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Abstract 

Head-worn devices such as smartglasses and headsets are the predominant form factor for augmented reality and tel-
epresence applications, where real-world environments are augmented with virtual sound sources. For these sources 
to appear perceptually convincing, the acoustics of their virtual environment must closely match the room acous-
tics of the physical space. Estimating room impulse responses (RIRs) in this setting is challenging because practical 
scenarios require small arrays that continuously move with the user’s head. This study presents a method for the blind 
identification of RIRs from speech signals captured with a moving head-worn microphone array and the subsequent 
rendering of virtual sound sources based on perceptually relevant acoustic parameter estimates. A motion-aware sig-
nal model that estimates spatial RIRs as sound field coefficients and incorporates position tracking data is compared 
against an omnidirectional model and a baseline. Numerical results show that the motion-aware model provides 
the most accurate acoustic parameter estimates when used in an informed setting with the true reference signal. In 
the blind setting, however, its advantage largely diminishes. In a listening experiment, renderings based on the omni-
directional model are rated as most similar to the reference condition and are most often associated with the cor-
rect room significantly above chance. The findings highlight the practical relevance of the proposed framework, 
with the omnidirectional model offering robust and perceptually convincing performance, while the motion-aware 
model remains promising for parameter estimation.
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1  Introduction
The growing adoption of smartglasses and virtual/aug-
mented reality (VR/AR) headsets has accelerated the 
integration of head-worn microphone arrays into con-
sumer devices. These devices enable audio capture from 
the user’s perspective and playback through near-ear 
loudspeakers, allowing for augmentation of real environ-
ments with virtual sounds. For convincing augmentation, 
the acoustics of the real and virtual environments must 

match perceptually, so that virtual sound sources blend 
seamlessly with the physical scene [1]. Without accurate 
acoustic matching, externalization, distance percep-
tion, and the overall plausibility of virtual sources are 
impaired [2–4]. Among the most critical parameters for 
perceptual matching are the reverberation time (RT) and 
measures of early-to-late energy such as the direct-to-
reverberant energy ratio (DRR) [1, 5, 6].

In practice, the acoustic properties of the user’s envi-
ronment are unknown, and dedicated measurements are 
infeasible. Instead, naturally occurring sounds, such as 
speech, can be used to estimate acoustic parameters [7–
11] or room impulse responses (RIRs)  [12–19]. While 
RIRs have the advantage of capturing all linear, time-
invariant acoustic properties at once, their estimation 
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is challenging due to long acoustically relevant RIR 
lengths of several hundred milliseconds, which impedes 
the convergence of conventional blind estimation 
techniques [20].

Recent work has addressed these challenges with a 
robust two-stage framework for blind multichannel 
RIR estimation  [20–22]. The method first constructs a 
pseudo-reference signal via dereverberation and beam-
forming, and then estimates the RIR with a multichan-
nel Wiener or recursive least-squares (RLS) filter. The 
approach converges reliably in static conditions and out-
performs conventional direct parameter estimation. A 
study on smartglasses recordings demonstrated its feasi-
bility and perceptually effective matching performance in 
stationary scenarios [23].

Instead of dividing the room acoustic matching prob-
lem into estimation and rendering, some recent machine-
learning approaches jointly tackle both steps, either 
analyzing microphone signals  [24–26] or by exploit-
ing visual information  [27, 28]. Head-worn microphone 
arrays pose a unique challenge for acoustic parameter 
estimation and matching algorithms due to their move-
ment with the user’s head. The aforementioned works, 
however, only consider scenarios with stationary micro-
phones, and room acoustic matching with signals from a 
moving array has not been attempted thus far.

Existing work involving RIR and sound field estima-
tion from moving microphones primarily considers 
controlled setups to measure and reconstruct RIRs over 
a spatial grid from one or several moving microphones 
while using a known, sometimes specifically designed 
excitation signal  [29–35]. These approaches do not con-
sider head-worn arrays, natural movement, or blind 
estimation. A few studies have modeled signals in the 
spherical harmonic domain, updating coefficients across 
microphone positions [33, 35].

In related works, the authors recently proposed an 
RLS filter that supports the estimation of multichannel 
RIRs as sound field coefficients in dynamic conditions 
by incorporating tracking data for array orientation and 
position [36, 37]. In this approach, RIRs are represented 
as circular harmonic (CH) sound field coefficients that 
remain valid in a spatial region around the array, accom-
modating both rotations and translations. A feasibility 
study using a controlled setup with an equatorial micro-
phone array moving along a line demonstrated that 
accurate RIR estimation is achievable at low and mid 
frequencies with the performance depending on array 
displacement and the maximum order of the estimated 
sound field coefficients. These studies however only con-
sidered the informed estimation problem, assuming a 
known reference signal, and did not attempt perceptually 
valid matching.

The present work extends and combines the framework 
from [20] and the method from [37] to support realistic 
use cases with head-worn arrays and natural head move-
ments without requiring analytic array models, and ena-
bles the rendering of binaural virtual sources based on 
estimated acoustic parameters. Two signal models are 
considered: a motion-aware model that leverages posi-
tion tracking information and estimates sound field coef-
ficients, and an omnidirectional model that estimates 
an omnidirectional RIR without requiring tracking. The 
results are evaluated numerically in terms of the estima-
tion performance of typical acoustic parameters and per-
ceptually through a listening experiment that assesses 
the perceptual quality of virtual sound sources rendered 
using the estimated parameters. To our knowledge, this is 
the first demonstration of blind room acoustic matching 
from moving head-worn microphone arrays.

2 � Array signal models
This section introduces a signal model for estimating 
spatial room transfer function coefficients during array 
motion. The model is designed to satisfy two require-
ments. First, it represents the sound pressure measured 
within a region around the coordinate origin in terms of a 
set of spatial room transfer function coefficients defined 
at the origin. Second, it separates the contributions of the 
spatial array transfer function, the spatial room trans-
fer function, and the source signal, thereby enabling an 
array-independent estimate of the spatial room impulse 
response. As a simpler alternative, an omnidirectional 
signal model is also proposed that models the omnidirec-
tional sound pressure while ignoring the array motion.

