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Abstract
The aim of sound field control methods is to manipulate and synthesize extended

sound fields with an array of loudspeakers. Currently, these methods have mainly

been used indoors, for example to reproduce sound fields accurately over space or to

deliver different audio content to different areas of the same space simultaneously.

This PhD study investigates the use of sound field control methods outdoors for

the reduction of low frequency noise created by outdoor concerts. Specifically, the fol-

lowing three contributions are made: (i) The control of sound fields is experimentally

studied outdoors and it is shown that, in favorable conditions such as a flat ground

topography, sound pressure levels can be reduced significantly (∼ 15 dB) over large

areas (∼ 320m2) and long distances (70–130m). (ii) The tuning of such a control

system requires accurate estimates of the concert and control sound fields in the con-

trol area. A modeling approach is proposed to simplify the estimation of these sound

fields and thereby enable the deployment of large-scale control systems. (iii) Wind

and temperature variations in the atmosphere impact the sound propagation and thus

the performance of outdoor sound field control systems. The performance variations

induced by changing atmospheric conditions are experimentally studied and a simple

compensation scheme is proposed.

Keywords: active control of sound; pressure-matching; source modeling; outdoor

sound propagation; spherical harmonics; sound zones
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CHAPTER1
Introduction

Outdoor concerts and festivals are an integral part of today’s cultural life. At the outdoor
concerts vs
noise
regulationssame time, policymakers around the world are increasingly aware of the impact of

environmental noise on the health of their citizens. The World Health Organization

estimates that one million healthy life years are lost due to noise exposure every

year in western Europe (WHO Regional Office for Europe 2011). As a consequence,

organizers of open-air concerts and festivals are facing the challenge of delivering

an exciting and loud audio experience for their guests while having to comply with

local regulations that restrict the noise emissions to the surrounding area in order to

protect the well-being of the citizens living nearby (Arnold 2017; Cavanaugh 2000;

Junek 2012; Marchuk and Henry 2016).

The problem with outdoor concert noise is especially significant for low-frequency low-frequency
problem

sound due to its particular propagation properties: low-frequency sound is the least

attenuated by the propagation through air (Bass et al. 1995) and by the reflection off

most sound absorbing surfaces (Miki 1990). Low-frequency sound diffracts around

buildings and noise barriers due to its large wavelengths (Hothersall 1991). Neither

is it much obstructed by containing walls (Muller 2013). Low-frequency sound can

also propagate especially far over porous ground as surface waves (Talmadge et al.

2008). The low-frequency problem is further emphasized by the spectral content of

concert sound. Music signals typically have their spectral maximum between 60Hz

and 100Hz (Elowsson and Friberg 2017; Pestana et al. 2013) with a tendency towards

more prominent low-frequency content in music produced in the more recent years

(Pestana et al. 2013).
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Currently, a sound system designer may control the sound radiation from their current means
of controlling
soundloudspeaker system in several ways: by positioning the loudspeaker system with

awareness of the local geography and noise sensitive areas in the surroundings (Belcher,

Christner, and Shabalina 2017; Christner et al. 2017), by choosing an appropriate

loudspeaker layout (point sources vs. line arrays) (Webb and Baird 2003), by select-

ing loudspeakers after their directivity (omni-directional vs. cardioid sources) (Olson

1973), or by electronically manipulating the radiation characteristic of a loudspeaker

array using beamforming techniques (Olivieri et al. 2016; Thompson 2009). However,

these choices cannot completely mitigate the noise. For instance, low-frequency sound

that propagates along the main beam direction towards the audience and beyond can

commonly not be controlled by the above techniques.

This thesis tackles the noise problem of outdoor concerts from another vantage

point, namely, by the active control of sound (Nelson and Elliott 1993), which is

known to be especially useful at low frequencies (Crighton 1992, pp. 707).

Active control of sound

In the active control of sound, additional control loudspeakers are used to synthesize a

control sound field that optimally reduces unwanted noise by destructive interference

of the noise field and the control field. This concept is illustrated in Figure 1.1, wheresound field
view

the unwanted primary sound field is the sound of a linear loudspeaker array. By

appropriate tuning of the signals to the control loudspeakers, one can create a control

field with similar amplitude and opposite phase as the noise field in a control area.

The amplitude of the sum of the primary and secondary fields is then close to zero.

Outside the control area, the two sound fields interfere arbitrarily, which can lead to

an increase in sound pressure level.

A corresponding block diagram that illustrates the control problem from the signalsignal view

perspective is shown in Figure 1.2 for a simplified single channel case. The primary

path Hp(z) represents the relation between the audio signal x(t) that is fed into the
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Figure 1.1: The sound fields of active control. In the control area (red square), the
sound field of the concert loudspeaker system (blue triangles) gets canceled by the
sound field of the active control system (orange triangles). Shown is the real part of
the pressure field at 80 Hz [adopted from Paper D].

main loudspeaker system and the resulting pressure signal d(t) at a control location.

Analogously, the secondary or control path Hs(z) represents the relation between the

input of the control loudspeakers system u(t) and the sound of the control loudspeaker

at the control location v(t). If the secondary path is invertible and shorter than the

primary path, the control filter can be chosen as W (z) = −Hp(z)/Hc(z). With this

optimal choice, the control sound is the negative of the concert sound, v(t) = −d(t)

and the total sound at the control microphone, e(t) = d(t) + v(t), vanishes.

Estimates of the primary and secondary paths are required to compute an optimal adaptive and
fixed filter
approachescontrol filter. These may be either gathered continuously during the control process

with adaptive filters (Haykin 2014) or before the control process as part of a tuning
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Figure 1.2: Signals in an active control system.

step using system identification techniques like sweep measurements (Farina 2007;

Müller and Massarani 2001). Both approaches can lead to the same control filters

(Nelson, Orduña-Bustamante, and Hamada 1995).

In the first, feed-forward1 adaptive noise control approach (Elliott 2001; C. Hansenadaptive filter
control

et al. 2012), the source of unwanted noise may be any noise source for which a reference

signal is available that is correlated with the noise signal at the control microphone.

An adaptive control algorithm continuously compares the reference signal with the

total sound at the control microphone and updates the control filter in order to

minimize the sound at the control microphone. Due to the continuous update, such

an adaptive control system stays optimal even if the primary path is slowly time-

varying. The secondary path may be measured initially or estimated continuously

as well (Eriksson and Allie 1989; Hu, Xue, and Lu 2019; W. Zhang et al. 2018).

Examples of adaptive control applications are the reduction of noise in ventilation

systems (Larsson 2008), windows (Huang, Qiu, and Kang 2011; Lam et al. 2018),

headphones (Kuo, Mitra, and Woon-Seng Gan 2006), cars (Cheer and Elliott 2015;

1Feedback control, for which no reference signal is used, is not a viable option if the control
loudspeakers are in some distance to the control point, see (Elliott 2001, p. 274-277).
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Oh, H.-s. Kim, and Park 2002; Samarasinghe, W. Zhang, and Abhayapala 2016), and

aircraft cabins (Bullmore, Nelson, and Elliott 1990; Elliot et al. 1990).

The second, fixed sound field control approach is concerned with the control of fixed filter
control

sound fields that are created by loudspeakers (Audio Engineering Society 2016). In

this fixed approach, there is no difference made between primary and secondary loud-

speakers. Instead, the outputs of all loudspeakers are controlled by control filters.

The paths between the loudspeaker inputs and the control locations are assumed

to be constant and are characterized by initial measurements or model estimations.

From these path estimates, the optimal static control filters are computed. Examples

are found in the domain of sound field reproduction (Fazi 2010) concerned with the

synthesis of a desired sound field over an area with an array of loudspeakers; with

the concept of multizone sound field reproduction (Betlehem, W. Zhang, et al. 2015),

where the desired sound field is composed of spatially extended areas of high and

low sound pressure level in close proximity; and finally in the domain of loudspeaker

beamforming (Webb and Baird 2003) concerned with the synthesis of desired far-field

radiation patterns of an array of sound sources.

As the noise source at outdoor concerts is a loudspeaker system, this thesis inves- approach of
this study

tigates the noise cancellation problem mainly with the fixed filter sound field control

approach that is easier to implement for systems with many channels as it has no

real-time components. This approach is expected to give good results, as long as the

propagation paths do not change strongly, e.g. due to changing weather conditions.

Its performance can serve as a baseline for more complex, adaptive approaches.

Control of sound outdoors
In most of reported applications of active control, the control area is a volume in an lack of

experimental
workenclosed space or an enclosed space itself. In the outdoors, the active control of sound

has been rarely treated. There are nearly no reports in the active literature about out-

door experiments that show the feasibility or prove the infeasibility of active control

of sound outdoors over large control domains or large distances. Previous work has
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investigated such scenarios mainly by computer simulations in simple environments

(Berkhoff 2005; Nakashima and Hodgson 2005; Stein et al. 2019; Wright and Atmoko

2001a).

One might identify three issues that make the active control of sound outdoors es-

pecially difficult and that might have led to the lack of experimental investigations of

outdoor active control of sound: First, the noise sources of many outdoor noise prob-complexity of
noise sources

lems like traffic noise or noise from construction sites are complex, random, quickly

changing, and spread over large areas. This makes it difficult to obtain reference

signals which are highly correlated with the noise in the control area. Second, thecharacterization
and synthesis

of sound
fields accurate characterization of the noise and the control sound fields over large spaces

may require in general a dense set of control microphones (Ajdler, Sbaiz, and Vetterli

2006) or a very precise sound prediction model. Analogously, creating the appropri-

ate cancellation sound field over a large control area requires in general also many

control loudspeakers. Third, the above issues imply the need for a lot of equipmentcost

which makes experiments expensive. Additionally, massively multichannel control

systems are in general computationally demanding (Spors and Buchner 2008), and,

depending on the size of the control system, may have to be implemented on special-

ized hardware (Y. Kim and Park 2019; Lorente et al. 2014; Shi et al. 2019). This

makes the implementation time-costly.

The problem of controlling the noise emission from an outdoor concert poses astudy of
outdoor

control via
concert noise

problem
good case for the study of outdoor control of sound, because the noise creation process

is only determined by the audio signal and the radiation characteristics of the loud-

speaker system. Apart from variations in the transmission path due to atmospheric

variations, the primary sound field of a sound reinforcement system is determinis-

tic and can be controlled with the fixed sound field control approaches. Non-linear

effects in the loudspeakers (Klippel 2005) are neglected in this thesis. Instead, the

loudspeaker system is assumed to be linear and time-invariant.

It is the purpose of this thesis to investigate whether sound field control is apurpose of
study

suitable tool for the reduction of annoyance caused by outdoor concerts. As the PhD
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project is part of an EU project on smart technologies for large outdoor events 2,

there was the possibility to test this control approach at large scale. Hopefully, the

work will inspire the research community to tackle real world outdoor noise problems

with active control techniques.

1.1 Scope of the thesis
This PhD study investigates the sound field control approach for the reduction of

noise created by the loudspeaker systems of outdoor concerts. In this way, it studies

the problem of controlling sound outdoors. As mentioned in the introduction, there

are several challenges that need to be addressed in order to make such outdoor sound

field control a reality. This thesis addresses specifically these three issues:

• Experimental investigation of outdoor sound field control at large scales. From

the existing active control literature, it is currently not obvious if sound can be

controlled over large areas in practice with the fixed filter sound field control

approach. This study conducted experiments at scales from 5m to 250m in

different environments that highlight prospects and limitations of this approach

(Papers B and D). Active control based on adaptive filtering is not investigated.

• Sound propagation models for active control. The analysis of the primary and

secondary sound fields over large control spaces using a dense spatial sampling

with microphones is infeasible for most practical applications. This thesis inves-

tigates the use of a sound propagation model for the estimation of these sound

fields from only a few measurement locations (Papers A and B).

• Sound propagation under varying atmospheric conditions and its impact on

sound field control. Understanding the variation of sound propagation is es-

sential for understanding the limitations of fixed and adaptive active control

systems in the outdoors. The thesis investigates such variations experimentally

(Papers D and E).

2https://www.monica-project.eu/
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All of the work in this thesis has been done in collaboration with fellow PhD two theses

student Diego Caviedes-Nozal. While the present thesis focuses on the sound field

control aspect, Caviedes-Nozal’s thesis (Caviedes-Nozal 2020) focuses on the sound

field modeling aspect.

1.2 Structure of thesis
This PhD dissertation follows a paper-based format. It comprises a synopsis (Chap-

ters 1 to 4) that is followed by a collection of papers and manuscripts that were

produced during the PhD study (Papers B to E).

