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Abstract—Sound field control (SFC) aims to accurately re-
produce a desired sound field within a specified region, which
requires both adaptation to input signal characteristics and
precise estimation of acoustic paths between loudspeakers and
microphones. To meet these demands, two adaptive algorithms
are proposed. The first is a signal-adaptive multichannel filtered-
x least-mean-square (MCFxLMS) filter designed to handle non-
stationary input signals such as speech and music. The second
is an acoustic path tracking algorithm that incorporates an
input signal decorrelation strategy, enabling robust tracking
of multichannel room impulse responses (RIRs) even under
highly correlated excitation. Additionally, an alternating mode-
switching mechanism is introduced to dynamically activate each
algorithm based on predefined criteria. This approach can reduce
computational complexity in large-scale multichannel systems
while preserving sound field fidelity within the control region.

I. INTRODUCTION

Sound field control (SFC) is the process of reproducing
a desired sound field within a specified region using an
array of loudspeakers [1]–[4]. Traditional methods generally
assume linear, time-invariant acoustic systems, and spectrally
white input signals. However, in practice, SFC must contend
with nonstationary inputs and dynamically changing acoustic
environments. This study tackles these real-world challenges
and proposes strategies to improve control performance under
such conditions.

To address the nonstationary nature of input signals, adaptive
SFC (ASFC) techniques have been developed. For instance,
a method was proposed in [5], which incorporates time-
averaged input statistics and perceptual masking to improve
SFC performance [5]. Following this principle, the work
in [6] proposed to incorporate the instantaneous spectral
characteristics of the input signal to further enhance acoustic
contrast [6]. In automotive environments, an online ASFC
approach was proposed using the filtered-x least-mean-square
(FxLMS) framework [7]. In multiple-input multiple-output
(MIMO) systems, where computational complexity becomes
a major concern, block-based adaptive algorithms [8], [9]
and a distributed pressure-matching approach using diffusion
adaptation [10] have been developed to efficiently manage
processing demands across networked nodes.
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However, most existing methods fail to account for the time-
varying nature of room acoustics, which can result from factors
such as positional mismatches, temperature changes, scattering
effects, and fluctuations in sound speed [11]. One approach
to mitigating this issue involves introducing robustness con-
straints based on prior knowledge of the acoustic transfer
function [12]–[14]. While effective under stable conditions,
these methods depend heavily on accurate priors and thus
struggle in rapidly changing environments. To overcome this
limitation, system identification techniques have been explored
as a more adaptive and flexible solution [15]–[17]. Drawing
inspiration from secondary path modeling in active noise
control (ANC), a joint iterative strategy has been proposed to
simultaneously perform SFC and track variations in the room
impulse responses (RIRs) [18]. Expanding on this idea, an
adaptive control framework was later introduced to maintain
acoustic contrast while dynamically tracking RIR changes [19].
These approaches typically require concurrent updates to both
the RIR modeling filters and the SFC filters.

Conventional RIR tracking algorithms commonly rely on
white or colored noise as excitation signals due to their
favorable uncorrelated properties. However, such signals are
impractical in real-world applications, as they introduce per-
ceptually irrelevant and potentially disruptive content. In prac-
tice, excitation signals are more likely to be speech or music,
which exhibit strong self and inter-channel correlations. This
high degree of correlation leads to non-uniqueness issues,
severely hindering both the convergence speed and accuracy
of adaptive tracking algorithms.

To address the aforementioned challenges, a range of pre-
processing techniques have been developed, which can be
broadly classified into nonlinear [20], time-variant [21]–[24],
and resampling-based methods [25]–[28]. One of most well-
known approaches, proposed by Benesty et al., introduced
nonlinear distortions to decorrelate input signals in stereo
acoustic echo cancellation (AEC) [29]. The half-wave rectifier
(HWR) is a well-known example that balances decorrelation
performance with perceptual fidelity [29]. More recent work
has shifted toward psychoacoustically motivated techniques,
aiming to preserve perceptual quality while enhancing signal
decorrelation [30], [31]. In the context of MIMO system
identification, the non-uniqueness issue has been tackled by
decomposing excitation signals into correlated and uncorrelat-
ed components. Two extended filters are then used to model
these components independently, demonstrating improved i-
dentification performance over traditional methods [32], [33].
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To advance the current state-of-the-art, this paper intro-
duces an alternating mode-switching strategy that dynamically
switches between adaptive SFC and MIMO acoustic path
tracking under correlated excitation conditions. The main
contributions are threefold. First, an online SFC algorithm
is introduced that effectively handles input signals both with
and without intra- and inter-channel correlations. Second, a
decorrelation technique leveraging filtered loudspeaker outputs
is developed to enable robust tracking of multichannel acoustic
systems. Third, a state-driven coordination mechanism is
designed to manage the two adaptive processes, facilitating
more efficient resource utilization in practical deployments.
Extensive simulations are presented to demonstrate the feasi-
bility and effectiveness of the proposed approach.

