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Nymphes des bois (J. des Prez, 1497, performed by Capella Pratensis)

Franco-Flemish polyphony
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1. Johannes Ockeghem et ses 
chantres chantant le Gloria, 

ca 1519-1528, miniature sur 
parchemin tirée des Chants royaux 

sur la conception couronnés au 
Puy de Rouen, Ms. Français 1537, 

f° 58v [© Bibliothèque nationale de 
France, Paris]
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2. Josquin des Prez, Nymphes des 
bois/Requiem, Codex Medici, 
I-Fl Ms. Acquisti e doni 666, 
f° 125v-126r [© Biblioteca Medicea-
Laurenziana, Florence/Reproduced 
with permission of MiBACT/Further 
reproduction by any means is 
prohibited]
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A concise timeline of Western music

Medieval 
[plainchant] 
(1200-1400)

Renaissance 
[polyphony]  
(1400-1600)

Baroque 
(1600-1750)

Classical 
(1750-1820)

Romantic 
(1800-1900)

Modern  
(1900-1950)

Contemporary 
(1950-)

Early music
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Early Music Research

Source Performer Environment



Context & Motivation
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Early Music Research

Source Performer Environment

• Research questions

－ How to capture the acoustics of a space to auralize/reproduce it at 
a different time and place?

－ How to archive the acoustics of a historically valuable space for 
later reuse?

－ How to achieve interactive auralization in a flexible and ecological 
manner?

－ How to increase understanding of the relevance and quality of the 
acoustic characteristics of a space for musical performance?
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Measurement Case study: Nassau 
Chapel, Royal Library 

Brussels

• First pilot measurement: Nassau Chapel in Brussels
• Methodology

1. Positioning microphone-array and loudspeaker at the assumed 
choir position

2. Measuring the Spatial Room Impulse Response (SRIR) using
an exponential sine-swept signal [6]

Faculty of Engineering Technology15

PhD progress
Acoustic measurement in the Nassau Chapel
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• First pilot measurement: Nassau Chapel in Brussels
• Results

Faculty of Engineering Technology17

PhD progress
Acoustic measurement in the Nassau Chapel
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Spatiotemporal Response

⇢ how to choose 
source/mic positions?

• RIR measurement 
= well-established procedure 

• Challenges:
－ (Nightly) access to venue
－ Ownership of measurements 
－ Labour-intensive
－ RIR = point-to-point model

9/35
Image credits: Hannes Rosseel, TvW – Reference: A. Novak, P. Lotton, and L. Simon, “Synchronized Swept-Sine: 
Theory, Application, and Implementation,” J. Audio Eng. Soc., vol. 63, no. 10, pp. 786–798, Nov. 2015.

RT60 = 2.7 s



Measurement
• Key idea: RIR measurement at “few” positions + RIR 

interpolation
－ Reduce labor-intensity
－ Expand potential use to other positions than those measured
－ Reduce memory required for archiving
－ Allow for auralization with moving sources/listeners

• RIR interpolation problem:

p̃0

p̃1
p̃2

p̃3
p̃4p̃5p̃6

p̃7
p̃8
p̃9
p̃10
p̃11

p̃12p̃13p̃14
p̃15

p̃16
p̃17

Sound source

Microphone Array

Rectangular Room

⌦

given RIR measurements

find RIR for same source 
at any mic position r in Ω

P̃ = [p̃0 . . . p̃Nm�1]
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Measurement
• Time-domain equivalent source method (TESM)
－ Model RIR h(t,r) for mic position r in Ω as sum of propagating 

equivalent source signals
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equivalent source can be discretized over time at a sampling fre-
quency Fs using a fractional delay filter with Impulse Response
(IR) hl,m :

φl,m (n) =
1

4πdl,m
hl,m (n), (9)

where now n is the discrete time index. Here, the fractional
delay filters are evaluated using Thiran all pass filters, which
consist of Infinite Impulse Response (IIR) filters [35]. Spherical
waves can be thought of as a generalization of plane waves [12],
i.e., when dl,m is large, spherical waves can effectively rep-
resent plane waves. Therefore also a finite sum of equivalent
sources in the far field can approximate well any sound field
in a source-free volume Ω, under the same assumptions as in
the previous section. As a consequence, the acoustic model
presented in this section can be seen as a generalization of
the PWDM. The following expression shows this time-domain
acoustic model which is referred to as the Time-domain Equiv-
alent Source Method (TESM):

p(x, n)|x=xm ≈
Nw −1∑

l=0

δ(n) ∗ φl,m (n) ∗ wl(n), (10)

for xm ∈ Ω. Here wl(n) is signal of dimension Nt that weights
the equivalent sources through linear convolution (represented
here with the symbol ∗). This signal will be referred as the
weight signal. If the anechoic source signal that generates the
sound field is known, this signal, s(n), can be included in
the TESM to increase the quality of the RIR interpolation:

p(x, n)|x=xm ≈
Nw −1∑

l=0

s(n) ∗ φl,m (n) ∗ wl(n), (11)

for xm ∈ Ω. The signal s(n) could correspond to the IR of
a loudspeaker measured in an anechoic chamber. When this
approximation is used it will be referred to as Sourceaware
Time-domain Equivalent Source Method (sTESM). The abbre-
viation (s)TESM will be used to indicate TESM and sTESM
simultaneously.

Similar to (5) in Section II, (10) and (11) can be generalized
for Nm discrete positions xm ∈ Ω:

P = D(s)t(W) (12)

where P ∈ RNt ×Nm is a matrix in which the m-th column is the
sound pressure signal p(x, n)|x=xm and W ∈ RNt ×Nw is a ma-
trix in which the l-th column is the weight signal wl(n). There-
fore the linear operator D(s)t : RNt ×Nw → RNt ×Nm maps the
weight signals to the sound pressures and represents a dic-
tionary of equivalent sources. This can be computed simply
by using (9) with (10) or (11) for l = 0, . . . , Nw − 1 and
for m = 0, . . . , Nm − 1.