The synopsis is structured as follows: The current chapter motivated the use ofchapter
summaries

active control for the reduction of outdoor concert sound, gave a brief introduction to

the research field of active control of sound, and highlighted the related challenges of

controlling sound outside over large areas and distances. Chapter 2 gives an overview

of the contributions of this study that are collected under three topics: large-scale

control of sound outdoors, propagation models for large-scale control, and character-

ization of outdoor sound propagation. For each topic, the relevant existing literature

is reviewed, knowledge gaps are identified, and the contributions of this study are

presented and put into context. Chapter 3 reviews the already existing methods that

are used and expanded upon in the papers. These are mainly the pressure match-

ing method for sound field synthesis and sound zoning, source radiation modeling

with spherical harmonics, and Bayesian inference for parameter estimation. At last,

Chapter 4 concludes the work by summarizing the main contribution of this study,

pointing out limitations of the approaches, and suggesting interesting problems for

future work.

A proposal for reading the rest of this thesis is to continue to the next chapterreading guide

to get an overview of the contributions and the summaries of the appended papers.

Readers already familiar with the methods used may afterwards go straight to the

papers, others may first visit Chapter 3. At last, Chapter 4 may be visited for a
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summary of the main ideas and findings of this thesis.
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CHAPTER2
Contributions

This chapter reviews the scientific contributions of this study, which are separated

according to three topics. For each topic, the relevant existing literature is first

presented, knowledge gaps in the existing literature are pointed out, and finally the

contributions of this thesis are presented and related to the existing literature and

the knowledge gaps. The contributions are presented as a collection of papers at the

end of the thesis. A summary of each paper is found in Section 2.4.

2.1 Large-scale control of sound outdoors
In the vast adaptive active noise control literature, there are only relatively few reports prior work in

adaptive
noise controlabout the control of sound outdoors in realistic conditions: In a series of publications

(Wright and Atmoko 2001a,b, 2002; Wright, Atmoko, and Vuksanovic 2004; Wright

and Vuksanovic 1996, 1997, 1999a,b), Wright et al. propose the use of a multichannel

active noise control system for canceling environmental noise outdoors, by creating

an “acoustic shadow” with a 2D control loudspeaker array. Experimentally, they

investigate the control of pure tones (Wright and Vuksanovic 1999b) in a laboratory

environment. Berkhoff (2005) investigates a similar technique, but only in simple

simulations with mild, constant cross-winds. Nakashima and Hodgson (2005) inves-

tigate fixed filter single channel control for long propagation (> 3 km) under weather

influences and “show that a quiet zone (> 10 dB of attenuation) cannot be achieved

by such a system under realistic outdoor sound-propagation conditions.” Some work

has been done in relation to improving the effectiveness of outdoor noise barriers us-
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ing active control (Borchi et al. 2016; Guo and Pan 1998; Hart and Lau 2012; Omoto

et al. 1997; Qiu 2019). These studies are either based on simulations or experiments

at small scales where temperature and wind have little effect.

Also in the fixed filter sound field control literature, there are few studies con-prior work in
fixed filter

sound field
control cerned with the effect of wind and temperature. For sound zoning in cars, Olsen

and Møller (2017) describe that the characteristics of both the loudspeakers and the

propagation medium change with temperature, which leads to drastic performance

reductions when control filters are tuned for one condition and used in another. Cole-

man, Jackson, Olik, Møller, et al. (2014) study the effect of variations of the speed

of sound in sound zone systems and note that regularization can increase the robust-

ness of these systems. For acoustic echo cancellation in rooms, Elko, Diethorn, and

Gänsler (2003) show that temperature fluctuation is a major factor in the limitation

of cancellation. Betlehem, Krishnan, and Teal (2018) note that temperature changes

are especially impacting the late part of the impulse responses and propose a reg-

ularization by time-domain penalization of the pre- and post-ringing of the control

filters.

From a review of the current literature, it is not clear weather sound field controlknowledge
gap

in large scales and in the outdoors is possible in practice. Specifically, there are no

experimental reports on adaptive or fixed active control systems that control sound

over more than a few meters distance. The works of Olsen and Møller (2017) and

Nakashima and Hodgson (2005) imply that extreme temperature variations and winds

over extreme distances are detrimental to outdoor sound propagation, but it is an

open question how well sound can be controlled under typical variation and medium

distances.

This thesis presents experimental results of sound field control to fill this knowl-filling the gap

edge gap. Specifically, sound field cancellation based on the fixed filter control and

the pressure-matching method (Kirkeby and Nelson 1993) is demonstrated. Paper B

investigates this approach at three different scales: a small scale anechoic chamber

experiment, a large-scale experiment in controlled conditions outdoors and an appli-
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cation of a control system at very large scale at a music festival. The results show

that reduction of sound pressure levels is possible at all scales, but at the very large

scale is limited by the complex topology of the surroundings. It is also hinted at,

that changes in the atmospheric conditions after system tuning may deteriorate the

control performances, as shown for extreme variations by Olsen and Møller (2017).

Paper D presents another experimental study of sound field control outdoors, where

the control performance of a large-scale control system is evaluated over several days.

The study shows that large reductions of sound pressure level (15-20 dB) over large

areas (∼ 320m2) and long distances (≈ 100m) are possible if atmospheric conditions

during the transfer-function measurement and filter evaluations match and that mild

variations of atmospheric conditions lead to performance reduction.

2.2 Propagation models for large-scale control
The control of a primary sound field over an extended area demands an accurate the problem

estimation of the primary sound field and the sound fields created by the control

sources. Without an a priori model of the sound propagation, the band-limited sound

fields may be characterized by their value on a sufficiently dense microphone grid

(Ajdler, Sbaiz, and Vetterli 2006; Kolundzija, Faller, and Vetterli 2011). However,

a full characterization of the sound field over an extended space requires in general

a large amount of microphone locations inside the control domain, which can make

control over large spaces prohibitive in practice. Several approaches can be found in

the literature that reduce the number of required microphone locations or place the

microphones outside the control area.

Kennedy et al. (2007) showed that sound fields in 2D circular or 3D spherical modal domain
approaches

spatial regions far from the sources have only finite degrees of freedom and can thus

be analyzed or created by a finite set of microphones or sound sources placed on the

edge of the acoustic domains. This property has been exploited for sound field recon-

struction and reproduction in circular or spherical domains by placing microphones
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or loudspeakers on the domain’s edge and decomposing the sound fields inside these

domains with cylindrical or spherical harmonics. This approach was applied to single

(Daniel 2003; Ward and Abhayapala 2001) and multizone (Wu and Abhayapala 2011)

sound field reproduction, compensation for reverberation (Betlehem and Abhayapala

2005) and adaptive noise control (J. Zhang et al. 2018). While this clears the con-

trol domain of microphone locations, a downside of this approach is that it is only

applicable for these circular or spherical geometries.

Real sound fields rarely inhibit the full possible richness allowed by the Helmholtzcompressed
sensing

equation, i.e. they are rarely diffuse. Instead, they often inhibit some sparse struc-

ture. This structure can be exploited with compressed sensing methods (Eldar 2009;

Gerstoft et al. 2018). In these, the sound field is assumed to be sparse in some spatial

basis. If this assumption holds, the sound field can be reconstructed from a reduced

number of measurements. Compressed sensing has been investigated for the sparse

reconstruction of sound fields in rooms (Feng, F. Yang, and J. Yang 2017; Mignot

2014; Verburg and Fernandez-Grande 2018a) and to multizone sound field reproduc-

tion with few microphones (Jin and Kleijn 2015; Qipeng, Feiran, and Jun 2016). In

these works, the sound fields are decomposed into plane waves and the Lasso regu-

larization (Tibshirani 1996) promotes the plane wave directions of highest relevance.

This approach is useful for reconstructing general, sparse sound fields far from the

sound sources from few measurement locations.

Instead, if the source positions are known, this a priori knowledge can be usedsource
modeling

explicitly by modeling the source radiation and its propagation to the microphone

location. For a multizone sound field control setup, Chang and Jacobsen (2013)

measured the radiation of the sources, modeled it with a combination of mono- and

dipoles, and then used this model for the estimation of transfer-functions. However,

there were some large deviations between the performance achieved in simulation and

in the experiment under anechoic conditions. To increase the accuracy of a sound

propagation model, Zhu et al. (2017) modeled their sources as monopole sources, used

a single microphone in each of two control zones to fit the monopole model in-situ, and
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estimated the transfer-functions at the other microphone positions with the updated

model.

The simple monopole model of Zhu et al. (2017) presumably works well because knowledge
gap

the control zones are relatively far away and small compared to the control array. If

they are of similar size to the control array, a monopole source model is not able

to accurately estimate the sound fields in the whole control area (this is shown in

in Paper C). It is thus an open question on how to control sound over large areas

with few microphones locations for arbitrary control geometries while using as much

a priori knowledge about the control geometry as possible.

Paper C proposes to model the sources in a control setup using higher-order filling the gap

spherical harmonics. Similar to Zhu et al. (2017), the model is fitted in-situ from a

small number of measurements, but can estimate the transfer-function over a large

control area. In Paper C, it is shown for anechoic conditions, that the model based

control using a limited number of microphones achieves similar sound pressure level

reduction compared to the control approach based on a dense measurement of the

transfer-functions. Paper D extends the spherical harmonics model of Paper C for

the application outdoors by additionally estimating an effective temperature from the

in-situ measurement. It is shown that with this model, low-frequency sound from a

loudspeaker system can be reduced similarly well using less microphones. It is also

shown that the method enables the control in a virtual control zone that is far away

from the physical microphone locations.

An optimal propagation model should adapt to changes in temperature or wind model
updating

conditions, such that good control performance may also be achieved when weather

conditions change. Paper A describes a possible strategy on a high level. During

this PhD study, an explicit method for continuously updating the sound propagation

model was devised and tested in an initial, large-scale experiment. The preliminary

results were promising, but are not included in the thesis for two reasons: firstly, a full

parameter study was not performed due to time restrictions, and secondly, a patent

application is currently being prepared.
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2.3 Experimental characterization of outdoor sound

propagation
The propagation of sound in the atmosphere close to the ground is affected by the the problem

ever changing wind and temperature fields (Ostashev and Wilson 2016). Atmospheric

turbulences create short time scale variations which can be treated as random distur-

bances, while mean flows and temperature changes in the atmosphere induce deter-

ministic, slow changing variations in the sound propagation (Cheinet et al. 2018). If

sound is to be effectively controlled outdoors, both of these variations of sound propa-

gation must be taken into consideration, for example, by controlling only the coherent

sound and making the control methods robust against the random variations.

The theory of sound propagation in inhomogeneous media is well understood and aexisting
literature

plethora of computational methods for the prediction of sound propagation exists thatcomputational
methods

solve some form of approximation of the linearized fluid dynamic equations (Ostashev

and Wilson 2016, pp. 26), for example, the Parabolic Equation method (Gilbert and

White 1989), the fast field program method (L’Espérance, Gabillet, and Daigle 1995)

and the finite difference time-domain method (Ostashev, Wilson, et al. 2005). While

these methods can be very accurate and might in principle be used for improving

sound field control systems in the outdoor context, they are also computationally

demanding and require precise information on the wind and weather conditions.

The variability of sound propagation has also been extensively studied experimen-experimental
work

tally using impulsive shot noises (Bass et al. 1995; Cheinet et al. 2018; Chunchuzov

et al. 2005; Cramond and Don 1985; Daigle 1979; Daigle, Piercy, and Embleton 1978,

1983; Dragna, Blanc-Benon, and Poisson 2014; L’Espérance, Gabillet, and Daigle

1995). The general consensus is that these variations can be well explained by the

existing theory and that most of the decorrelation effects are coming from phase

variations due to changes in the effective speed of sound.

While the above mentioned theories, methods, and experimental results mightknowledge
gap

very well be used to make predictions about the influence of weather on a sound field
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control system, there exists no experimental study that has directly investigated the

variability of outdoor transfer-functions due to wind and temperature fluctuations

with a focus on the impact to sound field control.

Paper E presents the results of a measurement campaign where the sound from filling the gap

two loudspeakers was measured over multiple days at around 200m distance. These

results are a direct example of the variation of transfer-functions that an outdoor

sound field control system would face during 5 days of Danish November weather. A

simple model of the transfer-function variations, that is easy to apply, is proposed

and it is shown how this model could be used in principle to update the transfer-

function estimates according to the current weather conditions. It is shown how this

could improve the sound field control performance for cases where the primary and

secondary paths can only be estimated once.

2.4 Summaries of the included papers

Paper A

This paper, written at the start of the PhD project, outlines an initial vision for a research
hypothesis

sound field control system for outdoor concerts that combines three existing concepts.

First, the pressure-matching with acoustic contrast control method (Chang and theory and
method

Jacobsen 2012, 2013) (see Section 3.1.4) is proposed to be used to create a bright

zone with high sound pressure levels for the audience and a dark zone for a noise

sensitive area in the neighborhood. Second, it is proposed to estimate the primary

and secondary paths with a sound propagation model. As many parameters of such

a model are only known with some uncertainty, e.g. the surface reflection coefficients,

the locations of loudspeakers and control points, or the weather conditions, it is

proposed to fit the propagation model in-situ to a handful of measurement locations,

thereby improving the model predictions and the sound field control performance.