2.1 � Motion‑aware signal model
To derive such a representation, it is useful to formulate 
the problem from a sound field perspective. Any source- 
and sink-free interior sound field can be described by a 
superposition of infinitely many plane waves with a cor-
responding continuous plane-wave amplitude density. 
This plane-wave density is commonly decomposed into 
a radial and an angular component, where the angular 
component is often expanded in orthogonal basis func-
tions, such as spherical harmonics (SHs) on the sphere or 
circular harmonics (CHs) on the circle [38].

Head-worn microphone arrays are typically embed-
ded in devices such as smartglasses or head-mounted 
displays, which constrain microphone placement to 
a limited aperture, usually on a single circumferential 
contour around the front and sides of the head. When 
microphones are approximately positioned on a circum-
ferential contour around the head, CHs
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provide a suitable basis  [39]. Employing the plane-wave 
decomposition in the CH domain, the sound pressure at 
the angular frequency ω and a position in the 2D plane 
defined by radius r and angle φ due to a source s is given 
by [38]

Here, am are the CH coefficients representing the direc-
tional plane wave density and bm are radial terms. After 
limiting the CH coefficients to order N ∈ N0 such that 
their degree m ∈ [−N ,N ] , the CH-domain sound field 
coefficients at a translated and rotated origin described 
by position (φt, rt) and azimuthal rotation α are [37]

where the CH coefficients for all degrees up to order N 
are stacked in the vectors a ∈ C

2N+1 and at ∈ C
2N+1 

for the original and the translated coefficients, respec-
tively. The array translation is expressed using the 
translation matrix T ∈ C

2N+1×2N+1 containing the ele-
ments Tm,µ = Cµ−m(φt) i

µ−m Jµ−m(krt) at row index 
m ∈ [−N ,N ] and column index µ ∈ [−N ,N ] , where Jm 
are the Bessel functions. The diagonal rotation matrix 
R ∈ C

2N+1×2N+1 contains eimα terms on its main 
diagonal.

Given the CH-domain coefficients of the rotated, trans-
lated sound field in  (3), the sound pressure captured by 
a microphone array is obtained by applying the spatial 
array response matrix D ∈ C

M×2N+1,

The spatial array response matrix D maps the trans-
lated CH coefficients to the microphone domain while 
incorporating the spatial array transfer function, account-
ing for array geometry, sensor characteristics, and scat-
tering effects of the (head-worn) array. This signal model 
describes the sound pressure for a rotated, translated 
array and is valid in a source- and sink-free region around 
the coordinate origin. It separates acoustic contributions 
of the microphone array via the spatial array transfer 
function captured in D , the room acoustics via the spa-
tial room transfer function a , and the source signal s. The 
entries of D have also been described as wearable-device-
related transfer function coefficients  [40]. This signal 
model is referred to as the motion-aware signal model in 
the following.

Although this signal model only supports 2D sound 
fields, it has been shown to be applicable for movement 

(1)Cm(φ) = eimφ ,

(2)p(ω, r,φ) = s(ω)

∞
∑

m=−∞

Cm(φ) bm(ωr) am(ω) .

(3)at(ω,α,φt, rt) = R(α)T (ω,φt, rt)a(ω) s(ω) ,

(4)

in a 2D plane within a 3D sound field  [37]. CH coeffi-
cients obtained from the array then represent a horizon-
tal projection of the sound field  [39]. While the signal 
model can similarly be formulated using SHs and corre-
sponding rotation and translation theorems to describe 
movement in a 3D sound field, the increased number of 
(N + 1)2 SH instead of 2N + 1 CH coefficients requires 
a significantly larger amount of microphones distributed 
around the full head, which prevents a practical applica-
tion of the method with current head-worn microphone 
arrays.

2.2 � Spatial array response matrix for arbitrary arrays
In [37], the spatial array response matrix was analytically 
described for an equatorial microphone array,

where CM ∈ C
M×2N+1 contains the CHs evaluated at the 

M microphone directions, and b ∈ C
2N+1 contains radial 

terms for a rigid sphere. In the present work, this concept 
is extended to accommodate arbitrary arrays for which 
array transfer functions (ATFs) are available. For head-
worn microphone arrays, the array response matrix addi-
tionally accounts for the influence of the wearer’s head on 
the recorded sound field.

To estimate D from anechoic ATFs, we describe the 
pressure p ∈ C

M picked up by the array in response to 
a plane wave from direction φpw in the CH domain [41],

where c ∈ C
2N+1 contains the CHs, and (·)∗ denotes the 

complex conjugate. For D ATF measurement directions, 
the ATFs PA ∈ C

M×D are then described by

and the spatial array response matrix can be estimated 
using the least-squares-optimal solution from [41]

Here, CD ∈ C
D×2N+1 contains the CHs evaluated at the 

D measurement directions, (·)H denotes the Hermitian 
conjugate, and W ∈ R

D×D is a diagonal weight matrix to 
balance non-uniform measurement grids. For uniform 
measurement grids, no sampling weights are required, 
W = I . The inverse in (8) is of full rank for D ≥ 2N + 1 
measurement positions that are uniformly distributed on 
a circle.

2.3 � Omnidirectional signal model
Explicitly modeling the array translation with a limited 
number of CH coefficients is prone to errors at high 

(5)DEMA(ω) = CM diag{b(ω)} ,

(6)p(ω,φpw) = D(ω) c∗(φpw) ,

(7)PA(ω) = D(ω)CH
D ,

(8)D̂(ω) = PA(ω)WCD CH
DWCD

−1
.
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frequencies  [37], and the perceptual impact of these 
errors has not been investigated thus far. Perceptually 
important room acoustic properties like RT and DRR 
do not change rapidly with position. Thus, an alternative 
simplified signal model may neglect all positional infor-
mation and focus on describing an omnidirectional room 
transfer function. This transfer function can be obtained 
by solely considering the zeroth-order CH coefficient a0 
carrying the omnidirectional information,

where d is the column of D corresponding to a0.
In contrast to (4), where the coefficients a represent the 

spatial room transfer function between the source and 
the (fixed) coordinate origin and are valid within a region 
surrounding the origin, the coefficient a0 in (9) repre-
sents the omnidirectional transfer function between the 
source and the time-varying array position using a time-
varying expansion center. Both signal models separate 
the influences of the room acoustics, the array, and the 
source signal.

