the occlusion effect and
improve physical comfort, they also lead to increased leakage. Recent
research focuses on intelligent ANC hearables with spatial selectivity
for complex acoustic environments involving multiple sound sources
from different directions [3]–[8]. In such scenarios, listeners often
want to focus on sound from a particular direction (e.g., speech from
the front) while suppressing noise leakage from other directions.

Modern ANC hearables are commonly equipped with multiple
microphones, i.e., microphones on the exterior of the hearable and
error microphones in the interior close to the eardrum. On the one
hand, conventional ANC algorithms suppress all leakage measured
by the inner error microphones, including desired speech [1], [2], [9].
On the other hand, multi-microphone noise reduction algorithms, e.g.,
minimum variance distortionless response (MVDR) beamforming [10]–
[12], perform spatial filtering by reducing all noise while preserving
speech from the desired direction. However, these algorithms typically
ignore the leakage and do not exploit the inner error microphones.
Recent work on spatially selective active noise control (SSANC)
integrates spatial filtering into ANC systems, thus preserving speech
from a desired direction while actively suppressing sound from
undesired directions [6]–[8], [13]–[21]. To achieve minimal speech
distortion, the SSANC algorithm in [8] imposes a hard constraint
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Fig. 1: Block diagram of an ANC system with K outer microphones, one
inner error microphone and one loudspeaker (i.e., secondary source). The
control filter is denoted by w, the secondary path is denoted by g, and its
estimate by ĝ.

in the optimization problem for the control filter. For this algorithm,
it has been shown in [20] that when aiming to preserve the speech
component in an outer reference microphone signal, a delay equal to
the acoustic propagation delay between the reference microphone and
the inner error microphone for the desired source is necessary to satisfy
causality. Furthermore, it has been shown in [21] that using acausal
relative impulse responses in the filter optimization is beneficial.

In this paper, we introduce a soft-constrained SSANC system
that employs a single frequency-independent parameter to adjust
the trade-off between speech distortion and noise reduction. Although
soft-constrained design procedures have been explored for multi-
microphone speech enhancement [22]–[26], e.g., speech distortion
weighted multichannel Wiener filter (SDW-MWF), and for feedback
suppression [27], they have rarely been studied for ANC. We derive
both time- and frequency-domain formulations for the conventional
ANC, the hard-constrained SSANC, and the proposed soft-constrained
SSANC. For the frequency-domain formulations, we show that conven-
tional ANC and hard-constrained SSANC correspond to limiting cases
of the soft-constrained design, validating these theoretical relationships
through causal time-domain simulations. For the considered setup,
simulation results demonstrate that for a broad range of the trade-off
parameter, the proposed soft-constrained SSANC outperforms both
hard-constrained SSANC and conventional ANC.

2. SIGNAL MODEL

As shown in Fig. 1, we consider a hearable with K outer microphones.
Without loss of generality, we consider one loudspeaker as the
secondary source and one inner error microphone, resulting in a
total of K + 1 microphones. We assume that the acoustic feedback
paths between the loudspeaker and the outer microphones are known,
such that acoustic feedback can be canceled. In addition, we assume
that an estimate of the secondary path between the loudspeaker and
the inner error microphone is available.

20
25

 IE
EE

 W
or

ks
ho

p 
on

 A
pp

lic
at

io
ns

 o
f S

ig
na

l P
ro

ce
ss

in
g 

to
 A

ud
io

 a
nd

 A
co

us
tic

s (
W

A
SP

A
A

) |
 9

79
-8

-3
31

5-
37

45
-6

/2
5/

$3
1.

00
 ©

20
25

 IE
EE

 | 
D

O
I: 

10
.1

10
9/

W
A

SP
A

A
66

05
2.