Third, this model parameter estimation problem is stated in probabilistic terms within
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the Bayesian inference framework (e.g. (Gelman et al. 2013), see Section 3.2.2). This

allows the inclusion of uncertain prior knowledge about the model parameters and an

uncertainty quantification of the primary and secondary path estimates.

The concepts are illustrated via the simulation of a simple test case, where theresults

dark zone is effectively shielded off by a double layer loudspeaker array. The simu-

lation shows that a control system based on path estimates by a sound propagation

model performs better if the model parameters are fitted in-situ. The improvement of

acoustic contrast, i.e. the difference in sound pressure level between the two control

zones, is shown in Figure 2.1.
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Figure 2.1: From Paper A: Acoustic contrast in model based sound field control
setup. The model predictions are improved by fitting the model to measurements in
situ (“forward parameters” are updated to “optimized parameters”). As a result, the
acoustic contrast increases.

The control filters are derived as the minimizer of a constrained optimizationremarks

problem that is solved for all frequencies simultaneously. The cost function is the

normalized error between a target field and the reproduced field. In the later Papers B

to D, the pressure-matching problem is solved independently at each frequency via

the more common Tikhonov regularized least-squares approach (see Section 3.1.1).

Paper A hypothesizes that outdoor sound propagation models used for noise pre-
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diction, e.g. Nord2000 or Harmonoise (Jónsson and Jacobsen 2008; Salomons et al.

2011), could be extended for the use for sound field control. However, the assumptions

made in these models make phase accurate predictions at low frequencies difficult. In-

stead, the spherical harmonics based models presented in Paper C and Paper D were

developed.

Paper B
This paper experimentally investigates sound field control using pressure-matching for research

question

the mitigation of low-frequency sound. Results from three experiments are presented,

see Figure 2.2: a lab experiment with small loudspeakers in an anechoic chamber, a

controlled large-scale experiment with professional sound reinforcement equipment,

and results from a deployment at Italy’s largest techno festival.

The pressure-matching with acoustic contrast control method is reformulated as theory and
method

a problem where only the secondary sources are controlled. If the target field in the

audience area is the sound field without any control, this formulation corresponds

to the problem of minimizing the impact of the control system to the audience area

while reproducing the phase-inverted field of the primary loudspeakers in the dark

zone.

In the experiments, the spatially averaged sound pressure level was reduced by results

8–12 dB below 1kHz in the anechoic chamber experiment, by 10–14 dB between 40–

100Hz in the large outdoor experiment, and by 4–6 dB at the festival test. The

reduction at the festival was presumably low, due to the complex topography of the

city environment. Also, it is observed how the control performance is influenced by

temperature variations between system tuning and evaluation as also described by

Olsen and Møller (2017). Lastly, the experiments made it clear that in practice, a

double layer array of control sources behind the audience may be replaced by a single

layer array of cardioid-like loudspeakers without impacting the sound in the bright

zone too much. In this way, the two zone control problem can be simplified to a single

zone control problem.
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(a) anechoic chamber experiment (b) large-scale controlled experiment
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Figure 2.2: From Paper B: Three experiments of sound field control at different scales
and topological complexity.

At the festival test shown in Figure 2.2c, the control microphones were spaced remarks

widely apart and the same microphone locations were used for both filter computation

and system evaluation. It can thus not be concluded from the data, whether sound

pressure levels were reduced also in between these control locations, that is, over a

continuous area. The sound field control system was tested again at the festival the

following year with more densely packed control locations. The resulting reduction

was similar. The results are planned to be published on the project website1.

Paper D revisits the kind of setup shown in Figure 2.2b and presents a much more

thorough experimental investigation of sound field control at that scale.
1“ASFC System and Noise Monitoring System for Pilot 1-6 2 (D4.7)” soon available at https:

//www.monica-project.eu/public-deliverables/
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Paper C

In sound field reproduction and sound field control systems, the acoustic transferresearch
hypothesis

functions between a set of sources and an extended reproduction area need to be

accurately estimated in order to achieve good performance. This implies that large

amounts of measurements should be performed if the area is large compared to the

wavelengths of interest. In this paper, a method for reconstructing these transfer

functions in highly damped conditions is proposed by using only a small number of

measurements in the reproduction area.

The source radiation is modeled with the rotationally symmetric spherical har- theory and
method

monics basis (see Section 3.2.1). The basis coefficients, which are shared by all loud-

speakers, are estimated with Bayesian inference from only a few measurements. The

fitted propagation model is used to estimate the propagation paths to a dense grid

of control locations inside the control area. The approach is tested in the anechoic

chamber setup of Paper B (Figure 2.2a). The quality of the sound propagation model

estimates is quantified by the performance of a pressure-matching based sound field

control system that uses the model estimates to compute the control filters.

With only 4 microphone locations per control zone, the model based sound field results

control achieves a reduction of sound levels that is similar to a sound field control

system based on direct measurements at 128 or more microphone locations, as shown

in Figure 2.3. The results also indicate that, if the control areas are large or close to

the loudspeakers, using up to 4 modes in the spherical harmonics basis will improve

the control performance in comparison to mono- or dipole models which were used

previously (Chang and Jacobsen 2012; Zhu et al. 2017).

Paper D shows that an extended version of this sound propagation model also remarks

works well at large scale on an open flat ground in the outdoors.
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Figure 2.3: From Paper C: Comparison of sound field control with and without
propagation model over a varying number of control microphones in a small scale
anechoic chamber experiment (same as Figure 2.2a). IL is the sound pressure level
reduction in the dark zone averaged from 100 to 1000Hz. h and blue boxes: No model
used. M = 0 . . . 4 and red boxes: model used with M terms in the spherical harmonics
expansion. Ref : using 350 microphone positions without model (NZ = 350). The
box plots show the median in orange and the boxes extend from first to third quartile.
The whiskers represent the extreme cases (max and min). Bottom x-axis: Number of
measurement positions per zone NZ . Top x-axis: Truncation number in the spherical
harmonics basis M .

Paper D

This paper experimentally investigates the feasibility and the performance of control- research
hypothesis

ling sound outdoors with the modeling approach of Paper C at a similar scale to the

large-scale experiment of Paper B and under mildly changing atmospheric conditions.

The pressure-matching method is used to cancel the sound of a primary subwoofertheory and
method

array with a secondary subwoofer array in either of two dark zones, as illustrated in 2.4.
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The modeling approach of Paper C is extended by an effective temperature parameter

that is also estimated from the measurement data. This additional flexibility allows

for a representation the effective speed of sound due to the conditions of wind and

temperature at the time of the transfer-function measurement. The control filters are

either computed from transfer-functions measured at 100 microphone locations per

zone or estimated by the propagation model from only three microphone locations

per zone.

evaluation locations

model fitting
locations

"audience area"

control loudspeakers primary loudspeakerszone 2 zone 1

Figure 2.4: The experimental setup in Paper D. The control loudspeakers placed
behind the audience area are canceling the primary loudspeakers’ sound in the control
zones 1 or 2. The sound field in each zone is evaluated at 100 microphone locations.
The sound propagation model is fitted with data from three microphone locations in
each zone.

With both ways of computing the control filters, the system reduces the sound results

in the dark zones by up to 15–20 dB in the frequency range 37–115Hz. Thus, the

number of required microphone locations may be greatly reduced by the use of a sound

propagation model. The results also show that the sound pressure level reduction

varies by up to 10 dB when comparing control filters based on transfer-function data

of consecutive days, even though the wind and temperature conditions only varied by

up to 2m/s and 2 ◦C, respectively.

The experimental results do not indicate the exact number of microphone locations remarks
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that are necessary for achieving good sound pressure level reduction. This question

was investigated in Paper C for a small-scale experiment in anechoic conditions.

Paper E
To better understand the possible range of weather induced transfer-function varia-research

hypothesis

tions that can occur in practice, this paper experimentally studies such variations,

the relation to wind and temperature changes and the impact on the outdoor control

of sound.

Transfer-functions between two loudspeakers and 4 microphones with distancesTheory and
method

between 150–300m are continuously measured over the course of 5 days. At the

same time, weather features such as wind vectors and temperatures are recorded at a

weather mast at multiple heights. To reduce the dimensionality of the variation, the

transfer-function variations are modeled by a frequency independent delay and gain

transformation of a single reference transfer-function.

Wind speeds op to 4m/s and temperature variations of -3◦C to +3◦C lead to timeresults

of arrival variations of -9ms to +12ms and gain variations between -3 dB to +2 dB.

Figure 2.5 shows the possible sound pressure level reduction under such variations.

At low frequencies, the delay and gain model approximates the transfer-function

variations well and as a consequence a compensation with the model could restore

the reduction that is lost for a fixed filter.

Each loudspeaker-microphone combination has its own delay and gain compensa-remarks

tion parameters. The dependence of the parameters and the weather condition was

learned in this paper from data.
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Figure 2.5: Predicted insertion loss at one microphone location applying different
strategies to calculate the control filters. From left to right: Optimal filters given
exact knowledge of the transfer-function; a constant filter calculated from a single
reference transfer-function; filters computed from the reference transfer-function with
optimal delay and gain compensation; filters computed from the reference transfer-
function with delay and gain parameters estimated from wind and temperature (taken
from Paper E).
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CHAPTER3
Theory and methods

This chapter provides the reader with a background to the methods and mathematical overview

tools that are employed in the papers. First, the sound field control technique that

is used throughout this thesis, pressure-matching, its regularization, and its use in

sound zoning and sound cancellation is reviewed in Section 3.1. These are relevant for

the Papers A to E. Section 3.2 reviews the concepts important for the sound propaga-

tion modeling, namely the spherical harmonics basis and parameter estimation with

Bayesian inference. These are relevant for Papers A, C and D. Important concepts

in outdoor sound propagation like the effective speed of sound are directly reviewed

in Paper E. If one is familiar with the aforementioned topics, this chapter may be

skipped on a first read and revisited if necessary while going through the papers.

The reader is referred to the synopsis by Caviedes-Nozal (2020) for more details

on probabilistic modeling, specifically, hierarchical Bayesian inference and the Hamil-

tonian Monte-Carlo algorithm for the sampling of probability distributions.

3.1 Sound field control

3.1.1 Pressure-matching

The sound field control technique used throughout this thesis is termed pressure- sound sound
field recon-
structionmatching or multi-point-inverse technique and was first introduced by Kirkeby and

Nelson (1993). With pressure-matching, a desired or target sound field, specified at
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a set of locations, is optimally synthesized in least-squares sense by a set of control

loudspeakers, as shown in Figure 3.1.

Let p ∈ C
N be the target sound pressure field defined at N locations, and let

H ∈ C
N×L be the transfer-function matrix between L control loudspeakers and these

locations, where it is assumed that N ≤ L. The loudspeaker’s complex amplitude is

controlled by a set of complex gains w ∈ C
L, such that the synthesized sound field

created by the loudspeakers is Hw. The pressure-matching method aims to optimize

these gains in order to minimize the least-squares error between the target and the

synthesized field. The optimal filters w solve the linear least-squares problemlinear
least-squares

min
w

∥p − Hw∥2 (3.1)

The above problem (3.1) always has a solution, but it is not unique if rank H < N .

However, amongst all possible solutions, there exist only one with minimum norm

∥w∥ (Björck 1996, p. 2). This solution is given with the Moore-Penrose inverse

w = H†p = (HHH)−1HHp. (3.2)

The quality of the reconstruction depends on the properties of H. If p ∈ R(H) (p is

in the range space of H), then p = Hw. If p /∈ R(H), the optimal sound field is only
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residual field r−Hw

Figure 3.1: Synthesis of a target sound field with pressure-matching. Loudspeaker
locations are marked with blue dots. The control area is marked by the red square
with the control locations inside.
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an approximation of the target field and the residual sound field r = p − Hw is non-

zero. Thus, the target field can be synthesized perfectly only if it can be described as

a linear combination of the sound fields created by each source (the columns of H).

The linear least-squares problem is known to be sensitive towards errors in both regulariziation

p and H and a regularized version of (3.1) must be solved in practice. Tikhonov

regularization is used in this work (P. C. Hansen 2015, p. 60). The corresponding

regularized problem is

min
w

{

∥p − Hw∥2
+ δ∥w∥2

}

, (3.3)

or written as a least-squares problem

min
w

∥

∥

∥

∥

∥

∥
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∥
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2

. (3.4)

The solution is given by

w = (HHH + δI)−1HHp, (3.5)

with an identity matrix I of appropriate size. Regularization is more thoroughly

described in Section 3.1.2.