3 � Blind room impulse response estimation
The estimation of spatial room transfer functions (and 
their time-domain counterpart, spatial RIRs) expressed 
as CH coefficients a from captured sound pressure p 
via  (4) or  (9) is possible with established methods like 
a multichannel Wiener or recursive least squares (RLS) 
filter if all other variables in the model are known. It is 
assumed in the following that the positional informa-
tion needed for the calculation of R and T  are known 
from dedicated sensors, for example from an inertial 
measurement unit (IMU) which is often available in 
head-worn AR/VR devices and smartglasses. The ref-
erence signal s is generally not available but can be 
estimated with the framework from  [20, 21, 23] that 
estimates a pseudo-reference signal ŝ from the array sig-
nals p using dereverberation and beamforming as illus-
trated in Fig. 1. The approach is motivated by a common 
description of RIRs being composed of direct sound, 
early reflections, and late reverberation. The derever-
beration aims to cancel out the late reverberation in the 
array signals, while the beamformer aims to reduce the 
impact of early reflections while preserving the direct 
sound without distortion. The dereverberation and 

(9)

beamforming stages are identical for all methods and 
operate directly on the microphone-array signals. The 
distinction between the motion-aware and omnidirec-
tional methods only enters in the definition of the RLS 
filter in the subsequent RIR estimation step.

While suitable algorithms for the individual blocks 
have been evaluated for stationary arrays, the present 
problem of moving arrays necessitates modifications. 
The weighted prediction error method (WPE) [42] was 
selected for blind dereverberation in the static scenarios 
in [20, 23] as it provides a high perceptual signal quality 
with low distortion, supports multichannel signals, does 
not require knowledge of the number of sound sources, 
and preserves channel time differences. Several modifi-
cations of the WPE for time-varying scenarios [43–45] 
and jointly-optimal combinations of dereverberation 
and beamforming  [46–49] have been proposed. In our 
preliminary tests, a good trade-off between derever-
beration performance and computational efficiency was 
achieved with the frame-adaptive version of the WPE 
described in  [45] and a minimum power distortion-
less response (MPDR) beamformer  [50, ch.  6.2.4]. In 
practice, the MPDR beamformer is provided with a set 
of measured ATFs and is supported by direction-of-
arrival (DOA) estimation using the multiple signal clas-
sification (MUSIC)  [51] algorithm, which determines 
one broadband DOA per frame. Although a combina-
tion of the WPE method with a weighted MPDR beam-
former was shown to be jointly optimal [46], we chose 
to use the conventional MPDR as it was more robust 
in our preliminary tests, i.e., it provided good perfor-
mance without the need for detailed parameter tuning 
for different sound fields.

For notational convenience, the dependencies on fre-
quency and position are omitted in the following. With 
the estimated single-channel pseudo-reference signal 
ŝ , we aim to minimize the squared error between the 
predicted sound pressure from the signal model (4) and 
the measured sound pressure p̂ over B signal blocks, 
similar to [37]:

Here, δ is a small regularization parameter that penal-
izes large coefficient norms and stabilizes the estimation. 

(10)min
a

1

B

B−1
∑

b=0

�DRbTbaŝb − p̂b�
2 + δ�a�2 .

Fig. 1  The SRIR is estimated using an RLS filter with the array signals p , the pseudo-reference signal ŝ , and positional tracking data α,φt , rt



Page 5 of 15Deppisch et al. Journal on Audio, Speech, and Music Processing         (2026) 2026:30 	

The least-squares-optimal solution for the motion-aware 
signal model from (4) is given by

and for the omnidirectional signal model from (9) by

Both sums in (11) and (12) can be updated recursively, 
resulting in an RLS filter. Depending on whether the 
room transfer functions are assumed time-invariant or 
time-varying, the updates can be performed using cumu-
lative averaging or (exponential) moving averaging  [37]. 
In the following, we assume movement in a sound field 
of stationary sources that can be described by time-invar-
iant transfer functions at each receiver position. Since 
the array movement is explicitly modeled in the motion-
aware signal model, cumulative averaging is applied in 
this case. In contrast, the omnidirectional model employs 
exponential averaging as it treats the movement as a time 
variation of the sound field. Finally, (multichannel CH-
domain) RIRs are obtained from the estimated transfer 
functions via the inverse discrete Fourier transform.

4 � Synthesis of binaural room impulse responses
While virtual sound sources could be rendered by 
directly convolving the estimated RIRs with source sig-
nals and binauralizing the result using head-related 
transfer functions (HRTFs), previous work revealed that 
such estimates may exhibit narrow-band ringing artifacts 
due to limitations in the pseudo-reference signal estima-
tion, which can be effectively suppressed using noise-
based resynthesis of the late reverberation tail in octave 
bands  [23]. Additionally, preliminary analysis indicated 
that estimates obtained under array motion exhibit inac-
curacies in the spectral magnitude and direction of the 
reproduced direct sound, as well as in the directional 
energy distribution, with the magnitude errors being 
most pronounced at high frequencies. To address these 
limitations, we propose a resynthesis procedure that 
models the direct sound as an ideal order-N plane wave 
with flat magnitude response and creates an isotropic 
reverberation tail from the omnidirectional RIR estimate 
through noise-based resynthesis in octave bands. In this 
process, all directional information and early reflections 
contained in the estimates are discarded. Accurate mod-
eling of the early reflections may, however, not be critical 
in practice, since the virtual source is not synthesized at 
the same position as the source used for estimation. Note 

(11)

â =

(

1

B

B−1
∑

b=0

ŝ
∗
b
ŝbT

H
b
RH
b
DHDRbTb + δI

)−1

1

B

B−1
∑

b=0

ŝ
∗
b
TH

b
RH
b
DHp̂b ,

(12)âo =

(

1

B

B−1
∑

b=0

ŝ∗bŝb d
Hd + δ

)−1
1

B

B−1
∑

b=0

ŝ∗b d
Hp̂b .

that omnidirectional information is available not only 
from the omnidirectional estimate in (12), but also from 
the zeroth-order coefficient of the motion-aware esti-
mate in (11). The latter may be more accurate because the 
motion-aware model explicitly accounts for movement 
through its higher-order coefficients.