20
25

.1
12

31
00

2



The inner error microphone signal e(n), with n the discrete time
index, is given by

e(n) = p(n) + (Gw)T x(n), (1)

where (·)T denotes the transpose operator. The leakage (including
noise and desired speech) at the inner error microphone is denoted
by p(n), and the anti-noise component at the inner error microphone
is given by (Gw)T x(n), where w is the stacked control filter, x(n)
is the stacked input vector, and G represents the secondary path
convolution matrix. The stacked control filter w is defined as

w = [wT
1 wT

2 . . . wT
K+1 ]

T ∈ R(K+1)Lw , (2a)

wk = [wk,0 wk,1 . . . wk,Lw−1]
T ∈ RLw , (2b)

where Lw denotes the control filter length for each channel. The
convolution matrix of the secondary path is defined as

G = blkdiag (G . . .G) ∈ R(K+1)L×(K+1)Lw , (3a)

G =



g0 · · · 0
...

. . .
...

gLg−1

. . . g0
...

. . .
...

0 · · · gLg−1


∈ RL×Lw , (3b)

where L = Lg + Lw − 1, and Lg denotes the secondary path filter
length. As input signals to the control filter we consider the K outer
microphone signals xk(n), k = 1, . . . ,K, and an estimate of the
leakage p̂(n), i.e., the stacked input vector x(n) is defined as

x(n) = [xT
1 (n) . . . xT

K(n) p̂T (n)]T ∈ R(K+1)L, (4)

with

xk(n) = [xk(n) . . . xk(n− L+ 1)]T , (5a)

p̂(n) = [ p̂ (n) . . . p̂ (n− L+ 1)]T . (5b)

The estimated leakage p̂(n) can be computed from the inner error
microphone signal e(n), the loudspeaker signal vector y(n) =
[y(n) . . . y(n− Lg + 1)]T , and an estimate of the secondary path ĝ
as

p̂(n) = e(n)− ĝT y(n). (6)

Assuming a perfect estimate of the secondary path to be available,
i.e., ĝ = g = [g0 g1 . . . gLg−1]

T , the leakage can be written as
p(n) = p̂(n) = qT x(n), with

q = [0T . . . 0T δT ]T ∈ R(K+1)L, (7a)

δ = [ 1 0 . . . 0 ]T ∈ RL. (7b)

Hence, the inner error microphone signal in (1) can be rewritten as

e(n) = (q+Gw)T x(n). (8)

The frequency-domain representations of x(n) and w are

x(ω) = [X1(ω) . . . XK(ω) P̂ (ω) ]T ∈ CK+1, (9a)

w(ω) = [W1(ω) . . . WK(ω)WK+1(ω)]
T ∈ CK+1, (9b)

where ω denotes the radian frequency. Similar to (8), the frequency-
domain inner error microphone signal is

E(ω) =
[
qH

ω +G(ω)wH(ω)
]
x(ω), (10)

where (·)H denotes the Hermitian transpose, and qω = [0 . . . 0 1 ]T ∈
RK+1. G(ω) denotes the transfer function of the secondary path.

3. CONVENTIONAL ANC AND HARD-CONSTRAINED
SSANC IN TIME DOMAIN

The objective of conventional ANC is to minimize the power of the
error microphone signal [1], [2], i.e.,

min
w

E
{
e2(n)

}
+ β∥w∥22, (11)

where E{·} denotes the mathematical expectation operator. β is a
regularization term. ∥·∥2 denotes the L2-norm. Using (8), the solution
of (11) is found to be

wANC = −Φ−1
rr ϕ, (12)

where
Φrr = GT ΦxxG+ βI, (13a)

Φxx = E{x(n)xT (n)}, (13b)

ϕ = GT Φxxq , (13c)

where I denotes the identity matrix. It should be noted that both
desired speech and noise are minimized in conventional ANC.

In [8], [20], [21], an SSANC system has been proposed where the
objective is to minimize the power of the inner error microphone
signal while preserving the delayed desired speech component of an
outer reference microphone signal. This can be achieved by imposing
the constraint

es(n) = xref,s(n−∆), (14)

where (·)s denotes the speech component of a signal and ∆ represents
a delay. This constraint can be reformulated as [21]

H(q+Gw) = δ∆, (15)

where

H = [H1 . . . HK+1] ∈ R(La+Lh+L−1)×(K+1)L, (16a)

Hk =



hk,−La · · · 0
...