The optimization problem (3.3) should be solved with a dedicated linear least- don’t form
the inverse

squares solver (e.g. based on QR or singular value decompositions), which is numeri-

cally more stable and efficient than computing the inverse in (3.5) explicitly (Higham

2002, sec. 13.1).

The discrete inverse Fourier transform of all frequency domain filters is a set of fi- obtaining
time-domain
filtersnite impulse response (FIR) filters. Care has to be taken to avoid circular convolution

by choice of an appropriate regularization parameter (Kirkeby, Nelson, Hamada, et al.

1998). The control loudspeaker driving signals are obtained by linear convolution of

the audio signal with the corresponding FIR control filters.

The pressure-matching problem might also be formulated in the time-domain direct
time-domain
approachwhere causal constrains are automatically satisfied for any filter length, but the re-

sulting convolution matrices might get very large for larger numbers of loudspeakers,

microphones and filter taps (Kirkeby, Nelson, Orduna-Bustamante, et al. 1996; Si-

mon Galvez, Elliott, and Cheer 2015). Schneider and Habets (2019) describe a fast,
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approximate solution technique for the time-domain case that avoids explicit con-

struction of the convolution matrices.

3.1.2 Regularization
It is well known, that the least-squares problem (3.1) may be unstable and thus ill-instability of

least-squares

posed, if the transfer-functions H or the target pressure field p are subject to errors

(Fazi and Nelson 2007). The maximum attainable error of the solution vector w is

approximately proportional to the condition number κ(H) if the residual vector r is

small or zero. If the residual is large, the maximum error is proportional to the square

of this condition number (van der Sluis 1974; Higham 2002, p. 393). The conditioning

of the linear least-squares problem is therefore depending on both H and p and the

non-zero residual least-squares problem might be especially badly conditioned.

The ill-posedness of the least-squares problem can be lifted by regularization meth-Tikhonov
regularization

ods (P. C. Hansen 2015). In the present thesis, Tikhonov regularization is used, see

(3.3). It is easy to implement with a linear least-squares solver, because the Tikhonov

regularized least-squares problem (3.3) is equivalent to the standard least-squares

problem

min
w
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∥

∥
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Tikhonov regularization also has a intuitive interpretation: it reduces the variance of

the solution w by penalizing solutions with large norm ∥w∥.
The optimal choice of the regularization parameter δ for the least-squares problemparameter

selection in
this thesis has been studied intensively and a plethora of parameter selection methods has been

proposed (P. C. Hansen 2015). In this study, the regularization parameter is simply

chosen manually, such that large filter gains, that could lead to large non-linear

distortion effects, were avoided. Avoiding non-linear loudspeaker effects is essential

for accurate sound field reproduction (Ma et al. 2018). Empirically, a reasonable

strategy for choosing δ is to chose it such that the average gain of the control filters,

also sometimes referred to as array effort, is below or about the same as the gain of
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the primary sources, i.e. ∥w∥/L ≤ 1. The Tikhonov regularization parameter also

determines the longest time constant of the control filter, that is, its effective length

(Kirkeby, Nelson, Hamada, et al. 1998). Thus, another strategy is to choose δ such

that circular deconvolution effects are avoided when solving (3.3) for each frequency

(Kirkeby, Nelson, Hamada, et al. 1998).

3.1.3 Canceling sound
For the problem of canceling sound of outdoor concerts, let us separate the sources two kind of

sources

into primary sources that cannot be controlled (the concert sound system) and control

or secondary sources that can be controlled with the purpose of canceling the sound

of the primary sources, see the sketch in Figure 3.2. We set the filter for the primary

sources to unity and use the partitions w = [1, ws]T and H = [Hp, Hs]. With the

target of zero pressure at the control microphone locations, p = 0, and pp = Hp1

being the field of the primary sources only, one can reformulate (3.1) as

min
w

∥p − Hw∥2

= min
ws

∥0 − Hp1 − Hsws∥2

= min
ws

∥pp + Hsws∥2
. (3.6)

Thus, the cancellation problem is equivalent to the pressure-matching problem with

a target field −pp.

The resulting average reduction is quantified with the insertion loss performance
metric

IL = 20 log10

( ∥pp∥
∥pp + Hsws∥

)

, (3.7)

which is the difference in mean sound pressure level between the cases when only the

primary sources are active (there is no control) and when the primary and optimized

secondary sources are active (the sound field is controlled). Positive values indicate

a reduction of the sound pressure levels while negative values signify their increase.

The sound cancellation with pressure-matching is illustrated in an example in example

Figure 3.2. In this example, the control locations in the control area are separated into
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"audience area"

control loudspeakers primary loudspeakerscontrol area

Figure 3.2: Effect of regularization parameter δ on the impulse and magnitude re-
sponse of the pressure-matching control filters. An increase in the regularization coef-
ficient decreases th effective filter length, the filter gain, and the maximum achievable
reduction. Data taken from Paper D.
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locations for the filter computations and locations for the evaluation of the resulting

sound field (Møller and Olsen 2016). The effective filter length, the filter gains and the

sound level reduction at the evaluation points decrease with increasing δ. With these

regularization parameter options, we would have chosen δ = 104, because 1) the filter

magnitude is below 1 such that the control loudspeaker amplitudes are smaller than

the primary loudspeaker amplitudes which avoids large amplitudes and distortion,

and 2) the filter is causal (zero for negative times) (see also Section 3.1.2).

3.1.4 Sound zones

Multizone sound field reproduction is concerned with the synthesis of sound in mul- loud and
quiet zones

tiple control zones (see review by Betlehem, W. Zhang, et al. (2015)). The goal is

to create a target field in the bright zone while minimizing the sound pressure in the

dark zone. This is illustrated in Figure 3.3 for the case of an outdoor concert, where

the sound should be audible and of high quality in the audience area and reduced in

a neighboring area outside the music venue.

Multiple approaches and cost functions exist to create such zones (Betlehem and

Teal 2011; Chang and Jacobsen 2012; Choi and Y.-H. Kim 2002; Coleman, Jackson,

Olik, and Abildgaard Pedersen 2014). In this work, the pressure-matching with acous- pressure-
matching
with acoustic
contrast
control

tic contrast control approach of Chang and Jacobsen (2012) was used in Papers A

and B, which is equivalent to a weighted pressure-matching method as shown next.

Let p ∈ C
MB be the target transfer function in the bright zone, HB/D ∈ C

MB/D×N

the transfer matrices between all sources and the spatially sampled bright (B) and

dark (D) zones. The optimal filters are the solution to (Chang and Jacobsen 2012)

min
w

{

κ
∥

∥p − HBw
∥

∥

2
+ (1 − κ)

∥

∥HDw
∥

∥

2
}

. (3.8)

where κ is a weighting factor that controls the trade-off between reproduction quality

in the bright zone and sound energy in the dark zone. The problem (3.8) is equivalent
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Figure 3.3: A sound zoning setup where a target field is to be reproduced in the
bright zone, while the sound pressure level is minimized in the dark zone [adopted
from Paper A].

to the weighted pressure-matching problem

min
w

∥

∥

∥

∥

∥

∥
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0
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. (3.9)

In this thesis, the control system does not include the primary sources as described in

Section 3.1.3. Only the control loudspeakers are to be controlled with the purpose of

reducing sound of the primary loudspeakers in the dark zone with minimal interference

to the bright zone. This problem is formulated by partitioning the quantities into

contributions of primary and secondary sources. Let w = [wT
p wT

s ]T = [1T wT
s ]T

and HB/D = [H
B/D
p H

B/D
s ]. The bright zone should be minimally effected, i.e. p =

HB
p wp. Problem (3.9) is then

min
ws

∥

∥

∥

∥

∥

∥
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In words, the pressure-matching with acoustic contrast control method applied to the

outdoor concert case is equivalent to a weighted pressure-matching approach with a

target field that is zero in the bright zone and the phase inverted field of the primary

sources in the dark zone.

3.1.5 2D control in 3D space
In the control setups seen so far in this chapter and in those investigated in the

papers, the loudspeakers and the control zone are in the same plane, i.e. the sources

and control locations are approximately at the same height, close to the ground (cf.

Figure 3.2). Conveniently, the created zones of quite also extend into the height

dimension as is illustrated via simulations in this section.

Two control zone configurations are simulated. The first configuration is identical simulation
setup

to the example in Figure 3.2 while the second setup has the control locations shifted

60m further away from the loudspeakers. The loudspeakers are located on the ground

(z = 0) and are modeled as complex directivity point sources (Feistel and Ahnert 2007)

that resemble cardioid subwoofers1. The ground is acoustically hard. The control

locations are at height z = 1.6m. The control loudspeaker filters are computed

according to (3.6) with Tikhonov regularization. The regularization parameter is

chosen, such that the maximum array effort ∥q∥/L is approximately -1 dB.

Figures 3.4 and 3.5 show the insertion loss (3.7) for these two setups in a xy-plane size of quiet
zone

at the height of the control locations and in two xz-planes that pass the center and

the edge of the control areas. Both the frequency and the distance of the control zone

to the loudspeakers impact the size of the zone of quiet. A qualitative explanation is

that at larger distances, the two sound fields decline with a more similar amplitude

gradient in respect to the source distance. In other words, at larger distances, the

sound field can be made to match in amplitude over a larger space. At the same time,

the phase gradients with respect to the distance are proportional to the frequency,

which leads to sound fields that vary faster in phase at higher frequencies. In other
1The configurations and source model are identical to those in Paper D.
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words, at lower frequencies, the sound fields can be made to match in phase over

larger spaces.

The simulations of this section illustrate that the zones of quiet are in fact threerange of
control is

limited
turbulence dimensional. Two dimensional control arrays could be used to extend the control of

sound over larger heights. However, this implies a large number of control sources.

The section also illustrated that larger zones of quiet can be created at lower fre-

quencies and around control zones that are further away from both the primary and

the secondary loudspeakers. In practice, the maximum distance, at which outdoor

control is possible, is restricted by the complex and random propagation of sound in

the atmosphere which decorrelates the sound waves that travel over long distances.

Thus, the coherence needed for destructive interference is degraded. The reader is

referred to section 2.1 of Paper E for an overview of the most important effects in

outdoor sound propagation and to the monograph by (Ostashev and Wilson 2016)

for a thorough theoretical treatment of this issue.
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Figure 3.4: Simulation of the spatial insertion loss with control zone at x = 70m.
The secondary sources (orange triangles) are optimized to cancel the sound of the
primary loudspeakers (blue triangles) in the control area (marked red).
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Figure 3.5: Simulation of the spatial insertion loss with control zone at x = 130m.
The secondary sources (orange triangles) are optimized to cancel the sound of the
primary loudspeakers (blue triangles) in the control area (marked purple).
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3.2 Sound propagation modeling

3.2.1 Spherical waves

Spherical sources are a fairly good approximations to many real sound radiators of

finite extend2. Their spherical waves can be conveniently described by the solutions of

the Helmholtz equation ∇2p+k2p = 0 with free-field boundary condition in spherical

coordinates r = (r, θ, ϕ), where r ∈ [0, ∞) is the radial distance, θ ∈ [−π, π) is the

polar angle, and ϕ ∈ [0, π] is the azimuth. If the sources are rotationally symmetric,

that is, independent of ϕ, these solutions are

p(r, θ, k) =

∞
∑

m=0

amh(2)
m (kr)Pm(cos θ), (3.11)

spherical
harmonics
model

where am are complex basis coefficients, h
(2)
m is the spherical Hankel function of second

kind and Pm is the Legendre polynomial of order m. The real and the imaginary parts

of the spherical Hankel functions are given by the spherical Bessel functions of first

and second kind:

h(2)
m (kr) = jm(kr) − jnm(kr).

Figure 3.6 shows the graphs of these functions. The spherical Hankel function de-

scribes the propagation of the wave in the radial direction away from the source,

while the directivity of the source is described by the Legendre polynomials.

A straightforward approach for estimating the truncated coefficient set a = [a0, a1, . . . , aM ]T

for a given source from a set of measurements p = [p(r1, θ1, k), . . . , p(rN , θN , k)]T is

by solving the Tikhonov regularized linear least-squares problem ridge
regression

min
a

∥p − Sa∥2
+ δ∥a∥2 (3.12)

with

[S]nm = h(2)
m (krn)Pm(cos θn). (3.13)

2This section follows Jacobsen and Juhl (2013, pp. 187) and the convention that propagation in
the positive time direction is modeled by multiplication with the phasor ejωt.
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Figure 3.6: Spherical Bessel functions of the first kind jm, of the second kind nm, and
Legendre polynomials Pm.

In this study, we used another strategy to estimate a that can also model the

inherent uncertainty in both the measurement data and the model parameters and

thus provides more insight into the above inverse problem. This is presented next.