Another common approach to evaluate the linear operator
D(s)t and also the Dpw presented in Section II is to create a
linear system of equations by vectorizing P and W:

p = Dw, (13)

where p = vec(P) and w = vec(W) with vec() indicating the
column-major vectorization operator. This has the advantage

Fig. 1. A cross-section of a room viewed from above. A sound source placed
near the front left corner creates a reverberant sound field that is captured by
a spherical microphone array (light green dots). The sound pressure is then
matched using a set of equivalent sources φl ,m (dark green dots). This makes
it possible to perform RIR interpolation over the shaded volume Ω surrounded
by the microphones. The distance d0 ,m between the first microphone and the
equivalent sources is shown with dotted lines.

that if the linear operator has to be evaluated several times,
as when solving optimization problems, the fractional delays
appearing in (9) or the plane waves appearing in (2) can be
computed only once and stored in the matrix D. Nevertheless,
looking at the dimensions of D, NtNm × NtNw , it is clear that
storing such a matrix can easily become intractable. As an exam-
ple, for TESM, consider a time window of 0.1 seconds sampled
with Fs = 8 kHz (Nt = 800). If Nw = 400 and Nm = 12, D is
a 96 · 102 × 32 · 104 matrix which for a 64 floating point for-
mat would result in a memory requirement of approximately
24.6 GB. In such cases, it will be necessary to sacrifice com-
putational power for memory by directly evaluating the linear
operators when needed. This strategy will lead to matrix-free
optimization.

IV. THE INVERSE PROBLEM

Fig. 1 shows the measurement set-up needed for the RIR in-
terpolation. A far field sound source, represented in the figure in
the front left corner of the room, generates a reverberant sound
field. A spherical microphone array of Nm microphones (light
green dots) is placed in the middle of the room and used to mea-
sure the RIRs at these positions. Notice that the framework de-
scribed this far does not assume any particular geometry for the
position of the microphone measurements: it is only assumed
that the relative distances between the microphone measure-
ments are known. The choice of a spherical microphone array
is arbitrary. The aim is to interpolate these RIRs inside the vol-
ume Ω. In this volume, it is assumed that the models presented
in Sections II and III can well approximate the sound field.
What is sought by the inverse problem is to extrapolate out of
the microphone measurements the optimal weight signals that
lead to the best sound field approximation possible. This inverse
problem can be formulated as an optimization problem:

W$ = argmin
W

f(W) =
1
2
‖D(W) − P̃‖2

F , (14)

Authorized licensed use limited to: KU Leuven Libraries. Downloaded on June 07,2022 at 09:56:54 UTC from IEEE Xplore.  Restrictions apply. 
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Measurement
• Time-domain equivalent source method (TESM)
－ Finding TESM signals           by matching pressure signals          

(= measured RIR) at microphones = underdetermined problem
－ Regularization by imposing spatio-temporal sparsity
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Fig. 2. Simulated averaged cross validation error curve (top plots) and interpolation error curve (bottom tops) as a function of λ (normalized by λmax) for different
types of acoustic models and regularizations using Nm = 12 microphones.

for each regularization [29], [48]. Notice that, for Tikhonov
regularization, the solution is not null for λ < ∞, however the
λmax given in the table gives still an over-regularized solution.

In a simulated environment, it is actually possible to check
if the KVC indeed returns the best λ since the interpolation er-
ror εin can be computed, i.e., the average of the NMSE between
the true RIRs and the interpolated RIRs, which in many real
scenarios would not be available. Specifically, the interpolation
error is computed using the same formula (30) on the interpola-
tion volume. Fig. 2 shows the averaged cross validation error and
the interpolation error for Nm = 12 microphones as a function
of λ for different types of regularization and acoustic models.
Here and in the following a K = 4 KVC is used. In general the
minima of the errors coincide and when they do not they are
either very close to each other or they belong to flat regions of
the error curves. This condition was verified for all the results
presented here and in the following, the only exception being
when Nm = 4 microphones are used. For this reason, these re-
sults are not shown. In conclusion, the results show that KVC is
a good strategy for tuning λ if sufficient microphone measure-
ments are available.

B. Comparison Between Acoustic Models

In Fig. 3 the interpolation error is shown as a function of
the number of microphone measurements used in the spherical
array, while in Fig. 4 the worst-case interpolated RIR and its
equivalent DFT are shown. Here worst-case indicates the posi-
tion with maximum error in the interpolation volume. Looking
at Fig. 3, it is clear that Tikhonov regularization gives almost
equivalent performances with either PWDM or (s)TESM. This
is expected, as discussed in Section IV, since Tikhonov regular-
ization simply avoids large energy of the weight signals without
imposing any spatial information. Here only the low frequencies
are correctly interpolated as Fig. 4(a) shows. An improvement
is achieved with the PWDM and l1-norm regularization where
spatio-spectral sparsity is promoted. In Fig. 4, it can be seen
that the direct component becomes more pronounced but many
artifacts are present. Clearly, as Fig. 3 shows, promoting spar-
sity in the frequency domain when the sound field is generated
by a wide band signal is not a good choice. When only spatial
sparsity is promoted, using the sum of l2-norms regularization,

Fig. 3. Simulated interpolation error for different types of acoustic models
and regularizations as a function of the number of microphones.

better results are achieved. With this type of regularization all
the acoustic models show similar performance: the TESM and
the sTESM are practically equivalent while the interpolation er-
rors of the PWDM are on average 0.45 dB higher with respect
to the (s)TESM. Finally, all the results discussed so far are out-
performed using the (s)TESM and promoting spatio-temporal
sparsity with the l1-norm regularization. In Fig. 3, it can be seen
that the same interpolation error obtained with Nm = 32 micro-
phones and spatio-spectral sparsity (PWDM with l1-norm) can
be achieved with only Nm = 8 microphones using the TESM
and spatio-temporal sparsity. A similar comparison can be made
between the PWDM with spatial sparsity that reaches −9.3 dB
interpolation error with Nm = 32 microphones and the sTESM
that reaches −9.2 dB using only Nm = 8 microphones. When
comparing the TESM with respect to the sTESM instead, it can
be noticed that the sTESM significantly outperforms the TESM,
particularly when the number of microphone measurements is
smaller as Fig. 3 shows. Comparing Fig. 4(d) with Fig. 4(e) it
can be noticed that the sTESM provides a more accurate repre-
sentation of the high frequencies. This is due to the fact that the
equivalent sources of the sTESM are already shaped with the
spectrum of s(n).

Finally, looking at Fig. 4 it is interesting to compare the
RIR interpolation accuracy for the early reflections and late

Interpolated RIR + magnitude response*
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Fig. 4. Simulated worst-case RIR interpolation for different types of acoustic models and regularizations using Nm = 12 microphones. Black thick line shows
the original RIR while the green thin line shows the interpolated RIR.