Figure  2 illustrates the proposed synthesis method to 
produce a binaural room impulse response (BRIR) from 
room acoustic parameter estimates. The direct sound 
component is modeled as an ideal plane wave, with its 
magnitude scaled so that the DRR of the resynthesized 
response matches the estimated broadband DRR. The 
reverberation tail is synthesized from uncorrelated white 
noise for each CH channel. As in  [23], the decay enve-
lope of each channel and octave band is shaped to match 
the RT estimate, while the RMS energy per octave band 
is scaled to match the RMS energy of the estimate. In 
contrast to the previous work, the resynthesis is directly 
applied in the CH domain and the parameter estimates 
are obtained from the omnidirectional RIR coefficient 
only. Accordingly, the synthesized reverberation tails of 
all channels have the same energy decay and RMS energy 
per octave band after the processing. The use of uncor-
related noise with equal variance across channels ensures 
that the resulting late reverberation is both diffuse and 
isotropic [52]. As the synthesis combines an ideal direct 
sound impulse with an isotropic reverberation tail, it 
facilitates the generation of RIRs of arbitrary CH order.

Once the CH-domain RIRs are synthesized, they can 
be efficiently rotated using a CH-domain rotation matrix 
R to accommodate head tracking during rendering. The 
final conversion to binaural ear signals is performed 
using the magnitude least squares method [53].

5 � Experiment setup
5.1 � Dataset
Experimental data was collected using the custom 
head-worn microphone array prototype integrated into 
a pair of sunglasses from Fig.  3. The array consists of 
seven omnidirectional microphones: three on each side 
and one centered above the nose bridge. Six optical 
tracking markers were attached to enable precise posi-
tion and orientation tracking.

DRR

RT RMSDirect Sound

Noise

Head Tracker

CH-Domain 
Rotation

Binaural 
Rendering

HRTF Set

BRIR

Fig. 2  From the estimated RT, DRR, and RMS energy, a RIR 
is synthesized by concatenating a direct sound peak and shaped 
noise for each octave band and channel
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Prior to the main experiments, anechoic ATFs were 
measured for the array mounted on a GRAS KEMAR 
45BB head and torso simulator. Measurements were 
taken at 36 equiangular positions with 10° spacing in 
the horizontal plane to facilitate the computation of the 
array matrix in (8).

The main experimental data was collected in four 
acoustically distinct spaces:

•	 A small office (4.0 m × 3.2 m × 2.7 m, reference dis-
tance 2.1 m, DRR −4.3dB)

•	 A kitchen (6.4 m × 4.0 m × 3.1 m, reference distance 
2.8 m, DRR −3.9dB)

•	 A storage room (12.0  m × 3.0  m × 3.3  m, reference 
distance 2.4 m, DRR −6.3dB)

•	 A hallway (40.0 m × 1.4 m × 3.3 m, reference distance 
2.5 m, DRR −5.2dB)

The octave-band reverberation times of these spaces in 
Fig.  4 were obtained from reference measurements and 
computed with the ITA toolbox [54].

In each room, recordings were made while a participant 
wearing the array performed two types of movements: 

1.	 Head-only movement: The participant maintained 
a fixed standing position at the reference distance 
while performing natural head movements, resulting 
in array translations up to 30 cm from the origin.

2.	 Combined movement: The participant moved and 
rotated their head freely within a 70-cm radius 
around the reference position.

For both movement types, the subject was instructed to 
maintain natural head motion primarily in yaw, avoiding 
deliberate pitch and roll rotations or vertical movements. 
During the movements, 60 s of either male or female 
speech was played through a Genelec 8030 A loudspeaker 
and the recorded signals from the microphone array were 
then used for the estimation. Movement trajectories 
were captured using an OptiTrack system comprising 
four PrimeX13W cameras. Example trajectories for both 
movement types are shown in Figs. 5 and 6.

Additionally, in each room, a set of RIRs serving as ref-
erence was measured using an exponential sine sweep 

Fig. 3  Microphone array prototype with seven microphones and six 
tracking markers on sunglasses

Fig. 4  Octave-band RTs of the four rooms in the dataset

Fig. 5  Example trajectories of array translation distance and Cartesian 
coordinates (top), and rotation in azimuth and elevation (bottom) 
of head-only array movement in the small office, where the wearer 
freely moved their head but kept their feet static

Fig. 6  Example trajectories of array translation distance and Cartesian 
coordinates (top), and rotation in azimuth and elevation (bottom) 
of the combined array movement in the kitchen, where the wearer 
freely moved within a circle of 70 cm radius
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with a 22-microphone equatorial microphone array sup-
porting N = 10 , as in [37].

5.2 � Algorithm setup
All processing was performed at a sampling frequency 
of 48 kHz. The processing chain consisted of three main 
components shown in Fig.  1: dereverberation, beam-
forming, and RIR estimation, each with specific param-
eter configurations.

The WPE dereverberation employed short-time Fou-
rier transform (STFT) processing with a block length 
of 2048 samples and a hop size of 256 samples, using 
a square-root Hann window. The algorithm operated 
with a prediction delay of 20 ms, and second-order sig-
nal statistics were averaged over 1.5 s. To optimize per-
formance across the frequency range, the prediction 
order was frequency-dependent: 32 taps below 500 Hz, 
28 taps between 500  Hz and 1 kHz, 24 taps between 
1 kHz and 8 kHz, and 12 taps above 8 kHz. The regulari-
zation parameter was set to 10−4.