. . .
...

hk,Lh−1

. . . 0

0
. . . hk,−La...
. . .

...
0 · · · hk,Lh−1


∈ R(La+Lh+L−1)×L, (16b)

δ∆ = [ 0 . . . 0︸ ︷︷ ︸
La

0 . . . 0︸ ︷︷ ︸
∆

1 0 . . . 0︸ ︷︷ ︸
Lh+L−1−∆

]T ∈ RLa+Lh+L−1, (16c)

Hk is the convolution matrix of the relative impulse response (ReIR)
between the k-th microphone and the reference microphone, with La

and Lh denoting the length of the anti-causal and causal parts of the
ReIR, respectively [21]. It should be particularly noted that although
the ReIRs are acausal, the control filter w is still causal.

To satisfy the distortionless constraint in (15), a hard constraint is
added to the optimization problem in (11), i.e.,

min
w

E
{
e2(n)

}
+ β∥w∥22

subject to H(q+Gw) = δ∆.

(17a)

(17b)

The solution is found to be [8], [20], [21]

whard = −Φ−1
rr ϕ+A

(
δ∆ −Hq+HGΦ−1

rr ϕ
)
, (18)

with

A = Φ−1
rr GT HT (HGΦ−1

rr GT HT + ρI)−1, (19)

where a small regularization factor ρ is included to ensure the
numerical stability of the matrix inversion when computing A.



4. SOFT-CONSTRAINED SSANC IN TIME DOMAIN

Since the optimization problem in (17) aims to perfectly preserve the
speech component of the reference microphone signal at the inner error
microphone, the noise reduction may be limited. By allowing a small
amount of speech distortion, i.e., relaxing the distortionless constraint,
a larger amount of noise reduction may be achieved, thus potentially
improving signal-to-noise ratio and perceived speech quality and
intelligibility.

To allow a trade-off between speech distortion and noise reduction,
we propose a soft-constrained SSANC, by defining the optimization
problem as

min
w

E
{
e2(n)

}
+ β∥w∥22 + µ∥H(q+Gw)− δ∆∥22, (20)

where µ is a real-valued non-negative trade-off parameter. The solution
is found to be

wsoft =−
(
Φrr+µGTHTHG

)−1[
ϕ−µGTHT(δ∆−Hq)

]
. (21)

When µ = 0, the optimization problem in (20) becomes equal
to (11), corresponding to the conventional ANC. Noise reduction is
maximized in this case, but the desired speech component is also
strongly suppressed (see simulations in Section 6). Increasing µ gives
more weight to the distortion term in (20), reducing speech distortion
but potentially limiting the amount of noise reduction.

5. FREQUENCY-DOMAIN ANALYSIS

In this section, we present a frequency-domain analysis for the
conventional ANC, the hard-constrained SSANC, and the proposed
soft-constrained SSANC, further highlighting their relationships.

Similarly to (11), the optimization problem for conventional ANC
in the frequency domain is defined as

min
w(ω)

E
{
|E(ω)|2

}
, (22)

where the regularization term is omitted for brevity (i.e., β = 0). The
solution can be found to be

wANC(ω) =
1

G∗(ω)
(−qω) , (23)

where (·)∗ denotes the complex conjugate.
Similarly to (17), the optimization problem for hard-constrained

SSANC in the frequency domain is defined as

min
w(ω)

E
{
|E(ω)|2

}
(24a)

subject to
[
qH

ω +G(ω)wH(ω)
]
h(ω) = exp (−iω∆), (24b)

where h(ω) = [H1(ω) . . . HK(ω)HK+1(ω)]
T ∈ CK+1 denotes the

relative transfer function vector of the desired source, and i denotes
the imaginary unit. The solution is found to be

whard(ω) =
1

G∗(ω)

(
−qω +

Φ−1
x (ω)h(ω) exp (iω∆)

hH(ω)Φ−1
x (ω)h(ω)

)
, (25)

where Φx(ω) = E{x(ω)xH(ω)} ∈ C(K+1)×(K+1) denotes the input
covariance matrix, which is assumed to be positive-definite.