3.2.2 Bayesian Inference

Most measurements are subject to noise and thus physical quantities can only bemodeling
uncertainty

measured with some non-zero uncertainty. The deterministic least-squares regression

approach with Tikhonov regularization (3.12), often named ridge regression, implicitly

assumes that the noise in the measurement data and the unknown parameters are

each independently and identically distributed. Bayesian inference is an alternative
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approach for parameter estimation, where a probabilistic model is fitted to a set of

data and the fitted model parameters as expressed as stochastic variables with a

probability distribution. In this way, the uncertainties in the data and the model

parameters are made explicit.

This section gives a brief introduction into the topic using the example of fitting

the sound propagation model of the last section to a set of pressure measurements. A

more detailed description of this problem can be found in the thesis by Caviedes-Nozal

(2020). A thorough description of regression with Bayesian inference is described

by Gelman et al. (2013). The following presentation is similar to Rasmussen and

Williams (2006, pp. 10). The following notation is used: probability density functions notation

or distributions are denoted by π(·), CN x(µ, Σ) is the proper multivariate complex

normal distribution with mean µ and covariance Σ explicitly labeled as a function

of the random variable x, and ∥x∥Σ = ||Σ 1

2 x|| is the weighted norm with Hermitian

positive-semidefinite matrix Σ.

Bayesian inference will be described via the example of estimating the unknown

spherical harmonic coefficients a in the linear model3

p = Sa + n. (3.14)

from the set of pressure measurements p with additive, proper complex normally dis-

tributed noise n ∼ CN (0, Σ) with zero mean and positive-definite covariance matrix

Σ and S according to (3.13). The probability density function of the fitted model pa-

rameters given the measurement data, a|p, is called the posterior distribution π(a|p). posterior

It is given by Bayes’ rule

π(a|p) =
π(p|a)π(a)

π(p)
, (3.15)

where π(p|a) is the likelihood function, π(a) is the prior distribution and π(p) is the

evidence. The posterior distribution contains all information about the fitted parame-

ters. Point estimates of the parameters may be computed in form of the distribution’s
3This is a statement of the model, not of the equality of p and Sa + n. This is similar to the

notation Ax = b for a set of inconsistent (e.g. overdetermined) equations in the theory of linear
regression, of which the (approximate) solution is obtained by least-squares.
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mean, mode(s) or median and the estimation uncertainty may be reported in form of

the standard deviation or the interquartile range of the posterior.

The likelihood function π(p|a) represents the goodness of fit between the modellikelihood

estimations and the measurement data. With the model (3.14) and given a fixed set

of model parameters a, the model predictions are distributed around the mean Sa

with the same covariance as the noise

π(p|a) = CN p(Sa, Σ) ∝ exp

(

−1

2
∥p − Sa∥2

Σ−1

)

. (3.16)

The prior π(a) represents the beliefs or prior knowledge about the model param-prior

eters a. For example, if the magnitudes of am should not be large, a conditioning in

form of a complex normal distribution centered around zero

π(a) = CN a(0, Ψ) ∝ exp

(

−1

2
∥a∥2

Ψ−1

)

(3.17)

introduces a bias towards solutions with small norm.

The evidence π(p) represents the probability density of obtaining the measuredevidence

data π(p). It is a multiplicative scaling of the posterior distribution and indepen-

dent of the the model parameters. It is relevant for the zeroth moment, the total

probability, but not for the other moments like the mean E (π(a|p)) or the variance

Var (π(a|p)).

The posterior (3.15) can be computed analytically, if the likelihood and the priorcomputing
the posterior

are given by (3.16) and (3.17). It is

π(a|p) ∝ exp

(

−1

2

(

∥p − Sa∥2
Σ−1 + ∥a∥2

Ψ−1

)

)

(3.18)

∝ exp

(

−1

2
∥a − µ∥2

Λ−1

)

∝ CN a(µ, Λ) (3.19)

with

µ = ΛSHΣ−1p (3.20)

Λ =
(

SHΣ−1S + Ψ−1
)−1

, (3.21)

where (3.19) follows from (3.18) by completing the quadratic form in a.
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The most likely parameters are given by the maximum of the posterior, called the

maximum a posteriori (MAP) estimateMAP
estimate

(a|p)MAP = arg min
a

{− log π(a|p)}. (3.22)

In our example, the MAP is given by the mean (3.20)4. It equals the solution of the

ridge regression problem (3.12) for Σ = I and Ψ−1 = δI due to the specific choices

made for the noise model and the prior distribution. The advantage of the Bayesian

inference approach is that is also quantifies the uncertainty of the parameter estimate

and allows for an explicit choice of the prior or the noise distribution.

Predictions p′ of the fitted model at new locations r′ are in general given by the predictive
distribution

predictive distribution

π(p′|S′, p) =

∫

π(p′|S′, a)π(a|p) da . (3.23)

For our example, the predicted pressures

p′|S′, p = S′a|p ∼ CN p′(S′
µ, S′HΛS′) (3.24)

with spherical-harmonics matrix elements S′
n′m = h

(2)
m (kr′

n′)Pm(cos θ′
n′).

For general priors or likelihood functions, no analytical form of the posterior (3.15) numerical
estimation

exists and the posterior distribution has to be approximated numerically using Monte-

Carlo sampling techniques. If only the MAP estimate is required, then (3.22) can be

solved with deterministic non-linear programming. The probabilistic programming

framework Stan (Carpenter et al. 2017) was used in this study for sampling the

posterior using Monte-Carlo sampling and computing MAP estimates.

4The most likely value of a random variable is its mode. The mode and the mean coincide for
the normal distribution.
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CHAPTER4
Concluding remarks

4.1 Summary of the contribution

The following conclusions can be drawn from the contributions of this thesis:

• The fixed filter pressure-matching approach can be used on flat terrain to sig-

nificantly reduce the low-frequency sound of loudspeaker systems over large

areas and distances. The sound is not only reduced inside the control zone but

also further away, behind, and in front of it. For good reduction performance,

the atmospheric conditions during transfer-function estimation and filter eval-

uation must match. Even moderate meteorological changes can have a strong

influence on the performance of fixed filter sound field control systems outdoors.

In complex urban terrain, the same approach has been shown to lead to small

reductions of sound pressure levels only.

• A sound propagation model that is fitted in-situ can be used to reduce the

amount of measurements needed for control over large areas in highly damped

indoor spaces and flat outdoor spaces. This reduces the effort for tuning systems

that control sound over large areas and enables control at virtual control zones

that are far from the physical microphone locations.

• Wind and weather changes induce variations in the transfer-function that have

a strong impact on the control of sound outdoors. For open spaces and at

low frequencies, these variations can be approximately modeled by a frequency

independent delay and gain transformation.
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4.2 Suggestions for future work
Some suggestions for future research, and questions deserving attention are listed

below:

• A useful outdoor sound field control system must be able to adapt to changes

in the transfer paths due to the variations in the atmospheric condition. Three

possible approaches to this problem might be: 1) Using existing multichannel

adaptive filtering approaches with online secondary path estimation (Akhtar et

al. 2008; Hu, Xue, and Lu 2019), 2) estimating the parameters of the sound prop-

agation models presented in Papers C and D continuously from sound pressure

signals, or 3) estimating the transfer-function variation parameters proposed in

Paper E from wind and temperature measurements.

• The predictive distribution (3.24) gives direct uncertainties of the estimated

transfer-functions. These can be used directly for the regularization of the

least-squares pressure-matching problem, for example, by minimizing the ex-

pected least-squares loss over the stochastic model parameters (Boyd and Van-

denberghe 2004, sec. 6.4.1) or by minimizing the worst case least-squares loss

given some bound on the transfer-function variation (El Ghaoui and Lebret

1997; Boyd and Vandenberghe 2004, sec 6.4.2). Still, care has to be taken not

to drive the loudspeakers into a strongly non-linear range.

• This thesis has investigated control over two dimensional areas only. While such

control zones effectively exhibit a certain reduction zone in the height direction,

it is interesting to explicitly study control over three dimensional volumes, e.g.

to shield off an entire house. The sound propagation modeling approaches intro-

duced in Papers C and D might be even more useful in this case as volumetric

sampling is especially tedious (Verburg and Fernandez-Grande 2018b). These

models might have to be extended to account for the stratification effects that

make the speed of sound vary with height.

• Papers B and D showed that the control approach used in this thesis works well

in flat, open spaces, but not in complex topographies like the city environment.
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A practical, quantitative framework that can asses where a given site lies on

this complexity spectrum is needed to evaluate if and how useful a deployment

of a control system to that site is.

• The simple approach for modeling transfer-function variations in Paper E was

studied in a data driven way. However, a more thorough study under considera-

tion of the theory of sound propagation in inhomogeneous media (Ostashev and

Wilson 2016) could give a deeper insight into the dependence of the variational

parameters and the atmospheric condition.

• Fast transfer-function variations due to turbulence represent irreducible uncer-

tainties that are hard to account for. It could be investigated how to estimate

uncertainties in the transfer-functions from turbulence measures and use these

with the robust optimization approaches mentioned above.
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ABSTRACT

One challenge of outdoor concerts close to urban environments is to ensure adequate levels for the audience while

avoiding disturbance of the surrounding residential areas. This paper outlines the initial concept of a sound field

control system for tackling this issue. The idea is to create acoustic contrast between the audience area and the

surrounding using methods from sound zoning. Control over large areas implies the need for precise information of

transfer-functions between the loudspeakers and the control areas. The envisioned system uses a combination of

measurements and Bayesian inference to update the parameters of a sound propagation model which estimates these

transfer-functions. We present a simple case in which sound field control and propagation model work together.

1 Introduction

Outdoor music events in urban environments face the

challenge to both deliver an excellent concert experi-

ence and comply with the local regulations on sound

exposure of neighboring residential areas. If the regula-

tions limit the achievable sound pressure levels (SPL)

inside the audience area too much, the audio experience

can degrade severely as high SPL is an essential part

of the concert experience. At the same time, these reg-

ulations are important as exposure to excessive noise

levels is known to have a negative impact on quality of

life.

Active sound field control methods based on sound

zones principles have been shown to produce signifi-

cant SPL differences (acoustic contrast) between con-

trol areas, using methods from sound zoning [1, 2, 3] or

beamforming [4, 5]. The first hypothesis of this work

is that such sound field control methods can be applied

in large-scale outdoor concerts to focus and contain the

low frequency sound more efficiently on the audience

area. We believe that this could substantially enhance

the trade-off between SPL in the audience area and

sound exposure of neighboring residents.

Most modern sound reinforcement systems are based

on the line array principle, which allows for the control

of directivity of the sound radiation of high and mid

frequencies. However, the radiation of low frequencies,

can not be as easily controlled, they are less attenuated

by air and reflections from boundaries, and are damped

the least by the structures of residential buildings. Low

frequencies are therefore the most critical frequencies

in the noise problem of outdoor concerts. As control-

ling the sound field over large areas with a feasible
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number of loudspeakers is restricted to low frequen-

cies, we believe that such a technology is a good fit for

this problem.

Accurate estimations of the transfer-function between

the loudspeakers and the control regions is essential

for the optimization of loudspeaker filters. The two ap-

proaches for estimation of transfer-functions are direct

measurement and prediction using numerical methods.

In large scale outdoor applications, the former is in-

feasible, because the sound field has to be sampled

with respect to the Nyquist theorem to avoid aliasing

problems, leading to a large amount of measurement

points. The latter is too inaccurate for control purposes

due to uncertainties in the model parameters, e.g. the

reflection coefficients of boundaries or the atmospheric

conditions. It is our second hypothesis that the accu-

racy of the sound propagation model can be improved

by simultaneously measuring two sources of real-time

data: 1) Weather conditions (wind, humidity and tem-

perature) to construct the prediction model and 2) a

small set of pressure transfer-functions over the con-

trol areas to correct and update the acoustic parameters

and validate the model. The parameter estimation is

done by applying the Bayesian inference framework,

which has been shown to work well in similar regres-

sion problems [6, 7, 8]. Bayesian inference is adequate

for working with constrained multiparameter models

including noise and uncertainty effects.

In the current work we present our first ideas for such

a sound field control system for outdoor concerts, illus-

trate the basic concepts using a simple simulation, and

discuss the challenges of a real implementation of such

a technology.

The paper is structured as follows. Section 2 gives an

overview of the closed loop architecture of the sound

field control system. Section 3 describes the methods

used for the sound zoning, Bayesian inference and

the propagation model. In section 4, the methods are

applied to a simple simulation example. Section 5 and

section 6 discuss the simulation results and highlight

some of the challenges of controling sound fields for

outdoor concerts.