The MPDR beamformer used STFT processing with 
a block length of 2048 samples, a hop size of 1024 sam-
ples, and a square-root Hann window. DOA estima-
tion was performed using the MUSIC algorithm  [51], 
analyzing frequency components between 100 Hz and 
1 kHz to determine a single DOA per frame. The DOA 
estimation employed second-order statistics aver-
aged over 400 ms, and the beamformer’s regularization 
parameter was set to 10−2.

The RLS filter used STFT processing with a block 
length of 0.5 s (office), 1.0  s (kitchen), 1.5  s (storage), 
and 2.0 s (hallway). In all cases, the hop size was 25% of 
the block length, and a square-root Hann window was 
applied. The motion-aware signal model used a maxi-
mum CH order of N = 2 . The omnidirectional model 
employed exponential averaging with a forgetting factor 
of 0.99. For both signal models, the filter’s regularization 
parameter was set to 10−2 times the average frequency-
dependent microphone self-noise power. Adaptation was 
terminated either after 60 s or when the RMS energy of 
the exponentially-smoothed RIR update (smoothing 
factor 0.99) fell below − 20 dB. The array signals were 
delayed by 5 ms relative to the pseudo-reference during 
the estimation to ensure a causal result.

A baseline was established using a single-channel RIR 
estimate from the microphone on the nose bridge, uti-
lizing only the corresponding channel’s signal and a 
pseudo-reference signal estimated by applying WPE 
dereverberation to the same channel. Otherwise, this 
baseline used identical parameter settings as the omnidi-
rectional model.

The BRIR synthesis used a CH order of N = 10 , the 
maximum order supported by the reference measure-
ments with the equatorial array, and a frequency range 
from 100 to 16  kHz, where all speech signals had suf-
ficient energy. The RT was estimated as T20 in octave 
bands using the ITA toolbox [54] and the DRR was esti-
mated as the energy ratio of the direct sound (extracted 
using a window of 0.5 ms before to 1 ms after the direct 
sound peak) and the rest of the RIR until the noise floor, 
which was obtained from Lundeby’s algorithm [55] using 
the ITA toolbox.

Binaural rendering was performed using the magnitude 
least squares method  [53] with CH basis functions and 
60 horizontal HRTFs from the Neumann KU100 dummy 
head [56].

6 � Numerical evaluation
Since the BRIR synthesis procedure from Sec. 4 relies on 
accurate estimates of octave-band RT, broadband DRR, 
and octave-band RMS energy, we evaluate the estima-
tion accuracy of these acoustic parameters. All met-
rics are computed from the zeroth-order CH coefficient 
only. Note that the motion-aware signal model from (4) 
still estimates higher-order coefficients, as these may 
contribute to a more accurate estimation of the zeroth-
order component through the translation model. We 
compare blind RIR estimation using the motion-aware 
signal model from  (4) and the omnidirectional one 
from  (9) to informed estimation (given the ideal refer-
ence signal) with the motion-aware model to identify the 
impact of inaccuracies in the estimated reference signal, 
and to the blind baseline approach. The compared meth-
ods are summarized in Table  1. Results in this section 
are presented for each algorithm and movement type, 
after averaging over results from the different rooms 
and repetitions with male/female speech. The error met-
rics are calculated by comparing the estimates with an 

Table 1  Overview of the compared methods

Method Signal model Estimation Reference signal

Informed Motion-Aware (MA) Motion-Aware (4) Informed Oracle

Blind Motion-Aware (MA) Motion-Aware (4) Blind Pseudo-Reference

Blind Omnidirectional (Omni) Omnidirectional (9) Blind Pseudo-Reference

Baseline Single-Channel RIR Blind Derev. Single-Channel
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omnidirectional RIR derived from the reference RIRs 
measured with the equatorial microphone array.

Figure  7 shows the average RT estimation error rela-
tive to ground truth measurements for both movement 
types. The algorithms exhibit similar error patterns 
across movement conditions, with best performance in 
the mid-frequency range (250 to 2000 Hz) and increased 
errors toward lower and higher frequencies. Overall, 
the informed motion-aware (MA) method achieves the 
lowest average errors of approximately 10% in the mid-
frequency range for head-only movements and 10% 
to 15% for combined movement. Both blind methods 
(motion-aware and omnidirectional) perform similarly 
for head-only movements and match the performance 
of the informed method at low frequencies, but show 
notably higher errors at mid and high frequencies. For 
the combined movements, the blind methods over-
all perform worse than the informed one with the blind 
motion-aware method having a small advantage over the 
omnidirectional one at low frequencies, and the blind 
omnidirectional method outperforming the motion-
aware one at high frequencies. The baseline single-micro-
phone approach performs worst, with errors around 
15% to 20% at mid frequencies increasing to around 30% 
(head-only movement) and 40% (combined movement) 
at frequency extremes. Interestingly, the baseline per-
forms similar to the blind methods at mid frequencies, 
and even similar to the informed method in the 1 kHz 
and 2 kHz octave bands for the combined movement.

The average absolute DRR estimation errors in 
Table  2 show a clear performance hierarchy: The 
informed (motion-aware) method achieves lowest errors 
(1.0 dB/1.6 dB for head-only/combined movements), fol-
lowed by the blind motion-aware method (1.6 dB/3.3 dB), 

the blind omnidirectional approach (4.9 dB/6.0 dB), and 
the baseline (24.9 dB/24.8 dB). The increased errors for 
larger movements are consistent with the growing model 
mismatch, except for the baseline where DRR estimation 
failed entirely.

Figure 8 presents the mean absolute octave-band RMS 
errors, defined as the average absolute difference between 
the RMS energy of an estimated RIR and the correspond-
ing ground truth. The informed motion-aware method 
yields the lowest average errors overall, with the largest 
mean deviations of approximately 4 dB in the 125 Hz band, 
moderate mean errors in the 1 kHz to 2 kHz range, and the 
smallest mean errors of about 1 dB in the remaining bands. 
Both blind methods perform comparably at low and high 
frequencies, but their behavior diverges in the mid-fre-
quency range, where the motion-aware model exhibits 
substantially larger average errors, up to 5 dB for head-only 
movement and 7 dB for combined movement. The base-
line method, in contrast, shows markedly higher errors 
at low frequencies (up to 7 dB), while its mid-frequency 
performance ranks among the best, comparable to that of 
the informed and blind omnidirectional approaches. For 
the combined-movement scenario, both the baseline and 
blind omnidirectional methods even slightly outperform 
the informed method in the 1 kHz to 2kHz bands.