Similarly to (20), the optimization problem for the proposed soft-
constrained SSANC in the frequency domain is defined as

min
w(ω)

E
{
|E(ω)|2

}
+µ

∣∣∣[qH
ω +G(ω)wH(ω)

]
h(ω)−exp (−iω∆)

∣∣∣2.
(26)

The solution is found to be

wsoft(ω) =
1

G∗(ω)

(
−qω +

Φ−1
x (ω)h(ω) exp (iω∆)
1
µ
+ hHΦ−1

x (ω)h(ω)

)
. (27)

By comparing (23), (25) and (27), it can be observed that

lim
µ→0

wsoft(ω) = wANC(ω), (28a)

lim
µ→∞

wsoft(ω) = whard(ω), (28b)

implying that in the frequency domain the conventional ANC and the
hard-constrained SSANC are limiting cases of the soft-constrained
SSANC for µ → 0 and µ → ∞, respectively.

6. SIMULATION RESULTS

6.1. Setup

For the simulation, we considered a pair of open-fitting hearables [28],
[29] inserted into both ears of a GRAS 45BB-12 KEMAR Head &
Torso simulator, as shown in Fig. 2a. We used four outer microphones
(entrance microphones and concha microphones at the left and right
ears, labeled as #1– #4 in Fig. 2b), one inner error microphone (located
at the right ear, labeled as #5 in Fig. 2b), and the outer receiver at
the right ear as the secondary source. The inner error microphone
was assumed to be at the eardrum.

The acoustic scenario is shown in Fig. 2b, where we considered
a desired speech source at 0◦ (“p361 005” from the VCTK dataset
[30]) and two noise sources at 45◦ and 255◦ (babble noise from the
NOISEX-92 database [31]). The desired speech and noise components
in all microphone signals were generated by convolving source signals
with measured anechoic impulse responses from the database [29].
All signals were 5 seconds in duration and sampled at 16 kHz. The
desired speech and noise components were mixed such that the signal-
to-noise ratio (SNR) of the leakage at the inner error microphone
was set to −5 dB, with both noise sources contributing the same
energy. As the secondary path estimate we used the measured impulse
response between the outer receiver and the inner error microphone
at the right ear (from [29]).

All the algorithms were implemented in the time domain. As
filter lengths we used Lw = 600 for the control filter (per channel),
Lg = 280 for the secondary path, and La = 22 and Lh = 262 for the
anti-causal and causal parts of the ReIRs for the desired speech source
in (16b). The delay for the desired speech component in (14) was set
to ∆ = 32, corresponding to 2 ms. The ReIRs for the desired speech
source were computed using the least-mean-squares adaptive filter
(after convergence) from microphone signals generated by convolving
white noise with the measured impulse responses at 0◦, using the
entrance microphone #3 as the reference microphone. Similar to the
previous studies [8], [20], [21], the evaluation focused on the frequency
range above 100 Hz. Therefore, a minimum-phase high-pass filter
with a cut-off frequency at 100 Hz was applied to the desired signal
xref,s(n − ∆). For all ANC designs, β = λmax(G

T ΦxxG)/(4×105),
where λmax(·) denotes the largest eigenvalue. The regularization factor
in (19) was equal to ρ = λmax(HGΦ−1

rr GT HT )/(4×105).

6.2. Evaluation metrics

The performance of the considered ANC designs was evaluated in
terms of noise reduction, speech distortion, SNR improvement, speech
quality and intelligibility.

The noise reduction is defined as the difference between the power
of the noise component of the leakage pv(n) (without control) and
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Fig. 2: (a) Illustration of the open-fitting hearable. (b) Acoustic scenario with
one desired speech source at 0◦ and two babble noise sources at 45◦ and
255◦.

the noise component of the inner error microphone signal ev(n) (with
control), i.e.,

NR (dB) = 10 log10

N∑
n=1

p2v(n)− 10 log10

N∑
n=1

e2v(n), (29)

where N denotes the total signal length.
The intelligibility-weighted spectral distortion is used to assess the

amount of speech distortion [6], [23], [25]. It is defined as

SDintellig (dB) =

B∑
b=1

I(ωb) 10 log10
Pϵ(ωb)

Pref,s(ωb)
, (30)

where the band importance function I(ωb) expresses the importance
of the b-th one-third octave band for intelligibility [32], and B denotes
the total number of bands. Pϵ(ωb) is the power spectral density of
ϵ(n) in the b-th band, where ϵ(n) = es(n)−xref,s(n−∆). Pref,s(ωb)
is the power spectral density of xref,s(n−∆) in the b-th band.