II. SOUND FIELD CONTROL

A. Signal Model
The reproduced sound pressure at the mth microphone po-

sition, denoted by pm(n), is modeled as the linear convolution
of the input signal x(n) with the RIRs and the loudspeaker
control filters ql(j) of length J , at time index n [6]; that is

pm(n) =
L∑

l=1

K−1∑

k=0

J−1∑

j=0

hml(k)x(n − k − j)ql(j), (1)

where hml(k) represents the RIR of length K from the
lth loudspeaker to the mth microphone, and L denotes the
total number of loudspeakers. The corresponding matrix/vector
form of (1) is

pm(n) =
L∑

l=1

hm,lX(n)ql = hT
mU(n)q, (2)

where

hml = [hml(0) hml(1) · · · hml(K − 1)]
T ∈ RK×1,

hm =
[
hT

m1 hT
m2 · · · hT

mL

]T ∈ RLK×1,

[X(n)]k,j = x(n − K − J + 2), X(n) ∈ RK×J ,

U(n) = IL ⊗ X(n) ∈ RLK×LJ ,

ql = [ql(0) ql(1) · · · ql(J − 1)]
T ∈ RJ×1,

q =
[
qT

1 qT
2 · · · qT

L

]T ∈ RLJ×1,

the superscript {·}T and ⊗ denote, respectively, the transpose
and Kronecker product operators, and IL denotes the identity
matrix of size L × L.

By stacking the sound pressures from all M microphones
into a vector, we obtain

p(n) = HU(n)q, (3)

where p(n) = [p1(n) p2(n) · · · pM (n)]
T ∈ RM×1 is the

vector of sound pressure, and H = [h1 h2 · · · hM ]
T ∈

RM×LK is the RIR matrix.
The desired response at the mth microphone within the

control region is typically derived from a virtual source, such
as the vth loudspeaker, with a modeling delay τd introduced
to ensure causality [34]. That is

pd
m(n) = x(n) ∗ δ(n − τd) ∗ hmv(k)

= xT (n)∆mhmv,
(4)

where

x(n) = [x(n) · · · x(n − K + 1)]
T ∈ RK×1,

[∆m]i,j =

{
1 if i = j + τd

0 otherwise
, ∆m ∈ RK×K ,

hmv = [hmv(0) hmv(1) · · · hmv(K − 1)]
T ∈ RK×1,

and ∗ denotes the linear convolution operator. By organizing
pd

m(n) from all the M microphones into a vector, we obtain

pd(n) = Xd(n)∆hv ∈ RM×1, (5)

where

pd(n) =
[
pd
1(n) pd

2(n) · · · pd
M (n)

]T ∈ RM×1,

Xd(n) = blkdiag
[
xT (n) · · · xT (n)

]T ∈ RM×MK ,

∆ = blkdiag [∆1 · · · ∆M ] ∈ RMK×MK ,

hv =
[
hT

1v hT
2v · · · hT

Mv

]T ∈ RMK×1,

and blkdiag[·] denotes the block diagonal matrix operator.

B. Adaptive Sound Field Control Algorithm

To adapt to the statistical variations of the input signals,
a time-varying control filter q(n) is employed to replace the
fixed filter q in (3). The resulting error between the desired
and the reproduced sound field is then given by

eq(n) = pd(n) − p(n)

= Xd(n)∆hv − HU(n)q(n).
(6)

The corresponding mean-squared error (MSE) is defined as

J [q(n)] , E[eT
q (n)eq(n)], (7)

where E[·] denotes the mathematical expectation. Replacing
the expectation in (7) with instantaneous values gives the
following gradient approximation

∂J [q(n)]

∂q(n)
≈

{
UT (n)HT

[
HU(n)q(n) − Xd(n)∆hv

]}

= −UT (n)HT eq(n). (8)

Based on (8), the multichannel filtered-x LMS (MCFxLMS)
algorithm for SFC can be expressed as

q(n + 1) = q(n) +
µq

∥HU(n)∥2
F + δq

UT (n)HT eq(n), (9)

where µq is the step size parameter, δq is a positive constant
introduced for numerical stability, and ∥·∥F denotes the Frobe-
nius norm.