TABLE II
SIMULATED WORST-CASE NMSES OF THE INTERPOLATED RIRS SHOWN IN FIG. 4

PWDM, Tik. PWDM, l1 -norm PWDM
∑

l2 -norms TESM, l1 -norm sTESM, l1 -norm

NMSE (dB) −0.58 −0.93 −4.42 −6.14 −9.37
NMSE (dB) Early Reflections −0.52 −1 −4.5 −6.37 −9.8
NMSE (dB) Late Reverberation −2.57 1 −1.88 −1.71 −3.39

The NMSEs are also shown for the early reflections of the RIRs (up to 30 ms) and the late reverberation (starting from 30 ms).

reverberation. Table II summarizes the worst-case NMSEs be-
tween the interpolated and the original RIRs appearing in Fig. 4.
Here, in the last two rows, the NMSEs of the early reflections and
late reverberation are computed separately. In general early re-
flections are interpolated more accurately than late reverberation
for all the different types of regularizations and acoustic models
except for the case of the PWDM with Tikhonov regularization,
where the opposite happens. It can be seen that despite the higher
reflection density in the late part of the RIRs, the sTESM with
spatio-temporal sparsity still achieves the best results. Neverthe-
less it is difficult to conclude which regularization may achieve
the best accuracy for the late reverberation. The early reflections
constitute the most energetic part of the RIRs and therefore the
un-regularized cost function f(·) is unbalanced towards them.
Using a weighted norm in f(·) would balance the fitting and
different regularizations could be used for different parts of the
RIRs as well, with the disadvantage of complicating the regular-
ization tuning procedure. A thorough analysis of these matters
goes beyond the scope of this paper and is left for future work.

C. Analysis of Weight Signals

The weight signals are not only useful to perform the RIR
interpolation but can also be used to provide a novel spatio-
temporal visualization of the reverberant sound field, similar to
the one proposed in [49]. It is important to outline that com-
pared to the visualizations of [49], here a wider volume is
represented instead i.e., the volume where the RIR interpola-
tion is performed. Fig. 5 shows such a visualization, where for
each regularization and acoustic model the weight signals are

plotted simultaneously using spherical coordinates: the radius
indicates the absolute value 20 log10 |wl(n)| of the l-th weight
signal (in dB) with its corresponding specific direction identi-
fied by the azimuthal and polar angle. Time is represented with
color, with lines becoming darker and thinner as time proceeds.
This enables one to view the direction of arrival of a specific
reflection at a specific time. Moreover the signals are normal-
ized by the maximum absolute value of W! . In all the figures
a single line, the thickest and with lighter color, reaches 0 dB
in the direction associated to the sound source, indicating that
all the methods are capable of reconstructing the line-of-sight
component correctly. In the left hand figures, these lines point
to θ ≈ 90◦ indicating that the sound source has the same height
as the center of the microphone array. In the right hand figures
instead, these lines point to ϕ ≈ 220◦ showing that the sound
source is located in the front left corner of the room as shown in
Fig. 1. Clearly, Tikhonov regularization manages to predict only
the line-of-sight component as Fig. 5(a) shows: reflections keep
arriving from all directions as time proceeds. This is not the case
for the other results shown here, where the direction of arrival of
higher order reflections can be clearly distinguished. In the left
hand figures, where the weight signals are plotted as a function
of the polar angle θ, it is possible to clearly identify the strongest
reflections coming from the ceiling (θ ≈ 45◦), walls (θ ≈ 90◦)
and floor (θ ≈ 150◦). On the other hand, the right hand figures
give a top view of the reflections. By combining each pair of
figures and looking at the radius and color of the lines, one
can understand the direction and time of arrival of a specific
reflection. Notice that there is a similar trend as observed in
the analysis of the performance of the RIR interpolations, with
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Fig. 4. Simulated worst-case RIR interpolation for different types of acoustic models and regularizations using Nm = 12 microphones. Black thick line shows
the original RIR while the green thin line shows the interpolated RIR.

TABLE II
SIMULATED WORST-CASE NMSES OF THE INTERPOLATED RIRS SHOWN IN FIG. 4

PWDM, Tik. PWDM, l1 -norm PWDM
∑

l2 -norms TESM, l1 -norm sTESM, l1 -norm

NMSE (dB) −0.58 −0.93 −4.42 −6.14 −9.37
NMSE (dB) Early Reflections −0.52 −1 −4.5 −6.37 −9.8
NMSE (dB) Late Reverberation −2.57 1 −1.88 −1.71 −3.39

The NMSEs are also shown for the early reflections of the RIRs (up to 30 ms) and the late reverberation (starting from 30 ms).

reverberation. Table II summarizes the worst-case NMSEs be-
tween the interpolated and the original RIRs appearing in Fig. 4.
Here, in the last two rows, the NMSEs of the early reflections and
late reverberation are computed separately. In general early re-
flections are interpolated more accurately than late reverberation
for all the different types of regularizations and acoustic models
except for the case of the PWDM with Tikhonov regularization,
where the opposite happens. It can be seen that despite the higher
reflection density in the late part of the RIRs, the sTESM with
spatio-temporal sparsity still achieves the best results. Neverthe-
less it is difficult to conclude which regularization may achieve
the best accuracy for the late reverberation. The early reflections
constitute the most energetic part of the RIRs and therefore the
un-regularized cost function f(·) is unbalanced towards them.
Using a weighted norm in f(·) would balance the fitting and
different regularizations could be used for different parts of the
RIRs as well, with the disadvantage of complicating the regular-
ization tuning procedure. A thorough analysis of these matters
goes beyond the scope of this paper and is left for future work.