Similar to (30), the intelligibility-weighted SNR improvement is
defined as

∆SNRintellig (dB)=

B∑
b=1

I(ωb)
[
SNRon(ωb)− SNRoff(ωb)

]
, (31)

where SNRon(ωb) and SNRoff(ωb) denote the SNRs in the b-th band
of the inner error microphone signal (with control) and the leakage
(without control), respectively.

In addition, we considered the narrowband perceptual evaluation
of speech quality (PESQ) [33] and the extended short-term objective
intelligibility (ESTOI) [34] metrics using xref,s(n − ∆) as the
reference signal. We evaluated the PESQ and ESTOI differences
between the leakage (without control) and the inner error microphone
signal (with control).

6.3. Results and discussion

Figure 3 compares the performance of the conventional ANC, the
hard-constrained SSANC, and the proposed soft-constrained SSANC
for different values of the trade-off parameter µ (−5 ≤ log10 µ ≤ 0.5).
For the conventional ANC, both desired speech and noise components
are minimized at the inner error microphone, yielding the maximum
noise reduction (21.6 dB) but also significant speech distortion (0 dB).
This leads to a poor SNR improvement (4.4 dB), a drop in the PESQ
score (−0.12), and a minor ESTOI improvement (0.06). In contrast,
the hard-constrained SSANC system almost perfectly preserves the
speech component of the reference microphone signal. This results
in minimal speech distortion (−31.5 dB) while reducing noise by
12.1 dB. An SNR improvement of 8.4 dB, a PESQ improvement of
0.12, and an ESTOI improvement of 0.33 are obtained.
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Fig. 3: Noise reduction, intelligibility-weighted spectral distortion,
intelligibility-weighted SNR improvement, narrowband PESQ improvement,
and ESTOI improvement for conventional ANC (left column, µ = 0), the
hard-constrained SSANC (right column, µ → ∞), and the proposed soft-
constrained SSANC for different values of the trade-off parameter µ.

The proposed soft-constrained SSANC system bridges the gap
between both extreme cases. For very small values of µ, it behaves
like the conventional ANC system, whereas for large µ it approaches
the hard-constrained SSANC system, thus confirming the frequency-
domain relationships in (28). More importantly, there is a wide range
of parameter values yielding a larger noise reduction than the hard-
constrained case without causing excessive speech distortion. For
example, setting log10 µ = −2 (µ = 0.01) yielded a noise reduction
of 20.7 dB and a speech distortion of −14.7 dB, corresponding to
an SNR improvement of 17.2 dB, a PESQ improvement of 0.54,
and an ESTOI improvement of 0.39, outperforming hard-constrained
SSANC by 8.8 dB in terms of SNR improvement, 0.42 in terms
of PESQ improvement, and 0.06 in terms of ESTOI improvement.
These results demonstrate that the soft-constrained SSANC not only
generalizes existing approaches but also provides a practical method
for improving speech quality and intelligibility1.

7. CONCLUSION
In this paper, we proposed a soft-constrained SSANC system employ-
ing a tunable parameter to trade off between speech distortion and
noise reduction. Through a frequency-domain analysis it was shown
that the proposed system is equivalent to conventional ANC and hard-
constrained SSANC for extreme values of the trade-off parameter,
which was confirmed by simulations in the time domain for a pair
of open-fitting hearables. The results demonstrated that there exists a
wide range of values for the trade-off parameter leading to better SNR
improvement and enhanced speech quality and intelligibility than the
hard-constrained configuration. Future work includes evaluating the
trade-off parameter in different acoustic scenarios.

1Audio examples can be found at https://uol.de/p113620.
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