Figure 9 displays the omnidirectional component of the 
time-domain room impulse responses for the reference 

Fig. 7  Mean and standard deviation of relative octave-band RT 
errors of the informed motion-aware (MA), the blind motion-aware 
(MA), the blind omnidirectional (Omni), and the baseline method 
for head-only movement (top) and the combined movement 
(bottom)

Table 2  Mean and standard deviation of absolute DRR errors (in 
dB) of the four estimation methods for head-only and combined 
movements

Informed (MA) Blind (MA) Blind (Omni) Baseline

Head-only 1.0± 0.9 1.6± 1.3 4.9± 2.1 24.9± 2.3

Combined 1.6± 1.3 3.3± 0.8 6.0± 2.5 24.8± 1.4

Fig. 8  Mean and standard deviation of absolute octave-band RMS 
errors of the informed motion-aware (MA), the blind motion-aware 
(MA), the blind omnidirectional (Omni), and the baseline method 
for head-only movement (top) and the combined movement 
(bottom)



Page 9 of 15Deppisch et al. Journal on Audio, Speech, and Music Processing         (2026) 2026:30 	

measurement, the four estimation methods, and their 
resynthesized counterparts, for the head-only movement 
scenario in the kitchen. Because the pseudo-reference 
signal does not preserve the absolute propagation delay, 
the estimated RIRs do not recover the direct-sound 
arrival time. This is not important for the intended virtual 
source rendering, where reproducing the original delay is 
unnecessary. Therefore, Fig.  9 shows delay-aligned RIR 
estimates and resynthesized responses without delay for 
clarity.

The baseline method’s failure to estimate a valid DRR 
is evident from the exaggerated direct-sound peak rela-
tive to the reference. Among the approaches, only the 
ones using the motion-aware signal model are capable of 
recovering distinct early reflection peaks.

7 � Perceptual evaluation
7.1 � Experiment setup
To evaluate the perceptual quality of virtual sound 
sources rendered using resynthesized BRIRs from the 

estimated room acoustic parameters, we conducted a lis-
tening experiment focusing on assessing their similarity 
to binaural renderings based on sets of measured RIRs 
obtained with the equatorial microphone array. To limit 
complexity, only estimates from the combined movement 
(cf. Sect.  5.1) were evaluated. Given inherent estima-
tion inaccuracies, we did not aim to achieve perceptual 
authenticity  [57] or transfer-plausibility  [58], but rather 
assessed similarity to renderings of measured reference 
RIRs through two research questions: 

	(i)	 Which estimation method produces (resynthe-
sized) renderings most similar to those based on 
measured RIRs?

	(ii)	 Are renderings based on estimated, resynthesized 
BRIRs perceived as more similar to the reference 
than renderings based on measurements from 
other rooms?

To answer these questions, we designed a two-part 
experiment. The first part investigates within-room simi-
larity, and the second part across-room comparison. For 
both parts of the experiment, BRIRs were synthesized 
using the procedure from Sect. 4, i.e., from RT, DRR, and 
octave-band RMS estimates derived from the omnidirec-
tional RIR component only. For the motion-aware model, 
this corresponds to its zeroth-order CH coefficient. The 
test stimuli were generated from resynthesized BRIRs 
based on the informed motion-aware, blind motion-
aware, and blind omnidirectional estimates. By contrast, 
the reference, hidden reference, and measurement-based 
renderings from other rooms (Part 2) were based on bin-
aural renderings of the measured equatorial-array RIRs 
and were not resynthesized.

The order of the trials and of the stimuli within each 
trial was randomized for each participant. Participants 
were allowed to listen to the stimuli as often as they 
wanted. All stimuli in both parts of the experiment were 
loudness normalized using a MATLAB implementa-
tion of the algorithm in  [59] and presented over AKG 
K702 headphones at a comfortable listening level. We 
used static binaural renderings to keep the listening task 
focused and avoid additional complexity arising from 
head-dependent comparisons, but added controlled 
perceptual variation between reference and test stimuli, 
by presenting reference stimuli at 30° and test stimuli 
(including hidden references) at − 30° azimuth. Audio 
examples for both parts of the experiment are available 
online.1

A total of 21 participants (16 female, 5 male, average age 
31 years) with self-reported normal hearing completed 
the experiments. Most were non-expert listeners with 

Reference

Informed (MA)

Blind (MA)

Blind (Omni)

Baseline

Fig. 9  Omnidirectional time-domain responses (in dB) of reference, 
estimates, and resynthesized estimates in the kitchen for head-only 
movement

1  https://​thoma​sdepp​isch.​github.​io/​room-​acous​tic-​match​ing/.

https://thomasdeppisch.github.io/room-acoustic-matching/
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knowledge in acoustics. The first part of the experiment 
took them on average 15 min, and the second part 16 min.

7.2 � Part 1: within‑room similarity

Setup  For question (i), we employed a Multiple Stimu-
lus with Hidden Reference and Anchor (MUSHRA) like 
design  [60] where participants had to rate the similarity 
of stimuli to a reference on a scale between identical and 
very different. The participants were presented with one 
training trial for familiarization with the procedure (with-
out any feedback on their selection), followed by eight 
experiment trials. Each trial presented participants with 
five stimuli for comparison against a reference: a hidden 
reference, a low-quality anchor, and three test stimuli. The 
test stimuli were generated from resynthesized BRIRs of 
the informed motion-aware method, the blind motion-
aware method, and the blind omnidirectional method. 
The baseline method was not compared in the experiment 
because of its inability to estimate meaningful DRRs. All 
test stimuli used BRIRs synthesized via the procedure 
from Sect. 4. The anchor condition was an anechoic bin-
aural rendering low-passed at 2 kHz using a second-order 
Butterworth filter. The reference condition was based on 
magnitude-least-squares binaural renderings of the meas-
ured RIRs from the equatorial microphone array, analyti-
cal radial filters, and a CH order of N = 10.