C. Analysis of Weight Signals

The weight signals are not only useful to perform the RIR
interpolation but can also be used to provide a novel spatio-
temporal visualization of the reverberant sound field, similar to
the one proposed in [49]. It is important to outline that com-
pared to the visualizations of [49], here a wider volume is
represented instead i.e., the volume where the RIR interpola-
tion is performed. Fig. 5 shows such a visualization, where for
each regularization and acoustic model the weight signals are

plotted simultaneously using spherical coordinates: the radius
indicates the absolute value 20 log10 |wl(n)| of the l-th weight
signal (in dB) with its corresponding specific direction identi-
fied by the azimuthal and polar angle. Time is represented with
color, with lines becoming darker and thinner as time proceeds.
This enables one to view the direction of arrival of a specific
reflection at a specific time. Moreover the signals are normal-
ized by the maximum absolute value of W! . In all the figures
a single line, the thickest and with lighter color, reaches 0 dB
in the direction associated to the sound source, indicating that
all the methods are capable of reconstructing the line-of-sight
component correctly. In the left hand figures, these lines point
to θ ≈ 90◦ indicating that the sound source has the same height
as the center of the microphone array. In the right hand figures
instead, these lines point to ϕ ≈ 220◦ showing that the sound
source is located in the front left corner of the room as shown in
Fig. 1. Clearly, Tikhonov regularization manages to predict only
the line-of-sight component as Fig. 5(a) shows: reflections keep
arriving from all directions as time proceeds. This is not the case
for the other results shown here, where the direction of arrival of
higher order reflections can be clearly distinguished. In the left
hand figures, where the weight signals are plotted as a function
of the polar angle θ, it is possible to clearly identify the strongest
reflections coming from the ceiling (θ ≈ 45◦), walls (θ ≈ 90◦)
and floor (θ ≈ 150◦). On the other hand, the right hand figures
give a top view of the reflections. By combining each pair of
figures and looking at the radius and color of the lines, one
can understand the direction and time of arrival of a specific
reflection. Notice that there is a similar trend as observed in
the analysis of the performance of the RIR interpolations, with
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Image credit: Niccolò Antonello – Reference: N. Antonello, E. De Sena, M. Moonen, P. A. Naylor, and T. van Waterschoot, ”Room impulse 
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Space-time analysis
• Key model: Spatial room impulse response (SRIR)
－ Include direction of arrival information (azimuth and elevation 

angles 𝜃,𝜙) to each RIR “peak” representing room reflection
• Key method: Spatial decomposition method (SDM)
－ TDOA estimation of corresponding RIR “peaks” in each mic pair
－ Least-squares DOA estimation from TDOAs of all mic pairs in array
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⇢ generalized cross-correlation (GCC)

Space-time analysis

⇢ TDOA interpolation

• SDM challenges
－ Find phase-matched microphones
－ Find RIR “peaks”
－ Match “peaks” in different RIRs
－ Estimate TDOAs with subsample accuracy

• Subsample TDOA estimation
－ Due to bandlimited nature of measurement system, RIR “peaks” 

are sinc functions rather than impulse functions
－ GCC Rm,n(t) of two time-shifted sinc functions = sinc function
－ Optimal subsample TDOA estimation method is hence based on 

sinc interpolation rather than parabolic/Gaussian interpolation

• First pilot measurement: Nassau Chapel in Brussels
• Results

Faculty of Engineering Technology17

PhD progress
Acoustic measurement in the Nassau Chapel
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Space-time analysis
• Resulting space-time model

Image credits: H. Rosseel, N. Antonello – Reference: N. Antonello, E. De Sena, M. Moonen, P. A. Naylor, and T. van Waterschoot, ”Room 
impulse response interpolation using a sparse spatio-temporal representation of the sound field,” IEEE/ACM TASLP, 25(10): 1929-1941, 2017.

TDOA estimation errors

SRIR visualization of interpolated
RIRs

without sparse regularization

with sparse regularization
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Archiving
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• Why is archiving of church acoustics a challenge?
－ Impulse response contains L ~ 104 samples ~ 105 bits
－ 1 spatial impulse response = 6 impulse responses ~ 106 bits
－ Plenacoustic sampling theory: accurate sound field 

reconstruction requires spatial resolution of ~ 10 cm 
~ (100)3 source positions x (100)3 observer positions
~ 1012 spatial impulse responses ~ 1018 bits ~ 100 petabyte

Image credit: Elbowroom – Reference: T. Ajdler, L. Sbaiz, and M. Vetterli, “The plenacoustic function 
and its sampling,” IEEE Trans. Signal Process., vol. 54, no. 10, pp. 3790 –3804, Oct. 2006.



Physical justification
non-homogenous Helmholtz equation

RIR ≈ sum of damped sinusoids

Archiving
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• How to “compress” a room impulse response?
－ Truncation
－ Hard thresholding
－ Sparse approximation
－ Low-rank approximation

Image credit: TvW – Reference: M. Jälmby, F. Elvander, and T. van Waterschoot, “Low-rank tensor modeling 
of room impulse responses,” in Proc. EUSIPCO 2021, pp. 111–115, 2021.
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• Key idea: Sum of M (damped) sinusoids admits 
matricization/tensorization of rank 2M
－ Impulse response vector h (= 1-D array) of length L can be 

reshaped into N-D array of dimensions 
－ N-D array can be approximated as sum of 2M rank-1 terms (SVD 

or canonical polyadic decomposition)
1 Introduction

T ensorize
≠≠≠≠≠≠≠æ

¥ + · · · +

IJK I ◊ J ◊ K (I + J + K ≠ 2) per rank-1 term

Figure 1.5: By approximating a tensorized representation of a large-scale data vector by a
low-rank tensor decomposition, we obtain a compact model for the underlying data vector.
After reshaping a vector of length IJK into a third-order tensor of size I ◊ J ◊ K, we
employ a canonical polyadic decomposition to represent the underlying vector with only
(I + J + K ≠ 2) parameters per rank-1 term; we need only (I + J + K ≠ 2) instead of
(I + J + K) parameters because we compensate for scaling indeterminacies within a term.

Representation # Entries # Parameters per rank-1 term

...

Nth-order tensor

I2

I3

...

IN

2I

3I

...

NI

Increasing
order

N

Figure 1.6: While the number of parameters needed to represent a large-scale data vector
by a low-rank tensor model decreases exponentially in the order of the representation,
it increases only linearly in the number of rank-1 terms. By leveraging this blessing of
dimensionality in this thesis, we can tackle large-scale problems. For each representation
of dimensions I1 ◊ I2 ◊ · · · IN , we assume that In = I for all n.
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• Misadjustment results after RIR compression
－ Methods: truncation, hard thresholding, low-rank approximation
－ Misadjustment vs. tensorization dimension D & compression rate C

Image credit: Martin Jälmby – Reference: M. Jälmby, F. Elvander, and T. van Waterschoot, “Low-rank tensor 
modeling of room impulse responses,” in Proc. EUSIPCO 2021, pp. 111–115, 2021.
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Fig. 1. Averaged normalized misalignments, and corresponding standard
deviations, initial delay kept (top), and removed (bottom) respectively, as a
function of N .