2 Concept

The fundamental concept of the sound field control sys-

tem is shown in figure 1. There are two main functional
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Fig. 1: Information flow in the sound field control sys-

tem.

modules: the sound field controller and the sound prop-

agation model. In an initialization phase, the propaga-

tion model is fed with the constant model parameters

like loudspeaker positions, directivities, venue geome-

tries, acoustic parameters of the occurring surfaces, and

pre-measured transfer-functions between the sources

and the regions in which the sound is to be controlled.

An initial estimate of the transfer-functions is then cal-

culated and fed to the sound field controller. The sound

field controller derives the optimal loudspeaker filters

using the estimated transfer-functions from the propa-

gation model. Internet-of-Things (IoT) enabled sensors

distributed throughout the venue and its surroundings

are connected to a dedicated cloud and gather real-time

sound pressure and meteorological data. The propaga-

tion model uses this information to continuously update

its model parameters and the estimate of the transfer-

functions. The information can then also be shared with

the IoT cloud, e.g. a noise map of the venue and it’s

surroundings can be provided to the event organizers

or sound engineers.

This system is planned to be part of the EU project

MONICA [9], whose goal is the integration of IoT

technologies and enabled IoT devices into a common

platform to improve the experience of citizens in large

outdoor events.

3 Methods

3.1 Sound Field Optimization

Sound field optimization is the sound field controller’s

main function. The term describes methods that create

a desired target sound field by optimization of each

loudspeakers input signal. These are applied for in-

stance in the creation of sound zones, i.e. spatially ex-

tended zones with different acoustic characteristics. In
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this work we want to create two sound zones: a bright

zone in the audience area with a homogeneous sound

field in space and frequency and a dark zone in the

surrounding neighborhood in which the sound pressure

is as low as possible. The loudspeaker filters that create

such a sound field can be derived from the solution of

an optimization problem. Here we use the combination

of pressure-matching and acoustic contrast control pro-

posed by Chang and Jacobsen [1] and formulated by

Betlehem et al. [3] as a constraint optimization prob-

lem, which minimizes the reproduction error in the

bright zone while restricting the mean square pressure

in the dark zone.

The sound pressure field p in the bright zone (BZ)

and the dark zone (DZ) is sampled spatially at JBZ

evaluation points r j, j ∈ BZ, at JDZ evaluation point

positions r j, j ∈ DZ and at N frequencies f (n) with

frequency resolution ∆ f . It can then be represented by

coefficients p
(n)
j . Let there be loudspeakers positioned

outside the two zones at I positions si. The total sound

pressure at each frequency n and evaluation point j is

p
(n)
j =

I

∑
i=1

H
(n)
i j q

(n)
i , (1)

where H
(n)
i j denotes the transfer-function between

sources and evaluation points at the given frequency

and q
(n)
i denotes the complex weight or filter coeffi-

cients for each source and frequency.

The goal of the optimization is to find the optimal set of

loudspeaker weights which minimize the relative mean

square error in the bright zone between the target field

p
t,(n)
j and the realized field p

(n)
j , while constraining

both the mean square pressure in the dark zone and the

frequency-integrated mean square of the loudspeaker

strengths, i.e.

min
q

1

JBZN
∑

j∈BZ

N

∑
n=1

|p
t,(n)
j − p

(n)
j |2

|p
t,(n)
j |2

s. t.
1

JDZ
∑

j∈DZ

|p
(n)
j |2 ≤ D0 ∀n = 1, . . . ,N

1

I

I

∑
i=0

N

∑
n=1

|q
(n)
i |2∆ f ≤ E0

. (2)

This is an inverse problem and the constraint on the

square of the source strengths acts as a regulariza-

tion. The quadratically constrained quadratic prob-

lem is convex, if the transfer-functions are such that

for each frequency H(n)HH(n) is semi-definite, where

[H(n)]i j = H
(n)
i j [10].

The problem is solved using the Sequential Linear

Squares Programming algorithm of SciPy’s optimiza-

tion module [11].

3.2 Propagation model

One of the most common outdoor sound propagation

models in Nordic countries is Nord2000 [12], which

is based on the image source method. A simplified

version is used in this paper to show how Bayesian

inference could improve its performance.

In this simplified model, the loudspeakers are assumed

monopole sources with a constant frequency response.

The total pressure at each evaluation point is the sum of

the pressure generated by each source and its reflections

from the ground. The transfer-function for each source-

evaluation point combination and frequency is

H
(n)
i j =

jρ

4π





e
−j

2π f (n)

c rd
i j

rd
i j

+R
e
−j

2π f (n)

c ri
i j

ri
i j



 , (3)

where rd
i j and ri

i j are the direct and indirect path

lengths between sources and evaluation points. For

the sake of simplicity, ground reflections at an angle α

are modelled with a plane wave reflection coefficient

R = Z cos(α)+ρc

Z cos(α)−ρc
and the Miki model for the ground

impedance [13]

Z =ρc

(

1+5.51

(

1000 f

σ

)−0.632

(4)

− j8.42

(

1000 f

σ

)−0.632)

.

Even though the spherical reflection coefficient is a

much more precise model of the reflection, it will not

affect the purpose of this paper.

AES Conference on Sound Reinforcement, Struer, Denmark, 2017 August 30 – September 2

Page 3 of 10



Heuchel et al. Sound field control strategy for outdoor concerts

3.3 Bayesian Inference and Parameter

Estimation

Moving from simulated scenarios to real measurements

implies that most of the parameters involved are only

known with some uncertainty, causing wrong propa-

gation predictions. Bayesian inference is a method to

find better estimates of these parameters on the basis of

data. In this section the present problem is formulated

in terms of Bayes’ theorem and an example of normal

non-linear regression is presented.

Bayes’ theorem [14] states that given a set of measured

pressure data p̃ j = p j +n j and a vector of parameters

θ used to model that data, the posterior probability is

π(θ |p̃ j) =
π(θ)π(p̃ j|θ)

π(p̃ j)
, (5)

where p̃ j is the pressure vector of size N, ñ j the noise,

π(p̃ j) is the evidence, π(p̃ j|θ) the likelihood and π(θ)
the prior. The posterior is a measure of how well the

model, given these parameters, explains the measured

data. The goal of the inference is to find those parame-

ters θ that maximize the posterior distribution. From

Eq. (5), maximizing the posterior is proportional to

maximizing the likelihood.

In the particular case where the noise is normally

distributed and independent for each receiver n j ∼
N (0,Σn j

), the measured pressure at each receiver is

also normally distributed p̃ j ∼ N (p j,Σn j
), where Σn j

is the covariance. The mean of the distribution is Eq.

(1) and the variance is the background noise. The like-

lihood is

π(p̃ j|θ) =
J

∏
j=1

e
− 1

2

(

(p̃ j−p j(θ))
⊤Σ−1

n j
(p̃ j−p j(θ))

)

(2π)
N
2 |Σn j

|
N
2

. (6)

The covariance Σn j
plays a main role in modelling the

data, because it links the dependency between the differ-

ent subspaces (in this case, frequencies). If frequencies

are assumed independent, maximizing the likelihood

simplifies to a least squares problem.

In high dimensional and complex models, however,

the computation of the posterior distribution is usu-

ally intractable analytically. In this experiment the

Hamiltonian Monte Carlo (HMC) technique is used to

approximate the posterior distribution π(θ |p̃ j) by draw-

ing samples of θ in an efficient way [14]. The use of

this technique makes the Bayesian inference modelling

more flexible for including additional parameters.

3.3.1 Bayesian Inference of Propagation Model

Parameters

Focusing on the model in Eq. (3), the parameters that

are considered uncertain are the position of sources

and receivers and the reflection coefficient. In addition,

the transfer-functions measured in the control areas

are contaminated with background noise. These noisy

parameters are represented with a tilde. Figure 2 shows

the inference diagram and the relationship between the

uncertain parameters θ = (r,s,σ).

σ

Z

α

R

r

s

p

Fig. 2: Inference diagram describing the relationship

between the parameters of the propagation

model.

The error that affects each parameter is the combina-

tion of two: known and unknown uncertainties [15].

Setting proper prior distributions requires prior infor-

mation about the parameters (e.g. physical constrains,

known uncertainties). As an illustrative example let us

look at the measurement of the loudspeaker positions.

If a distance meter is used, its technical specifications

will reveal its accuracy, which comes from empirical

evidence. This is considered a known uncertainty. How-

ever, other factors such as errors in the manipulation

of the device, may affect the measurements. These are

unknown uncertainties.

To take into account both contributions, normal distri-

butions are used in all the parameters. This allows to

constrain the variance with the known uncertainty and

be more specific than a uniform distribution, while still
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making it possible to sample in entire R, thus account-

ing for unknown uncertainties.

The mean of source and receiver coordinates are the

measured values s̃ and r̃. The deviation εc is the same

for all of them, as the same measurement device and

procedure is assumed. The flow resistivity is usually

not measured, but taken from existing tables that group

different types of grounds. If Nord2000 is used, flow

resistivity’s mean should be the representative value

σ̃ of the selected Nordtest [16] impedance class. The

standard deviation εσ has to be sufficiently large to

ensure sampling in the entire flow resistivity range of

mentioned class. The flow resistivity cannot be less

than 0, therefore the normal distribution is truncated to

account only for positive values. The noise in the mea-

sured pressure data is considered independent for each

position as each receiver might be affected by different

noise in a real scenario. For the sake of simplicity it is

modelled constant over frequency.

3.4 Setup

Sound field optimization and parameter estimation is

illustrated here with simulations for a simple case re-

sembling a small, open air concert setup in which the

radiation of sound to a sensitive area behind the concert

is to be mitigated.

The setup is shown in Figure 3. The bright zone is

bounded by two loudspeaker arrays with 5 and 10 loud-

speakers, respectively. The target field in the bright

zone is a 100dBSPL plane wave travelling in negative

y-direction. The dark zone is placed 17.5m away from

the bright zone. Both zones are sampled at 2.5 evalua-

tion points per maximum wavelength in each direction.

The frequency range of interest is from 20 to 250Hz

with a frequency resolution of 15.33Hz. Both evalua-

tion points and loudspeakers are positioned 1.6m above

the ground. The ground is considered compacted park

area (Impedance Class E according to Nordtest) with

σ = 700kPa ·m/s. The speed of sound is c = 343m/s

and air density ρ = 1.2kg/m3.

The dark zone mean square pressure is bounded to

be less than 60 dB SPL, i.e. D0 = 20 µPa× 1060/10.

The regularization parameter was chosen ad-hoc to

E0 = 50m6s−3, as it leads to reasonable solutions for

this problem. Too much regularization will reduce

the achieved acoustic contrast between sound zones,

10 0 10 20
x [m]

30

25

20

15

10

5

0

5

10

15

y 
[m

]

bright zone
dark zone
loudspeaker positions

Fig. 3: Setup of bright zone, dark zone and fixed loud-

speaker positions in the simulation.

while too little regularization will increase the sensi-

tivity of the solution to the errors in the model param-

eters. Choosing the right regularization parameter is

non-trivial and out of the scope of this paper (see e.g.

[17]).

3.4.1 Noise and Uncertainties

In order to resemble real conditions in the simulations,

measurement noise and uncertainties need to be gener-

ated for the desired parameters. Measured coordinates

of both sources and evaluation points, r̃ and s̃, are af-

fected by 15 cm of deviation. Measured pressure p̃ is

distorted with 30 dB SNR noise for all the frequencies.

The statistical parameters used during the Bayesian

inference are summarized in Table 1. The deviation

of the coordinates is set to εc = 30 cm in the prior,

accounting for the known and unknown uncertainties

(the known deviation of a common laser meter is less

than 1 cm). The ground is considered park area, so σ̃ is

set as the representative value of the Impedance Class E

in Nordtest σ̃ = 500kPa ·m/s. The standard deviation

εσ = 500kPa ·m/s to ensure sampling in the entire

flow resistivity range of the Impedance Class E. The

variance of the pressure εp j
is a uniformly distributed

variable only constrained to be greater than 0.

The frequencies used during the parameter inference

are the center frequencies of the third octave bands
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Table 1: Summary of relevant parameters and its cho-

sen values in the setup.

Parameter Value

D0 Max. mean squared pressure in DZ 20 µPa×1060/10

E0 Regularization parameter 50m6s−3

SNR Signal to Noise Ratio 30 dB

- Coordinates Error 15 cm

σ True Flow Resistivity 700 kPa·m/s

σ̃ Forward Flow Resistivity 500 kPa·m/s

εc STD Coordinates 30 cm

εσ STD Flow Resistivity 500 kPa·m/s

εp j
STD Sound Pressure U (0, inf)

from 50 to 8000Hz. STAN is used as the software

platform to calculate the inference [18]. To compute the

posterior distribution 4 HMC chains of 4000 samples

were run in parallel to reach convergence. Only the

second half of the samples is considered to belong to

the posterior distribution and the first half is dropped

as part of the warm up process of the random walk.