Each trial used a different speech sample from the 
Dataset of Audiovisual Speech for AR Telepresence 
Studies  [61] as source material which was used for all 
stimuli within the trial. To reduce potential bias, RIR 
estimates obtained from female speech were tested 

using male speech and vice versa. The eight trials com-
prised one for each of the four rooms with both male 
and female speech.

Results  Results of the MUSHRA experiment from 5 
participants were removed from the analysis as their 
average rating of the hidden reference was below 80 
MUSHRA points. Figure  10 shows violin plots of the 
MUSHRA ratings, with individual scores as dots, medi-
ans as white dots, and interquartile ranges as boxes. 
Hidden references consistently received highest median 
ratings and anchors lowest across all rooms. The blind 
motion-aware method produced lower median scores 
than both the blind omnidirectional method and the 
informed motion-aware method. In three out of four 
rooms, the blind omnidirectional method received higher 
median ratings than the informed motion-aware method. 
Only in the kitchen, the informed motion-aware method 
performed better. 

The statistical analysis used participant-wise averages 
across male/female speech conditions. Friedman tests 
revealed significant effects for all rooms, with p-values 
below 0.001 (office: χ2 = 60 , kitchen: χ2 = 57 , storage: 
χ2 = 56 , hallway: χ2 = 57 ). Post-hoc Wilcoxon signed rank 
tests with Bonferroni-Holm correction showed significant 
differences ( p-value < 0.05 ) between all algorithm pairs but 
the pair Blind (MA)/Informed (MA) for the hallway condi-
tion ( p-value = 0.072 ), with most comparisons achiev-
ing p-value < 0.01 . Two comparisons showed significance 
for p-value < 0.05 but not for p-value < 0.01 : Informed 
(MA)/Blind (Omni) ( p-value = 0.049 ) and Informed 
(MA)/Blind (MA) ( p-value = 0.017 ) both in the storage.

Fig. 10  Violin plots of the MUSHRA results showing individual ratings (colored dots), median ratings (white dots), and quartiles (indicated 
by darker-shaded boxes around the median)
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In summary, the statistical analysis confirmed that the 
observed differences between methods were consist-
ent across listeners. Friedman tests revealed significant 
effects for all rooms, indicating that the five conditions 
were rated differently overall. Post-hoc Wilcoxon signed-
rank tests showed that the blind omnidirectional method 
was rated significantly higher than the blind motion-
aware method and, in three out of four rooms, also 
higher than the informed motion-aware method.

7.3 � Part 2: across‑room comparison

Setup  Question (ii) was addressed through a two-alter-
native forced choice (2AFC) paradigm similar to [23], ask-
ing participants to listen to a reference and two stimuli and 
select which stimulus was recorded in the same room as 
the reference. The reference binaural rendering was always 
based on a set of measured RIRs. The comparison stimuli 
contrasted binaural renderings based on resynthesized 
BRIRs from the blind omnidirectional estimates with bin-
aural renderings based on measured RIRs from either the 
same room or a different room. To limit the complexity of 
the experiment, only estimates from the blind omnidirec-
tional method from (12) applied to signals from the com-
bined movement were used in this part of the experiment. 
The participants were presented with two training trials 
for familiarization with the procedure (without any feed-
back on their selection), followed by 48 experimental trials.

Unlike the MUSHRA tests, each 2AFC stimulus used dif-
ferent speech content that was randomly drawn for each 

participant and trial from a database of 8 male and 8 female 
speakers (a subset of  [61]), each contributing 10 Harvard 
sentences. This design, similar to the transfer-plausibility 
paradigm [58], ensured that participants focused on com-
paring room acoustic rather than source properties.

Results  The results from the second part of the experi-
ment in Fig. 11 show the percentage of selected render-
ings based on resynthesized BRIRs from blind omni-
directional estimates or on measurements from the 
same room as the reference, over renderings based on 
a measurement in a different room. Significance levels 
for α = {0.5, 0.05, 0.01} were computed from the bino-
mial distribution and confidence intervals for the selec-
tion percentages were calculated using the Wilson score 
interval  [62] after averaging over repetitions for each 
participant.

 
For 7 out of 12 comparison pairs, renderings based on 

both the estimate and the measurement from the refer-
ence room were selected over a measurement from a 
different room in more than 80% of comparisons. These 
results are significantly different from guessing with 
p-value < 0.01 . In four cases (office/kitchen, kitchen/
office, storage/kitchen, storage/hallway), the percent-
age of selected measurements from the same room are 
lower but still significantly different from guessing with 
p-value < 0.01 . The selection percentages for the esti-
mates are significantly different from guessing with 
p-value < 0.05 in three of these cases but not in the 

Fig. 11  Results from the 2AFC paradigm. Blue bars show the percentage of selected renderings based on resynthesized BRIRs from blind 
omnidirectional estimates in the reference room over measured RIRs from other rooms. Red bars show the percentage of selected renderings based 
on measured RIRs from the reference room over measured RIRs from other rooms
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fourth case (kitchen/office). In one case (hallway/stor-
age), neither the selection percentage of the measure-
ment from the same room nor the estimate was found to 
be significantly different from a random choice.

In summary, for most room pairs, both the measured 
same-room renderings and the renderings based on blind 
omnidirectional estimates were selected significantly 
above chance. This indicates that the blind omnidirec-
tional method often preserved enough room-specific 
information for listeners to associate the rendering with 
the correct room, although the measured same-room 
renderings were generally selected more often.

8 � Discussion
The numerical results from Sect.  6 show that the 
motion-aware signal model achieves clear advantages 
in RT, DRR, and RMS energy estimation when pro-
vided with the true reference signal. However, these 
benefits diminish in the blind setting, where RT errors 
become comparable to those of the blind omnidirec-
tional method, and RMS errors are notably higher. In 
other words, errors in the reference signal estimate 
introduced by shortcomings in dereverberation, DOA 
estimation, and beamforming, prevent the effective use 
of the motion-aware signal model. Only in DRR estima-
tion, the motion-aware blind method outperforms the 
omnidirectional variant, likely due to missing energy 
from early reflections, as observed in Fig. 9. Across all 
metrics, the multichannel methods significantly sur-
pass the single-channel baseline, whose poor results 
are mainly attributed to the reduced effectiveness of 
the WPE algorithm in the single-channel case and the 
missing beamforming stage.