Finally, it should be noted that the physical motivation given
here serves only as a justification of the low-rank modeling
employed in this paper. The method described is purely data-
driven.

III. NUMERICAL RESULTS

In order to illustrate the usefulness of the considered low-
rank framework, and to demonstrate its applicability to actual
measured RIRs, we apply it to the single- and multichannel
audio recordings database (SMARD) [3]. These recordings
are sampled at 48 kHz, for 12 seconds, yielding impulse
responses of 576 · 103 taps. These are recorded at various
source and receiver positions, and with varying equipment, in
a room of size 7.34 m ⇥8.09 m ⇥2.87 m, with a reverberation
time of approximately 0.15 s. In total, the dataset contains
1008 RIRs. It should be noted that in all numerical simulations
performed here, the RIRs are truncated at some discrete-time
index N ⌧ 576 · 103.

In order to evaluate the accuracy of the proposed low-
rank model, we consider three different scenarios. Specifically
we consider the accuracy of the model as a function of the
length N of the RIR, tensorization dimension D, and memory
saving. Here, the memory saving C(ĥ) corresponding to an
approximation ĥ is defined as

C(ĥ) = 1�
⌥(ĥ)

N
, (13)

where ⌥(ĥ) is the number of coefficients of ĥ and C(ĥ) 2

[0, 1). For C(ĥ) = 0 there is no memory saving, whereas for
C(ĥ) closer to 1, the degree of memory saving is larger. For
the proposed method, ⌥(ĥ) = RD D

p
N , where R is the rank

of the approximation.
In the first scenario, where N is varied, C(ĥ) and D are

kept fixed at 0.8 and 3, respectively. In the second scenario, the
tensor dimension D is varied, with N = 7000 and C(ĥ) = 0.8
are being fixed. 3 In the third scenario, C(ĥ) is varied and
N = 8000 and D = 3 are kept fixed. It may here be noted
that in all three scenarios, the tensor rank R varies with N ,
D, and C(ĥ), respectively.

3In order for D
p
N 2 N, N must be adjusted as D is changed
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function tensorization dimension D.
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Fig. 3. Averaged normalized misalignments, and corresponding standard
deviations, initial delay kept (top), and removed (bottom) respectively, as a
function of space saving C(ĥ).

In all three scenarios, accuracy is measured by the normal-
ized misalignment, defined as

M

⇣
ĥ
⌘
=

kĥ� hk2
khk2

, (14)

where h is the RIR we are aiming to approximate. Further-
more, we consider two different starting points for the RIR;
the first one being when the impulse is emitted from the source
(i.e. the RIR contains an initial delay), the second one when
the direct component arrives at the microphone (i.e. the RIR
does not contain an initial delay). The results presented here
are averaged over all the 1008 RIRs of the dataset.

For comparison, we consider two alternative approaches
to RIR approximation. In the first alternative approach, we
consider simply truncating the RIR some finite discrete-time
index K, setting the last N � K values to 0. In the second
alternative approach, h is approximated by keeping only its
K largest entries (in absolute value), and setting the rest to
0. We refer to these approximations as Truncation and KMax
respectively. As to be comparable to the proposed method, K
is set equal to the number of coefficients used by the proposed
low-rank model, varying with the different scenarios, i.e., all
these methods under comparison yields the same value for the
memory saving C(ĥ).

Figure 1 shows the average normalized misalignment and
standard deviation for the discussed approximations, as N is
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rank framework, and to demonstrate its applicability to actual
measured RIRs, we apply it to the single- and multichannel
audio recordings database (SMARD) [3]. These recordings
are sampled at 48 kHz, for 12 seconds, yielding impulse
responses of 576 · 103 taps. These are recorded at various
source and receiver positions, and with varying equipment, in
a room of size 7.34 m ⇥8.09 m ⇥2.87 m, with a reverberation
time of approximately 0.15 s. In total, the dataset contains
1008 RIRs. It should be noted that in all numerical simulations
performed here, the RIRs are truncated at some discrete-time
index N ⌧ 576 · 103.

In order to evaluate the accuracy of the proposed low-
rank model, we consider three different scenarios. Specifically
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In all three scenarios, accuracy is measured by the normal-
ized misalignment, defined as
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where h is the RIR we are aiming to approximate. Further-
more, we consider two different starting points for the RIR;
the first one being when the impulse is emitted from the source
(i.e. the RIR contains an initial delay), the second one when
the direct component arrives at the microphone (i.e. the RIR
does not contain an initial delay). The results presented here
are averaged over all the 1008 RIRs of the dataset.

For comparison, we consider two alternative approaches
to RIR approximation. In the first alternative approach, we
consider simply truncating the RIR some finite discrete-time
index K, setting the last N � K values to 0. In the second
alternative approach, h is approximated by keeping only its
K largest entries (in absolute value), and setting the rest to
0. We refer to these approximations as Truncation and KMax
respectively. As to be comparable to the proposed method, K
is set equal to the number of coefficients used by the proposed
low-rank model, varying with the different scenarios, i.e., all
these methods under comparison yields the same value for the
memory saving C(ĥ).

Figure 1 shows the average normalized misalignment and
standard deviation for the discussed approximations, as N is
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• Key idea: Mapping of room reflections to loudspeakers
－ Conversion of SRIR to set of per-loudspeaker impulse responses

• Vector base amplitude panning (VBAP)
• Nearest-loudspeaker mapping

Image credits: Ville Pulkki, Neo Kaplanis – Reference: V. Pulkki, “Virtual sound source positioning using 
vector base amplitude panning,” J. Audio Eng. Soc., vol. 45, no. 6, pp. 456–466, 1997.

3. Data Analysis

Fig. C.2: Reproduction system comprising of forty full–range loudspeakers and three sub-
woofers [20].
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• Loudspeaker set-up: Library of Voices (Leuven)
－ 3-D array of 20–24 Martin Audio 6,5” CDD loudspeakers
－ Reproduction room: RT60 = 0.5 s (with curtains closed)

Image credits: FACE, Thomas Dietzen – Acknowledgement: FWO Large-scale research infrastructure "The Library of Voices -
Unlocking the Alamire Foundation’s Music Heritage Resources Collection through Visual and Sound Technology" (I013218N)
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Fig. 6: View of the LS-AIL loudspeaker array in the AIL. A description of the loudspeaker labels is given in Table III. The
speakers are organized in three different height levels of about 1.5m (lower level), 3.3m (upper level), and 4.1m (top level)
above the floor. The axes limits coincide with the boundaries of the approximately shoe-boxed shaped room, cf. Sec. II-B.
On the horizontal axes, the approximate distance between neighbouring speakers is indicated. The given dimensions are of
indicative nature and not exact; for extracting the coordinates of the microphone and loudspeaker positions, the MATLAB or
Python scripts discussed in Sec. VI-B should be used.