III. RIRS TRACKING FOR MIMO SFC SYSTEM

The SFC algorithm described in Sec. II-B assumes static
RIRs between sources and sensors. In practice, however, these
RIRs can vary over time due to changes in the environment. To
preserve effective control performance, it is therefore necessary
to identify and track such variations throughout the control
process.

A. RIR Tracking

As illustrated in Fig. 1, the SFC system can be formulated
as a MIMO system. Accordingly, the RIR tracking system with
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Fig. 1. Block diagram of the proposed alternating mode-switching method for adaptive sound field control and RIR tracking.

L inputs and M outputs is represented as an L × M system.
The associated signal model follows the formulation in [35],
[36], given by

y(n) = H(n)s(n) + v(n), (10)

where

y(n) = [y1(n) y2(n) · · · yM (n)]
T ∈ RM×1,

H(n) =




hT
11(n) hT

12(n) · · · hT
1L(n)

hT
21(n) hT

22(n) · · · hT
2L(n)

...
...

. . .
...

hT
M1(n) hT

M2(n) · · · hT
ML(n)


 ∈ RM×LK ,

s(n) =
[
sT
1 (n) sT

2 (n) · · · sT
L(n)

]T ∈ RLK×1,

sl(n) = [sl(n) sl(n − 1) · · · sl(n − K + 1)]
T ∈ RK×1,

v(n) = [v1(n) v2(n) · · · vM (n)]
T ∈ RM×1,

sl(n) = x(n) ∗ ql(n) is the control-filtered excitation signal1,
and v(n) is the observation noise vector.

At time n, the error signal vector encompassing all outputs
is defined as

eh(n) = y(n) − ŷ(n)

= y(n) − Ĥ(n)s(n),
(11)

where eh(n) = [e1(n) e2(n) · · · eM (n)]
T ∈ RM×1, and

Ĥ(n) is an estimate of H(n). The corresponding MSE is then
written as

J [Ĥ(n)] , E
[
eT
h (n)eh(n)

]
. (12)

It follows then that the derivative of (12) with respect to Ĥ is

1Here, we set the length of RIR and control filter for each channel is equal,
i.e., K = J .

given by
∂J [Ĥ(n)]

∂Ĥ(n)
= −2E

[
eh(n)sT (n)

]
. (13)

Accordingly, the NLMS-type adaptive update equation for the
proposed tracking system is expressed as

Ĥ(n) = Ĥ(n − 1) +
µh

∥s(n)∥2 + δh
eh(n)sT (n). (14)

B. Decorrelation of the Excitation Signals
As discussed in Sec. I, when the excitation signals in

the ASFC system consist of music or speech, the resulting
loudspeaker signals s(n) remain highly self correlated and
correlated across channels, even after being processed by the
control filters q(n). To address this issue, signal decorrelation
is necessary. Motivated by approaches employed in AEC, two
decorrelation techniques are explored.

1) Phase modulation: The first decorrelation technique
considered in this work is subband phase modulation, selected
for its proven effectiveness in enhancing convergence perfor-
mance without significantly degrading learning quality [24].
In this method, an oversampled analysis filter bank with
decimation factor D decomposes the excitation signal into U
subbands. Each subband signal sl(ω, u) from the lth channel
is then modulated by a complex exponential function eȷϕl(ω,u),
resulting in the decorrelated subband-domain signal as

zl,PHI(w, u) = sl(w, u)eȷϕl(w,u), (15)

where w and u denote, respectively, the time and subband
indices. A synthesis filter bank is then used to reconstruct the
fullband signal zl,PHI(n) from the modulated subbands.

The effectiveness of this decorrelation method largely relies
on the phase function ϕl(ω, u). The subband framework allows
for the use of distinct phase functions across subbands, fa-
cilitating perceptually optimized designs that minimize signal
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degradation. To balance effective decorrelation with minimal
audible distortion, a smooth phase function is typically adopt-
ed [21], [37], such that

ϕl(w, u) = αu sin(2πfl,uw
D

fs
), (16)

where αu represents the phase amplitude of the uth subband,
fl,u is the corresponding modulation frequency for lth channel,
and fs is the fullband sampling rate.