4 Results

4.1 Parameter Inference Model and Estimation

Figures 4 to 6 show the prior and the posterior proba-

bility density functions for the flow resistivity and the

coordinates of 5 sources (the ones in the upper part of

Figure 3) and 3 receivers arbitrarily picked from the

bright zone, respectively. The yellow values, called

forward values, are the noisy parameters. Those are the

ones that may be used in a traditional forward propa-

gation model. The black values are the correct values

(no noise) named true. The median of each posterior

distribution, shown in red, is chosen as the optimized

parameter. The vertical bar plots at the right side of

each graph represent the error from the forward and the

posterior median to the true value respectively.

The posterior distribution of the flow resistivity

π(σ |p̃ j) is much more narrower than the prior, reduc-

ing the uncertainty to a standard deviation of εσ |p̃ j
≃

4000kPa ·m/s. The forward σ̃ is not considered any-

more as a possible solution (out of the bounds of the

posterior), while the true flow resistivity of the ground

is. When comparing the optimized flow resistivity cal-

culated as the median of the posterior with the forward

guess, the error drops from ∼ 28% to less than 1%.

The estimate of the sources and receivers coordinates

have also been improved by the Bayesian inference.
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The standard deviation is εc|p̃ j
≃ 7.5 cm, reducing to

half the prior uncertainty. In addition, the error of

choosing the median as point estimate is less than 5 cm

for all the points except one (Receiver 1).

4.2 Sound Field Optimization

The acoustic contrast between dark and bright zones is

defined as the mean spatial difference between SPL in

the two zones, (e.g. [19]),

AC j = 10log10





1
JBZ

∑ j∈BZ |p
(n)
j |2

1
JDZ

∑ j∈DZ |p
(n)
j |2



 . (7)

Figure 7 compares the acoustic contrast with and with-

out sound field control in the cases of true parame-

ters, forward parameters and optimized parameters. No

sound field control describes the case where only the

upper loudspeaker array is active with constant source

strengths. That contrast is only due to the distance

of the zones to the sources. Applying the sound field

control system improves the acoustic contrast by 17dB-

35dB in the ideal case of true parameters. If the for-

ward parameters are used without inference, the im-

provement reduces considerably to around 10 dB, even

though the uncertainty in the positions is small com-

pared to the wavelength. Using Bayesian inference to

optimize the contrast enhances the improvement again

to 10dB-21dB. The inference improves the contrast

especially in the low frequencies, where the source

strengths are large (not shown) and thus where the re-

sulting sound field is sensitive to errors.

The target plane wave and resulting sound field in the

bright zone are compared in figure 8. The plane wave

sound field is well reproduced when the distance be-

tween loudspeakers is much smaller than the wave-

length.

Figure 9 shows the SPL distribution in the vicinity of

the setup. Notice how the solution creates an acous-

tic shadow or region of destructive interference in the

dark zone and thereby reduces the SPL in that area.

However, just left and right to the dark zone, the SPL

increases drastically (cf. section 5.1).

5 Discussion

The addition of more data is linked to a better Bayesian

inference of the parameters that depend on that new
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Fig. 9: SPL in dB in the vicinity of the simulated venue for the solution with true model parameters.

data. Adding more receivers (J ↑) means that more

measured data is available to infer source coordinates

and flow resistivity, calculating a posterior with less

deviation. When adding more sources (I ↑) but keeping

the number of receivers, the scenario starts to grow

in complexity without having more data that explains

the problem. Convergence in this cases is not always

achieved for every run. However, when it is achieved,

the inference of sigma is less uncertain, because the

solution is satisfying the propagation model for more

source-receiver pairs.

The addition of more measured data is linked to increas-

ing the SNR in the pressure measurements. This effect

can be compared to the averaging technique in order to

reduce the background noise.

To have a closed solution of the transfer-functions,

point estimates need to be calculated. The median

of the posterior density functions is picked as the opti-

mized parameters. The idea is to avoid skewed point

estimates that may appear when using the mean instead.

The setup used in the simulation (figure 3) is only reduc-

ing the sound pressure level in a specific area. Using

more loudspeakers will enable control over a larger

area. To reduce the SPL everywhere outside the bright

zone, Chang and Jacobsen [1] proposed to surround the

bright zone completely with a double layer loudspeaker

array at the expense of a large number of loudspeak-

ers. This solutions becomes infeasible for large scale

application.

It should also be noted that the dark zone in the setup is

inside the near-field of the loudspeaker array. The far-

field radiation pattern will thus not necessarily have a

minimum in the negative y-direction and the SPL could

therefore increase behind the dark zone.

So far we have only investigated the sound zoning

problem in a 2D plane parallel to the ground. If there

is an uneven terrain or close by buildings, both the

loudspeaker arrays and sound field evaluation points

need to be extended in the height dimension to account

for 3D control zones.

5.1 Challenges

The results presented in this paper show how sound

field optimization and parameter estimation can be ap-

plied to the noise problem of outdoor concerts. A real

implementation of such a sound field control system

will have to cope with a variety of additional issues,

some of which we would like to highlight here.

Filter delays: the frequency domain filters obtained

through the sound field optimization, especially when

real transfer-function data is used, are not necessarily

causal and require a modelling delay of typically half

the filter length for real time implementation. This can

be a problem for live-music, where the delay between

the musician and the sound reinforcement system must

be small. Simón Galvez et al. [20] have proposed a

time-domain formulation of the sound zone method

used above, which allows for the solution of causally

constrained filters.

Choice of target sound field: in the simulations above,

we used a plane wave as the target field in the bright

zone. However, the sound field at open air venues is

hardly similar to a plane wave and such a choice is a

AES Conference on Sound Reinforcement, Struer, Denmark, 2017 August 30 – September 2
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strong restriction on solutions of the optimization. Cole-

man et al. [21] have proposed planarity control, which

introduces a controllable degree of freedom in the di-

rection of propagation of the target plane wave at each

frequency, leading to favorable contrast and perceived

audio quality in comparison to pressure matching and

acoustic contrast control in a sound zone setup [22]. To

the knowledge of the authors, quantitative measures for

the perception of low frequency audio quality have not

yet been thoroughly investigated, leaving the optimal

target sound field in a perceptive sense still as an open

question.

Increase of sound energy: a classic result of sound

power interaction of coherent sources is that in free

field a control source has to be closer than half a wave-

length to a noise source to be able to reduce the total

emitted sound power effectively (see e.g. [23]). A sep-

arate loudspeaker array, like the lower array in figure

3, will thus not work as an active absorber, but rather

create destructive interference in some area at the ex-

pense of higher sound pressure levels at other positions.

Care must be taken in designing the loudspeaker arrays

and optimization problem, such that the reduction of

noise levels in the dark zone does not lead to new noise

problems in other areas.

Accuracy of propagation model: Several important phe-

nomena are not included in the model such as tem-

perature, wind effect, scattering, atmospheric absorp-

tion, heterogeneous ground and diffraction [24]. Many

of them generate epistemic (reducible) uncertainties

while others are purely aleatory provoking incoherent

interference between sources [25]. The need of phase

information in the transfer-functions for control pur-

poses makes it necessary to improve the formulation of

traditional outdoor sound propagation models such as

Nord2000.

Wind: If multiple sources create a complex sound field

through constructive and destructive interference, the

resulting sound field will be sensitive to changes in

the phase relationship between evaluation point and

the sources. Wind effectively changes the speed of

sound and will thus have a strong impact on this phase

relation.

6 Summary

This paper introduces the first ideas for a sound field

control system for outdoor concerts. We propose

the use of a propagation model for estimation of the

transfer-functions, as a their direct measurement is in-

feasible when controlling large areas. The uncertain

parameters of the propagation model are optimized us-

ing Bayesian inference on the data obtained from a

small set of transfer-function measurements. Through

a simple simulation, we show that this parameter tuning

can improve the acoustic contrast created by the sound

field control system in comparison to using traditional

propagation modelling. Finally, some additional chal-

lenges of controlling the sound outdoors in large scale

are highlighted, which will be the focus of future work.
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ABSTRACT

We investigate sound field control based on the concept of sound zones for the mitigation of low frequency noise

from outdoor concerts to the surrounding area by adding secondary loudspeakers to the existing primary sound

system. The filters for the secondary loudspeakers are the result of an optimization problem that minimizes the

total sound pressure level of both primary and secondary loudspeakers in a sensitive area and the impact of the

secondary loudspeakers on the audience area of the concert. We report results from three different experiments

with increasing complexity and scale. The sound field control system was reducing the sound pressure level in the

dark zone on average by 10 dB below 1kHz in a small scale experiment in anechoic conditions, by up to 14dB in a

controlled large scale open-air experiment and by up to 6dB at a pilot test at a music festival.

1 Introduction

Organizers of open air concerts are facing the challenge

to give their guests an exciting audio experience while

complying with regulations on noise exposure in the

surrounding area. In a previous paper [1] we proposed

the application of sound zoning to this problem as this

collection of methods is trying to achieve just that: a

bright zone with large sound pressure levels and high

audio quality and a dark zone with low sound pressure

levels.

In this paper we use one of these sound zoning methods,

pressure-matching acoustic contrast control (PM-ACC)

[2], and apply it to the outdoor concert scenario by

adding a set of loudspeakers to the sound reinforce-

ment system. We reformulate the PM-ACC optimiza-

tion problem for the case when only the additional

loudspeakers (secondary sources) are part of the con-

trol system while the main loudspeaker system (pri-

mary source) is left untouched. The optimal control

filters minimize the total sound pressure level due to

the primary and the secondary sources in the dark zone

and minimize the sound pressure radiated from the

secondary sources into the bright zone.

This work focuses at the control of low frequencies as

these are the most critical frequencies in the noise prob-

lem of outdoor concerts and the control of sound over

large spaces with a feasible number of loudspeakers is

only possible in that range.

The paper is structured as follows. Section 2 presents

the methodology. We reformulate PM-ACC for the case
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where only the signals of the secondary sources’ can be

controlled and define two metrics that help to quantify

the performance of the control system. In section 3

the method is applied in three different experiments

and results are presented and discussed. Section 3.1

describes a down scaled model setup of a concert sce-

nario in an anechoic chamber, section 3.2 reports from

a large scale outdoor experiment with professional au-

dio equipment and section 3.3 presents the results from

a pilot test at a music festival. Section 4 discusses the

applied methodology in the light of the experimental

results. Section 5 summarizes the present work.

2 Methods

2.1 The optimization problem

The objective function of the PM-ACC method mini-

mizes the SPL in a dark zone and the reproduction error

relative to a target field in a bright zone. In the context

of outdoor concerts, the bright zone is representing the

audience area and the dark zone corresponds to a noise

sensitive area in the surroundings. The cost function

for the control weights w ∈ C
N at a single frequency is

[2]

min
w

κ
∥

∥ht −HBw
∥

∥

2
+(1−κ)‖HDw‖2 , (1)

where ht ∈ C
MB is the target transfer function in the

bright zone, HB/D ∈ C
MB/D×N are the transfer matrices

between sources and the spatially sampled bright and

dark zones and κ is a parameter that weights the repro-

duction error in the bright zone relative to the energy

in the dark zone.

The sound field control (SFC) approach of this pa-

per only controls the additional secondary sources,

as illustrated in Fig. 1. Splitting control weights and

transfer matrices into primary and secondary contri-

butions, w =: [wp,ws]T , H =: [Hp,Hs], setting the pri-

mary weights wp as constant and the target transfer-

function as the transfer-function of the primary system,

ht := H
p
Bwp, transforms the cost function to

min
ws

κ ‖Hs
Bws‖2 +(1−κ)

∥

∥Hs
Dws +h

p
D

∥

∥

2
+λ ‖w‖2 ,

(2)

where we added a Tikhonov regularization term with

parameter λ and h
p
D := H

p
Dwp. This cost function min-

imizes the radiation of the secondary sources into the

bright zone and the total sound energy in the dark zone.

Signal
Primary

Sources Dark 

Zone
Filter Bank

Secondary

Sources

h
p

H
s

w
s

D

D

w
s

Fig. 1: Signal path diagram: the total sound pressure

in the dark zone is the sum of sound pressure

from the primary and secondary sources. The

total system transfer-function to the dark zone

is h
p
D +Hs

Dws. The equivalent holds for the

bright zone.

The optimization problem can be efficiently solved by

rewriting it as a linear least squares problem

min
ws

‖Aws −b‖2 , (3)

where

A =





√
κHs

B√
1−κHs

D√
λ I



 and b =





0

−
√

1− kh
p
D

0



 . (4)

The purpose of the regularization term is two-fold:

firstly, it enables us to solve the possibly ill-posed in-

verse problem by making the solution robust against

noise in the measured transfer-functions [3, 4]. Sec-

ondly, it smoothly distributes the array effort over the

control loudspeakers and limits the magnitude of the

resulting control gains. This way realizable solutions,

i.e. secondary sources play in their linear range, can be

found by tuning λ . In this work, we have taken a λ that

is constant with frequency for the sake of simplicity. In

the experiments, λ was chosen manually such that the

maximum gain of the filters was approximately 0dB.