2) LS-AIL: The loudspeaker configuration LS-AIL is a 24 loudspeaker array, permanently installed in the AIL, cf. Fig. 2,
which is typically used for surround sound reproduction. Fig. 6 shows the geometry of the loudspeaker array. The loudspeakers
were labeled as described in Fig. 6 and Table III. The width and depth of the array are approximately 5.6m and 4.85m,
and the loudspeakers are arranged in three groups of different height levels. referred to as lower, upper, and top level. The
lower level consists of 8 speakers located around the room along the walls at about 1.5m height, the upper level containing
12 speakers is located above at about 3.3m height, and the top level containing 4 speakers is located more centrally at about
4.1m height. Note that for the sake of simplicity, the presented locations are idealized. Using measurements of the distances
between the speakers and a set of four reference points on the floor with known coordinates, the exact coordinates of the
loudspeakers have been estimated based on the theory on Euclidean distance matrices [32]. All microphone and loudspeaker
coordinates can be loaded from the database as discussed in Sec. VI-B.

C. Microphone and loudspeaker configuration placement
Fig. 7 illustrates the placement of the M1 microphone configuration as well as the LS-SAL loudspeaker configuration within

the SAL at a recording position near the corner of the L-shaped room.
Fig. 8 shows a floor plan of the setups M1 and M2 within the AIL, together with the lower speakers of the LS-AIL

loudspeaker array. As can be seen, there were two recording positions in the AIL, referred to as P1 and P2, with the dummy
head facing the speakers SU6 and SU7, located roughly below ST2 and ST1 (not shown in the figure), respectively. In both
recording positions, both microphone configurations M1 and M2 were used, with the stand of the dummy head of M1 being
the center of the circular microphone arrays of M2. Fig. 9 shows a combination of M1 and M2 as used in position P2.

The coordinates of all speakers and microphones in both rooms can be loaded from the database using MATLAB or Python,
cf. Sec VI-B.

V. RECORDED SIGNALS

A summary of the signals recorded and computed in the database, along with the quantity of each (i.e. the number of different
instances of that type of signal), their duration, their source and acquisition method (i.e. how the signals were generated), the
involved microphones and loudspeakers, and a signal label is provided in Table IV. All microphone signals in the database are
provided at a sampling frequency of 44.1 kHz with a 24 bit resolution. In total, the MYRiAD database contains 76 hours of
audio data and has a size of 36.2GB. In the remainder of this section, we discuss in more detail the recorded speech, noise
and music signals in Sec. V-A, the recorded cocktail party in Sec. V-B, and the measurement of the room impulse responses
in Sec. V-C.
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• Challenges:
－ Multi-channel acoustic feedback control
－ Low-latency real-time multi-channel convolution

Interactive auralization
ESAT-STADIUS KU LEUVEN INTERNAL REPORT 1

A Nyquist stability criterion for electro-acoustic
multi-channel closed-loop systems

David Pelegrı́n-Garcı́a, Toon van Waterschoot, and Marc Moonen

Abstract—A significant problem in electro-acoustic multi-
channel systems is howling, which appears when acoustic feed-
back renders the closed-loop system unstable. To study solutions
for this problem e.g. through acoustic feedback cancellation or
suppression, it is necessary to use a criterion that accurately
assesses the gain margin available in the system, typically of
high order, before running into instability. In this paper, we
provide a Nyquist criterion to predict stability in a high-order
multi-channel closed-loop system, based on magnitude and phase
conditions on the eigenvalues of the open-loop transfer function.
Through simulations, we confirm that this stability criterion is
necessary and sufficient, unlike previously used criteria based
on magnitude-only conditions that underestimate the maximum
stable gain by more than 4 dB in some cases.

Index Terms—Stability, acoustic feedback cancellation, speech
reinforcement.

I. INTRODUCTION

A significant problem in electro-acoustic multi-channel sys-
tems is howling, which appears when acoustic feedback

renders the closed-loop system unstable. Such a system is
schematically depicted in Figure 1. It contains M micro-
phones, whose signals undergo some processing (e.g. mixing,
filtering and amplification), characterized with the forward

path Transfer Function (TF) G(z), to obtain L signals that are
played back through the loudspeakers. In turn, these signals
couple back to the microphones through the feedback path

TF F(z). To study solutions for the howling problem e.g.
by means of acoustic feedback cancellation or suppression,
it is necessary to use a criterion that accurately assesses
the gain margin available in the system, typically of high
order, before running into instability. The stability of closed-
loop systems has been studied extensively in a number of
scientific fields. Most of the initial works were focused on
single-channel closed-loop systems. Here, the work of Nyquist
[1] was pioneer by introducing a stability criterion based on
the root locus method and an equivalent frequency-domain
formulation.

We consider a single-channel closed-loop system by taking
L = M = 1 in Figure 1 and we define the open-loop TF
H(z), or loop response, as the product of the forward path

TF G(z) and the feedback path TF F (z):

H(z) = G(z)F (z) (1)

D. Pelegrı́n-Garcı́a, T. van Waterschoot, and M. Moonen are with KU
Leuven, Department of Electrical Engineering (ESAT), STADIUS Center for
Dynamical Systems, Signal Processing and Data Analytics, B-3001 Leuven,
Belgium.
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Fig. 1. Electro-acoustic closed-loop multi-channel system

and the closed-loop frequency response (setting z = e
j!) as

U(!)

V (!)
=

G(!)

1�H(!)
. (2)

This system may run into instability, as it becomes apparent
from the difference in the denominator in (2). The Nyquist

stability criterion gives a sufficient and necessary criterion
to assess stability. This criterion, presented in [1] (although
without reference to poles and zeros, a notion introduced later),
is commonly formulated as follows.

Criterion 1 (Single-channel Nyquist stability criterion): If
the open-loop TF H of a single-channel closed-loop system
has l poles outside the unit circle in the complex-plane, then
the system is stable if and only if the Nyquist plot encircles
the point (1,0) l times in counter-clockwise direction.