2) Half-wave rectifier: The second decorrelation technique
employed in this work is the widely used half-wave rectifier
(HWR). This approach provides a favorable balance between
effective decorrelation and low distortion, as its nonlinear
transformation is inherently adapted to the excitation sig-
nal [20], [29]. The resulting decorrelated signal for the lth
loudspeaker is given by

zl,HWR(n) = sl(n) +
β

2

[
sl(n) + (−1)l+1 |sl(n)|

]
, (17)

where the factor β controls the degree of nonlinearity applied
to the excitation signal, and | · | is the absolute value operation.

IV. PROPOSED ALTERNATING MODE-SWITCHING METHOD

As discussed in Sec. I, conventional ASFC methods with
online RIR tracking require the simultaneous adaptation of
both the RIR modeling and SFC filters. This dual-update
process incurs significant computational overhead, particularly
in systems with many microphones and loudspeakers, thereby
limiting practical deployment. To mitigate this issue, we pro-
pose a mode-switching strategy that activates only one update
mode at a time based on predefined criteria, enabling more
efficient use of system resources. This approach is motivated
by similar techniques employed in ANC systems [38], [39].

Initially, the SFC update (Mode 1) operates using pre-
calibrated RIRs, as illustrated in Fig. 2. When the system
reaches a stable state and the SFC error eq falls below a pre-
defined threshold ϵq, it indicates that the RIRs have remained
relatively unchanged. In this scenario, the RIR tracking filters
are left unaltered. Selecting an appropriate threshold (e.g.,
ϵq = −20 dB) ensures that the control performance within
the target zone is preserved. Conversely, when the condition
T1 : eq ≥ ϵq is met, it suggests that the RIRs may have
changed over time. In response, the system switches to RIR
tracking, while holding the SFC filters constant.

Upon activation by condition T1, the system enters RIR
tracking mode (Mode 2), during which the convergence be-
havior of the RIR modeling error must be monitored in real
time. The control-filtered signals s(n) are processed through
the ’Decorr.’ block shown in Fig. 1, producing the loudspeaker
playback signals, i.e., the decorrelated excitation signal z(n).
When the error in the RIR modeling filters begins to stabilize,
it indicates that the current RIR estimates are sufficiently
accurate for effective SFC. To identify the point at which
the RIR estimates become reliable, a second criterion T2 is
introduced. This criterion is based on the slope of the MSE
function J [Ĥ(n)] defined in (12), and is given by

T2 :
∂J [Ĥ(n)]

∂n
= E

[
2eh(n)

∂eh(n)

∂n

]
→ 0. (18)

SFC

Update

RIR 

tracking

 T1 

 T2 

pre-calibrated 

RIRs

 Mode 2  Mode 1 

Fig. 2. Diagram illustrating mode-switching between SFC updates and RIR
tracking.

In practical implementation, the above criterion can be ap-
proximated by substituting the expectation and derivative with
a time average and a first-order difference, respectively [38],
[39], i.e.,

T2 :
1

Na

Na−1∑

na=0

eh(n−na) [eh(n − na) − eh(n − na − 1)] → 0,

(19)
where Na denotes the total number of samples used for
averaging. Ideally, a near-zero slope signifies RIR convergence;
however, this is seldom observed in practice. Therefore, a
threshold ϵh is employed to trigger the switch back to Mode 1.
The threshold parameters ϵq and ϵh were empirically tuned in
our experiments, since their optimal setting depends on the
specific system configuration and signal conditions.

For large-scale MIMO SFC systems, simultaneously running
both adaptive processes is computationally intensive. Addi-
tionally, their mutual interaction can impede the convergence
of each algorithm. The proposed mode-switching strategy
addresses these challenges by activating only one mode at a
time, thereby reducing the overall computational burden and
effectively minimizing interference between the two processes.

V. EVALUATION

A. Performance Evaluation Metrics

Two metrics are used for evaluation: normalized signal
distortion energy (NSDE) and normalized misalignment (NM).