The pronounced performance gap between the 
informed and blind motion-aware methods highlights 
the importance of accurate reference signal estimation. 
The dominant source of error is likely the dereverbera-
tion stage, as previous findings from static scenarios indi-
cate that DOA estimation inaccuracies have only a minor 
influence on RT and DRR estimates  [23]. This suggests 
that the overall framework could be improved by incor-
porating a more advanced dereverberation algorithm, for 
example, based on recent deep learning techniques  [63, 
64]. Such improvements would likely also benefit the 
blind omnidirectional approach and the baseline.

While the informed motion-aware method showed 
substantial advantages in acoustic parameter estimation, 
these benefits did not translate directly into perceptual 
quality. In the MUSHRA experiment, renderings from 
the informed motion-aware method were rated high-
est for only one of the four rooms, whereas the blind 
omnidirectional method performed best in the remain-
ing cases. These findings suggest that the perceptual 

disadvantage of the motion-aware method may be related 
to errors introduced by modeling the sound field using 
a low-order CH representation. In principle, a higher-
order CH or SH representation (requiring more micro-
phones) could reduce such truncation errors. Whether 
this would improve perceptual performance in practice, 
however, remains a question for future work, as model 
mismatch may limit performance in real-world scenar-
ios, for example due to natural movement in a 3D sound 
field and discrepancies between measured ATFs and the 
effective ATFs during human-worn operation. In prac-
tice, the estimates may also be improved by incorporating 
uncertainty weighting into the (recursive) averaging. For 
both signal models, estimation may benefit from assign-
ing greater weight to observations close to the expan-
sion center (the coordinate origin), or from disregarding 
observations that are too far away.

The 2AFC results suggest the practical viability of the 
blind omnidirectional approach. In the majority of room 
comparisons, participants were generally able to distin-
guish between rooms based on the rendered stimuli, with 
similar selection rates for estimate-based and measure-
ment-based renderings. This suggests that the omnidi-
rectional method in many cases captures room-specific 
acoustic characteristics well enough to provide a benefit 
for augmented reality applications and that explicit spa-
tial modeling with the motion-aware signal model may 
not be required for practical applications. The cases 
where discrimination based on the estimates was more 
challenging (particularly comparisons between hallway 
and storage, and kitchen and office) likely arise from a 
combination of estimation inaccuracies and acoustic sim-
ilarities between those spaces, as even renderings based 
on measured RIRs showed lower percentages of correctly 
selected stimuli.

It is noteworthy that both the numerical and the per-
ceptual performance remained robust despite substan-
tial array movement (up to 70 cm from the reference 
position) and diverse acoustic conditions across the four 
rooms. The combination of head rotation and transla-
tion represents a more challenging scenario than those in 
prior studies that considered only stationary [23] or lin-
early moving arrays [37]. Compared to [23], which used a 
microphone array integrated into smartglasses in station-
ary scenarios and reported average RT and DRR errors 
of 11% and 1.6  dB, the informed motion-aware method 
achieves comparable accuracy at mid frequencies, despite 
the additional motion.

Compared to  [37], the present study considers a sub-
stantially more realistic setting, with a head-worn array 
undergoing both rotation and translation rather than an 
equatorial array moving along a straight line. Although 
a direct quantitative comparison is difficult because 
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different evaluation metrics were used, the controlled 
scenario in [37] appears to yield more accurate estimates 
overall. This suggests that the present results should be 
interpreted as representative for practical head-worn 
arrays rather than as being independent of the specific 
array design. Since the proposed framework is based on 
measured ATFs, moderate changes in shape, size, and 
microphone distribution across realistic wearable array 
designs are, however, not expected to fundamentally 
change the conclusions.

The present study employs CHs because they are well 
suited to practical head-worn arrays, whose micro-
phones are typically distributed approximately along 
a horizontal contour around the head. With an array 
design that supports SH processing, and with a cor-
respondingly larger number of microphones, similar 
or slightly improved performance could be expected 
because an SH-based formulation would allow the 
motion model to account not only for horizontal trans-
lation and yaw head rotation, but also for vertical 
movement and pitch/roll rotations.

The method’s performance is also comparable to that 
of recent deep learning–based methods under static 
conditions  [26], indicating that a more accurate refer-
ence signal estimate may close the performance gap of 
the proposed method in dynamic scenarios to current 
state-of-the-art methods in static conditions.

Nevertheless, several limitations of the present study 
should be acknowledged. The experiments were con-
ducted with a single, stationary sound source in quiet 
environments, and only four rooms were tested due 
to the complexity of the setup. The evaluation focused 
exclusively on speech, and estimation block lengths 
were predefined rather than adapted dynamically. 
Future work should therefore focus on improving der-
everberation and pseudo-reference signal estimation, 
introducing automatic block-length selection, and 
extending the evaluation to more complex scenarios.

9 � Conclusion
This paper presented a method for matching the room 
acoustics of a virtual source to a real environment 
using a head-worn microphone array under realis-
tic movement. Two signal models were evaluated: a 
motion-aware model that explicitly accounts for array 
movement and an omnidirectional model that neglects 
the motion and directional room acoustic proper-
ties. While the motion-aware model achieved higher 
accuracy in parameter estimation, the omnidirectional 
model outperformed it in perceptual experiments and 
showed robust performance in distinguishing between 
different rooms in a 2AFC task. These findings indicate 

that explicitly modeling array movement may offer lim-
ited practical benefit for head-worn arrays with few 
microphones, and that simpler models can provide per-
ceptually convincing results for realistic applications. 
Through the analysis of the impact of different model 
assumptions on both parameter estimation and percep-
tual quality, this study provides insights that will aid the 
future development of robust room-acoustic matching 
algorithms.
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