The Nyquist plot contains the frequency response values
in the complex plane, with real and imaginary values in the
two axes. This formulation, useful for low-order systems, but
of limited utility for high-order systems typical in electro-
acoustic applications, can be alternatively formulated in the
frequency domain.

Criterion 2 (Frequency-domain single-channel Nyquist sta-

bility criterion): A single-channel closed-loop system is unsta-
ble or stable according to whether or not a real frequency !0

exists for which the loop response H(!0) is real and equal to
or greater than unity. Equivalently (as in e.g. [2]), the system
is unstable if and only if there exists a radial frequency !0

such that

|H(!0)| � 1 (3)
\H(!0) = n2⇡, n 2 Z. (4)

This criterion, applied to the analysis of acoustic feedback,
appears for the first time in the literature in the work of Water-
house [3]. Since then, the Nyquist stability criterion for single-
channel systems has been applied to control engineering and

Image credits: TvW, David Pelegrin Garcia – Audio credit: TvW, Capella Pratensis



⇢ Reverberation enhancement systems

27/35

• Multi-channel acoustic feedback control
－ Gain before instability decreases with increasing # channels
－ Feedback-related artefacts: howling, ringing, coloration

• Acoustic feedback control methods:
－ Phase modulation methods
－ Gain reduction methods
－ Spatial filtering methods
－ Room modeling methods

Interactive auralization

Image credit: Wannes Van Ransbeeck – References: M. A. Poletti, “The stability of multichannel sound systems with frequency shifting,” JASA, 
116(2): 853–871, Aug. 2004. – P. Svensson, “On reverberation enhancement in auditoria,” Ph.D. dissertation, Chalmers Univ. Technol., 1994. –
T. van Waterschoot and M. Moonen, Fifty years of acoustic feedback control: state of the art and future challenges, PIEEE, 99(2): 288-327, 2011.
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4.2.2.2 Phase-modulation, modulation amplitude β influence
Furthermore for phase-modulation the influence of the modulation amplitude β is given in Figure 4.15.
Here the added stable gain µASG is illustrated for two phase-modulated signal, a single channel system
PM_1x1 and a multichannel 4x24 system PM_4x24, both defined relative to their respective non-
modulated counterparts. For both these simulations a reverberation unit G was included as well.

Figure 4.15: Added stable gains µASG for phase-modulation defined relative to the un-modulated
cases for a 1x1 system PM_1x1 and a 4x24 system PM_4x24 .

Likewise to the single channel case an increase of µASG for increasing modulation amplitudes β
is present. Which, since modulation is applied individually to each channel, relates back to the idea
of shifting the frequency content. Being, as β is increased further, the contribution of the carrier
response and the lower indexed side-bands of H(n) will be lowered, hence reducing the contribution
from less shifted frequency bands to the response and shifting energy further away from the carrier.
In turn the response is flattened to a larger extent, adding to the stability improvements. However,
besides these general trends no clear outperforming of one over the other in present. This further
reinforces the hypothesis that phase-modulation is influenced to a significant less degree by the reduction
in normalised standard deviation σnorm than FS as was clear in Figure 4.14. The explanation is
thus in line with the previous section, being as the PM smooths out the frequency response to a less
extend,the contributions of adding multiple channels, which also provide some smoothing will, be small.
Nevertheless, should the modulation amplitude be increased further one would expect, the PM becomes
more efficient at flattening out each components FikGkj and as a consequence the normalised standard
deviation influence will increase. For high enough values for β the single channel case PM_1x1 will
potentially then outperform PM_4x24. Further investigation for higher β in the latter trend is however
unnecessary due to the perceptual artefacts associated with higher modulation amplitudes.

4.2.3 Relative phase shift on 2x2 system
Lastly the influence of an additional phase shift between channels is investigated for both modulation
types. Potential constructive/destructive interference between both paths is examined in here to further
increase stability limits. It should however be emphasised that the interference effects are strongly
dependent on the actual path lengths from speaker to microphone due to the needed relation in phase
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Figure 4.14: Added stable gains µASG for frequency shifting defined relative to the un-modulated
cases for a 1x1 system FS_4x24 and a 4x24 system FS_4x24.

Looking at the general trend for FS_4x24 an increase performance is observed as the modulation
frequency fm is raised. Which are, similar to the single channel case, explained from Equation 4.6
and the idea that for small shifts the frequency components close to each other are related and high
amplitude responses will then more likely be shifted to another high amplitude response. The latter
allowing thus momentary build up resulting in saturation and instability. Hence larger shifts of the
frequency content are needed to avoid these momentary buildups and further increase stability and
smooth out the response. A decrease in added benefit for larger modulation frequencies is, once again
similar to the single channel case, a consequence of frequency shifting smoothing out the response to
the average level. As this average level has a finite value the maximal improvements realisable with FS
are finite as well. The benefit of the last 3Hz added (fm = 2 to 5Hz) clearly illustrate this in an absence
of further improvements in stark contrast to the initial 9dB improvements for FS_4x24 from fm = 2
to 5Hz.

D(ω) = 1
N

N−1∑

n=0
H(ω − nωm, n)Y (ω − nωm) (4.6)

Furthermore, the lower final improvements µASG = 11 for FS_4x24 relative to µASG = 14.2 for
FS_1x1 also illustrate the influence of reduced normalised standard deviation σnorm. Which already
provides some smoothing thus reducing the actual improvements FS can realise. This behaviour is
in agreement with the earlier made channel comparisons in subsection 4.2.1. Additionally the initial
outperforming of FS_4x24 at fm = 1Hzmay very well also be related to the reduced σnorm. Being as
soon as some initial flattening is realised via FS (fm > 0.5Hz) in each path FikGkj the added benefit of
summing the different paths FGij will contribute to a larger extend as each individual path response is
already more flattened and thus lowered more towards MLG due to FS. Nevertheless due to this same
additional smoothing component present in the multichannel system the total improvements which can
be expected with FS will be lower, as the actual smoothing provided by FS to stabilise is lowered, due
to the addition of multiple channel summation.
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4.2 Multi Channel
For the multichannel case the system used for all following simulations consisted of 4 microphone and 24
speakers (4x24). Unless stated otherwise all results depicted in the figures are for the latter setup. This
section will evaluate the overall influence of channel count on control strategies followed by the in depth
discussion of performance for both FS and PM in a multichannel system. Finally a smaller system with
2 microphones and 2 speakers (2x2) is evaluated. Here the influence of introducing a relative phase
shift between channels for the modulations ∆γ is examined.