• The NSDE at time n is defined as

εNSDE(n) = 10 log10

∥∥p(n) − pd(n)
∥∥2

∥pd∥2 . (20)

• The NM quantifies the distance between the true and
estimated impulse response matrices, normalized by the
Frobenius norm of the true RIR matrix [40]. At time index
n, it is defined as

NM(n) = 10log10

∥∥∥H(n) − Ĥ(n)
∥∥∥

F

∥H(n)∥F

. (21)

B. Simulation Setup

The well known image model is used to simulate the
acoustic environments for evaluation [41]. The simulated room
measures 5 m × 4 m × 2.5 m, with the speed of sound set to
c = 343 m/s. RIRs are generated using the code provided
in [42], featuring a reverberation time of T60 ≈ 500 ms.
The RIRs are truncated into a length of 128 samples. A 4-
element uniform linear loudspeaker array with 0.15 m spacing
is used, with the second speaker selected as the virtual source.
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Fig. 3. Convergence behavior of the MCFxLMS algorithm applied to sound
field control with a music signal as its input. The upper subplot presents
the time-domain waveform of the input music signal at the 1st-channel
loudspeaker.

The loudspeakers, microphones, and virtual source are all
positioned in the same horizontal plane at a height of 0.5 m.
A total of M = 9 microphones are uniformly distributed
within a square control region, spaced at 0.1 m intervals.
The loudspeaker and microphone arrays are aligned along the
room’s central axis and separated by 2 m. The loudspeaker
array is located 0.5 m and 2.245 m from the nearest walls.
The system operates at a sampling rate of fs = 16 kHz, and
the loudspeaker control filters have a length of 128 taps. To
simulate sensor noise, Gaussian white noise with an SNR of
30 dB is added at the microphones. Both the ASFC and RIR
modeling filters are initialized to zero vectors and matrices,
respectively. Step sizes are set to µq = µh = 1, with
regularization parameters δq = δh = 10−6. All results are
averaged over 20 Monte Carlo runs.

For the phase modulation-based decorrelation method, U =
36 filter banks are employed with a decimation factor of D =
8. The phase function is defined by parameters αu and fl,u.
Phase amplitudes αu are chosen according to Table I, based
on the listening test results reported in [21], to introduce inter-
channel phase offsets. The modulation frequency for the lth
loudspeaker is set to fl,u = 10 + 2(l − 1) Hz. In the case of
the HWR method, the parameter β is fixed at 1.

C. ASFC Performance

Figure 3 presents the convergence behavior of the proposed
MCFxLMS algorithm for SFC under time-invariant RIRs (i.e.,
operating in Mode 1). The error quickly drops below −20 dB,
demonstrating effective adaptation to nonstationary inputs. As
long as the RIR remains unchanged, the error continues to
decrease gradually and stays at a consistently low level.

D. RIR Tracking Performance

Figure 4 shows the RIR tracking performance when the
system switches to Mode 2. Without decorrelation, the RIR
tracking performance is poor, which is likely due to the
high temporal correlation and limited spectral diversity of
the excitation signal, as music signals are typically harmonic

no decorr.
HWR
phase modul.

Fig. 4. Convergence performance of RIR tracking using various decorrelation
methods. The upper subplot displays the time-domain waveform of the
excitation signal applied to the 1st-channel loudspeaker.

TABLE I
THE PHASE AMPLITUDE αu FOR DIFFERENT SUBBANDS.

Subband u 0 − 3 4 5 6 ≥ 7

αu [Degrees] 20◦ 40◦ 70◦ 90◦ 180◦

and narrowband. To address this, phase modulation and HWR
are employed for signal decorrelation. Among the methods,
phase modulation delivers the best performance, achieving
up to a 20-dB reduction in normalized misalignment by the
end of the tracking period. This improvement is attributed
to its strong decorrelation capability, as it alters the phase
structure across the full frequency range while preserving
the magnitude, enabling faster convergence and lower steady-
state error. In comparison, HWR offers a favorable trade-off
between performance and computational efficiency. However,
as a simple, low-latency non-linear operation that maintains
the temporal envelope of the signal, HWR is better suited for
real-time or resource-constrained applications.

Due to space limitations, this work focuses on a proof-of-
concept, while evaluations under dynamic RIR variations are
left for future work.

VI. CONCLUSIONS

This paper presented a novel adaptive sound field control
method within a MIMO framework, incorporating acoustic
path tracking driven by realistically correlated excitation sig-
nals. The proposed approach supports online adaptation to
input signals with or without self and inter-channel correlation
and includes a decorrelation mechanism based on filtered loud-
speaker outputs to enable accurate and robust tracking of room
impulse responses. To further enhance practical applicability,
a coordination strategy was developed to alternate between
adaptive sound field control and RIR tracking, improving
computational efficiency and adaptability.
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