4.2.1 Channel count increase influence
4.2.1.1 Overall behaviour
The main influence of channel count is illustrated below in Figure 4.6. Here a distinction is made between
three modulation cases. First FS, representing a frequency shift with modulation frequencyfm = 5Hz.
The latter frequency choice is to ensure the modulation is imperceptible, [Sch61]. Second and third
are two types of phase-modulation, PM_B10 & PM_B55, corresponding to modulation indexes of
β = 1 & β = 5.5 respectively with a modulation frequency of fm = 0.5Hz. The time-invariant reference
case (TI), corresponds to the same system setup performed with a modulation of fm = 0Hz. Note that
the latter does not exclude a modulation operator but simply puts its modulation to zero, this in order
to ensure the the proper delay introduced by the modulation is included as well.

Figure 4.6: Stable gains µstab as a function of system setup for frequency shifting (FS), phase-
modulation (PM) and the time-invariant case (TI).

Considering first the overall trend as present within each individual modulation type, a strong
decrease can be observed as channel count is increased. This relates to the overall transfer functions
connecting each speaker and microphone FG. For as the channel count is increased, i.e. speakers
and/or microphones, extra transfer function paths are possible between the newly added transducer
and earlier present ones. The added paths will result in an increased variance for the characteristic
functions λn(ω) [Ohs90]. The latter is illustrated in Equation 4.3, giving the distribution function of
the real and imaginary parts (x, y) of the characteristic function for each frequency [Ohs90] & [Pol00].
A visualisation can be found for N = 20 and N = 40 in Figure 4.7 for a variance of σ2 = 0.5. Note

FS = frequency shifting (5 Hz)
PM = phase modulation with 
modulation index β=1.0 or 5.5



• Low-latency real-time multi-channel convolution
－ Key idea: Rewrite convolution operation using compressed RIR

• Low latency: no buffering required by staying in time domain 
• Real-time: reduced # input buffer reads and # FLOPS

• Truncation ⇢ shorter FIR filter
• Hard thresholding ⇢ FIR filter with fewer non-zero coefficients 
• Sparse approximation ⇢ short “warped” FIR filter (mixed-Kautz model)
• Low-rank approximation⇢ “low-rank convolution”

Low-rank convolution: illustration for rank-1 model 
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Interactive auralization

Image credit: TvW – References: G. Vairetti, E. De Sena, M. Catrysse, S. H. Jensen, M. Moonen, and T. van Waterschoot, “A scalable algorithm for 
physically motivated and sparse approximation of room impulse responses with orthonormal basis functions,” IEEE TASLP, 25(7): 1547-1561, 2017. 
– M. Jälmby and T. van Waterschoot, “Low-rank convolution,” Tech. Rep., KU Leuven, 2022.

<latexit sha1_base64="rQtf4SohbzUIp+Jsk7uiTp37JH8="></latexit>

yk = xT
k h = xT

k (u⌦ v) = vTXT
k u

<latexit sha1_base64="KVyn9lWw+Io5jNfSIFBCPZkUIw0="></latexit>

hL⇥1 = uP⇥1 ⌦ vQ⇥1

L = PQ multiplications/sample L = P+Q multiplications/sample
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• Signal distortion after compressed RIR convolution
－ Methods: truncation, hard thresholding, low-rank approximation
－ Mean ERB-weighted signal distortion vs. RIR compression rate C

Interactive auralization

Image credit: Martin Jälmby – Reference: M. Jälmby and T. van Waterschoot, “Low-rank convolution,” 
Tech. Rep., KU Leuven, 2022. 
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• Aim: understand relation between acoustic characteristics 
of church and their perceived quality (broadly defined)

• Key methodology: Flash Profile rapid sensory analysis
－ Originally developed in frame of food tasting experiments
－ Validated for perceptual modeling of virtual acoustics by listening

(e.g. auralization of concert halls, car cabins, domestic rooms)
－ Evaluated in preliminary experiments for perceptual modeling of 

virtual church acoustics by listening while singing

Perceptual modeling

Image credit: TvW – References: V. Dairou and J. M. Sieffermann, “A comparison of 14 jams characterized by conventional profile and a 
quick original method, the flash profile”, J. Food Sci. 67, 2002. – N. Kaplanis, S. Bech, T. Lokki, T. van Waterschoot, and S. H. Jensen, 
Perception and preference of reverberation in small listening rooms for multi-loudspeaker reproduction, JASA, 146(5): 3562-3576, 2019.

Materials
• 6 virtual acoustic spaces
• 4 expert listeners: male singers 

from Cappella Pratensis
• 2 pieces: plainchant + polyphonic
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• Flash Profile Methodology: experiment design
－ 1) Elicitation phase: individual semantic definition of perceptual 

attributes to characterize differences between virtual spaces
－ 2) Ranking phase: continuous-scale (low-high) quantification of 

each perceptual attribute for each virtual space

Perceptual modeling

Expert 1 Expert 2
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• Flash Profile Methodology: statistical data analysis
－ Multi-factor principal component analysis + clustering

CHAPTER 4. RESULTS 35

Figure 4.10: Correlation circle of the second evaluation. Displays the influence of each perceptual attribute
on the chosen first and second principle components. The perceptual attributes are grouped
per assessor.

• 75% of perceived variance among 
spaces is modeled by two largest 
principal components

• two largest prinicipal components 
correlate to perceptual attributes of 
spaciousness/reverberance (Dim 1)
and spectral content (Dim 2)

• six virtual spaces can then be 
mapped into this 2-D principal 
component subspace

Perceptual modeling
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• Some take-home messages...
－ Acoustic signal processing in digital humanities: case studies 

in humanities/musicology/cultural heritage/... may carry remarkably 
many research challenges relevant to our community

－ Fundamental signal processing research (sampling & 
interpolation, sparse & low-rank modeling, ...) can be highly 
relevant to address application-specific bottlenecks relating to 
labour, memory, and computational resources

－ Interdisciplinary research is much more than putting together 
diverse team – it requires to learn common language and mutual 
scientific understanding, attract funding, develop proper research 
methodology, ... which is not easy but very enriching

－ Looking for challenging research topic in acoustic signal 
enhancement? Consider multi-channel acoustic feedback 
control

Conclusion
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