By solving the optimization problem of Eq. 2 for all

relevant frequencies we get the complex gain of the

secondary sources as a function of frequency. The

discrete Fourier transform of the frequency domain

filters is a set of FIR filters. The control loudspeaker

driving signals are obtained by real time convolution

of the audio signal with the corresponding FIR filters.

2.2 Performance metrics

We define two easily interpretable performance metrics

which quantify how well the two objectives of the cost

AES 145th Convention, New York, NY, USA, 2018 October 17 – 20
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function are reached. The insertion loss

IL= 10log

(

1

NB

∥

∥h
p
D

∥

∥

2

)

−10log

(

1

ND

∥

∥Hs
Dws +h

p
D

∥

∥

2

)

(5)

represents the decrease in sound energy in the dark zone

due to the control sources with a a large IL indicating a

strong reduction.

In the bright zone, the primary to secondary ratio

PSR = 10log
∥

∥H
p
Bwp

∥

∥

2 −10log‖Hs
Bws‖2

(6)

quantifies the ratio of sound energies coming from the

primary and the secondary sources. A large PSR value

means that the sound from the primary sources domi-

nates the sound field in the bright zone.

3 Results

We investigated the sound field control method in three

experiments with increasing dimensions and complex-

ity of the surroundings.

3.1 Anechoic chamber experiment

Fig. 2 shows the small scale experimental setup in the

anechoic chamber of the Technical University of Den-

mark with a volume of 1000m3. Six primary sources

are simulating the subwoofer array of a typical sound

reinforcement system. Behind the bright zone (the au-

dience area), a secondary loudspeaker array consisting

of 12 sources is placed in a double layer array with

6 loudspeakers facing the bright and 6 loudspeakers

facing the dark zone. All loudspeakers are of the same

type with a 4 inch driver. Directly behind the sec-

ondary sources, a dark zone is simulating a sensitive

neighboring area. We measured the transfer functions

from all loudspeakers to a densely sampled grid of 700

microphone positions per zone to construct the trans-

fer function matrices. Half of the data is used for the

filter calculation and the other half for performance

estimation as suggested in [3].

The resulting IL and PSR is shown in Fig. 3 for pa-

rameters κ = 0.1, λ = 0. No regularization had to be

used due to the large amount of measurement positions

and low noise levels. We observe an IL of about 10dB

up to around 1kHz, after which it drops quickly. PSR

is larger than 18dB in that frequency range, showing

that the double layer array is directing most of the ra-

diated sound energy to the dark zone. In fact, noticing

0 1 2 3 4 5
x [m]

0.0

0.5

1.0

1.5

2.0

y 
[m

]

Primary Sources
Secondary Sources

Bright Zone Points
Dark Zone Points

Fig. 2: Photo and geometry of anechoic chamber ex-

periment

the secondary sources in the bright zone during music

playback was, if at all, only possible very close to them.

The two dips at around 400Hz and 800Hz are due to

the approx. 40cm spacing between the membranes of

the double layer array, as also observed in [5]. The

distance corresponds to half of a wave-length at these

frequencies and the sound from the secondary sources

radiated into the bright zone can not be efficiently can-

celled without also cancelling the sound radiated into

the dark zone which is needed to cancel the sound from

the primary sources. The optimization allows for a low

PSR in favour of a large IL, because κ is small.

The difference in SPL over space due to activation

of the secondary sources is shown in Fig. 4 for three

frequencies. The SPL reduction is especially strong

in the left half of the dark zone. This patch of strong

reduction is getting smaller with frequency. However,

it is also present above the Nyquist frequency of around

570Hz of the line arrays as was also observed in [2, 5].

In general, the size of this patch will become large if the

dark zone lies far away relative to the distance between

primary and secondary sources. At around 800 Hz, the

AES 145th Convention, New York, NY, USA, 2018 October 17 – 20
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Fig. 3: Insertion loss and primary to secondary ratio

in anechoic chamber experiment with κ = 0.1
and λ = 0

PSR value has a dip and one can see a standing wave

forming in the bright zone due to the low directivity

of the secondary array at this frequency. Above 1kHz

the secondary array can not resolve the complex sound

field of the primary sources, which leads to a low IL.

3.2 Large scale experiment

We conducted a large scale experiment with profes-

sional audio equipment to test the sound field con-

trol system under conditions that are more similar

to a typical outdoor concert. In comparison to the

anechoic chamber measurement there were reflections

from the ground and objects scattered around the exper-

iment, changing temperature and a lower frequency

range. Fig. 5 shows the geometry and a photo of

the experimental setup, which spanned a region of

80m×20m. The primary sources comprised 10 sub-

woofers arranged in a line array with 2m spacing. The

secondary sources consisted of 20 subwoofers of the

same type arranged in a double layer line array. The

subwoofer model had an intrinsic cardioid radiation

pattern and a nominal frequency range of 37−115Hz

(-5dB). If a single layer of cardioid speakers creates
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Fig. 4: Insertion loss over space in the bright zone (left)

and dark zone(right) at different frequencies in

the anechoic chamber experiment. κ = 0.1,

λ = 0.

enough PSR there is no need for a double layer arrange-

ment and the amount of loudspeakers can be reduced

by a factor 2. The transfer-functions to the bright and

dark zones were sampled at 100 microphone positions

in each zone, half of which were used for the compu-

tation of the control filters and the other half for the

performance estimation.

Fig. 6 shows the performance metrics of the sound

field control solution with κ = 0.1 and λ = 50000. We

estimated a maximal IL of around 12-14 dB between

45-85Hz when using either two (blue continuous) or

just one layer (yellow dashed) of secondary sources.

Using a double layer does not significantly increase the

IL but increases the PSR by 2-10dB. The PSR is larger

than 15 dB at all frequencies for both cases, suggesting

that a single layer of cardioid secondary sources could

be focusing its sound energy sufficiently well away

from the bright zone.

We measured the transfer-functions of all single sources

for computation of the filters and prediction of the re-

sults at noon in peaking temperatures. We also directly

measured the sound field of the total system in the be-

ginning of the night, when temperatures had fallen by

AES 145th Convention, New York, NY, USA, 2018 October 17 – 20
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Fig. 5: Geometry and photo of large scale experiment

6-8 ◦C (green dash-dotted). The change in weather con-

ditions resulted in a change of the speed of sound and

thus changed the transfer-functions. This mismatch in

conditions during transfer-function measurement and

playback lead to a reduction of the IL by 2-10 dB (see

discussion).

3.3 Pilot experiment

In the largest of the three experiments, the sound field

control system was put to test during a two day festival

in Turin, Italy. We present here some first, preliminary

results.

Compared to the previous experiments this scenario

posed several new challenges: complex, uneven terrain

with many reflecting structures and surfaces around

the venue and dark zone, i.e. long reverberation tails;

microphone positions neither in line of sight with the

primary source nor the secondary sources, i.e. indirect

sound must be cancelled by the indirect sound from

the secondary sources; restrictions in placement of sec-

ondary sources and microphones, i.e. fewer samples of

the transfer-functions to the dark zone; and time con-

strained measurements in noisy environment at large

distances, i.e. low signal to noise ratio in transfer-

function measurements.

Fig. 7 gives an overview of the venue, the setup of loud-

speakers and the microphone positions in and around a

part of the festival area that spans around 300m. The
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Fig. 6: Insertion loss and primary to secondary ratio

for large scale experiment with κ = 0.1 and

λ = 50000

primary source (main stage subwoofer system) com-

prised 20 cardioid subwoofers in a digitally curved line

array configuration. The secondary source array con-

sisted out of 16 subwoofers of the same type arranged

in a single line with 2.55m spacing (center-center) and

facing the negative x-direction.

The stage sound system also featured two vertical line

arrays for the higher frequencies, but these were not

included in the transfer-function measurements and

thus also not accounted for by the sound field control

system.

We assumed that the secondary source configuration

and the large distance of the secondary sources to the

audience area would lead to a low impact of the control

system onto the audience area, which was approxi-

mately the area between x = 100 and x = 200. In fact,

a difference from switching the control speakers on and
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Fig. 7: Pilot experiment: positions of sources and microphones

off could only be noticed up to around x= 90. Closer to

the audience area the sound from the secondary sources

was completely masked by the sound from the primary

source.

In the optimization problem we set κ = 0 to focus

all effort on the minimization of sound in the dark

zone. The dark zone was defined as the area between

x =−100 and x = 0. It was sampled at 20 microphone

positions in an elevated courtyard and 30 positions on

a rooftop.

After measurement of the transfer-functions from all

sources to all microphone positions, a set of control

filters was computed and the regularization parameter

was chosen by hand such that the gain of the control

filters was not overly extreme.

Figure 8 shows the measured magnitude response of

the sound system with active and disabled secondary

sources at the line of microphone positions around

x = −10 and compares them to the prediction. They

align fairly well, showing an IL up to approx. 6 dB.

Assuming that we can use the prediction also for all

other positions, we estimated the average IL at all mi-

crophone positions by offline prediction in Fig. 9.

4 Discussion

There are several issues in this work that would benefit

from an estimation of the transfer-functions using a

computational model. First of all, the measurement of

the transfer-functions in a sufficiently dense and large

grid of points takes several hours, especially with many

control sources and long excitation signals due to high

background noise. Secondly, the transfer-functions

should be updated according to changes that affect the
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w/o SFC, predicted
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Fig. 8: Pilot experiment: measurement and prediction

of the effect of the sound field control system

on the sound system transfer function to the first

row of microphones in the dark zone. κ = 0,

λ = 10

propagation of sound, because any mismatch can de-

grade the system performance as it was shown in Fig.

6. A model that accounts for such changes would make

the update simple. Finally, the dark zone is not neces-

sarily an area that is accessible for direct measurements.

Ideally, if the propagation between sources and dark

zone is modelled properly, it is possible to estimate

the transfer-functions on a dense grid of virtual micro-

phones at arbitrary positions. Caviedes Nozal et al.

showed the possibility of using a Bayesian framework

to model the response of acoustic sources for use in

sound field control scenarios from a small set of mea-

surements [6]. However, they use a rather simple prop-

agation model which is not able to take into account all

AES 145th Convention, New York, NY, USA, 2018 October 17 – 20

Page 6 of 8



Heuchel et al. Sound field control for outdoor concerts

20 25 31.5 40 50 63 80 100
Frequency [Hz]

0

1

2

3

4

5

6

7

8

In
se

rti
on

 L
os

s [
dB

]

Predicted average insertion loss at all microphones

Fig. 9: Pilot experiment: predicted insertion loss at all

microphone positions κ = 0, λ = 10

the elements in the acoustic path between sources and

dark zone (scattering, diffraction, reflections...).

The performance of the sound field control system in

terms of IL is completely dependent on how accurate

the secondary sources are able to reproduce the in-

verted sound field from the primary source in the dark

zone. The synthesis of very complex sound fields is

possible by using many, distributed loudspeakers or by

exploitation of small differences between loudspeaker

transfer-functions, leading to large control gains and

sound fields that rely heavily on destructive interference

between speakers. The use of regularization favours

solutions of the optimization problem with smaller

gains and therefore less dependence on cancellation

between speakers. It improves robustness at the cost

of larger reproduction errors and a good choice of the

regularization parameter carefully balances this com-

promise. In this work the regularization parameter

λ was constant over frequency and chosen by hand,

such that the control filter gains where lower than 0

dB at most frequencies, thus driving the secondary

sources at lower or similar levels compared to the pri-

mary sources. The magnitude of the transfer-functions,

however, is small at low and high frequencies, gener-

ally leading to smaller values of the cost function terms

κ ‖Hs
Bws‖2 +(1−κ)

∥

∥Hs
Dws +h

p
D

∥

∥

2
, but not smaller

λ ‖w‖2
. This leads to a stronger regularization at these

frequencies. We expect that a well chosen, frequency

dependent regularization parameter will widen the fre-

quency band in which a large IL is achieved. Relevant

work has been done already in this direction, including

a loading to the matrix transfer-function matrix that is

proportional to the uncertainties, ending in a regular-

ization factor that comes directly from the measured

data [7, 8]. Still, even with perfect knowledge of the

transfer-functions on an infinitely dense grid or an op-

timal regularization method, the performance is going

to be bounded by the geometry of the venue, its sur-

roundings and the number of secondary sources and

their placement in this space.

Additional secondary sources that are further away than

half of a wave length to the primary source will increase

the total sound power output in free-field conditions

[9]. Decreasing the sound energy in the dark zone must

therefore come in hand with a sound energy increase

somewhere else. In the three experiments we have so

far not experienced any regions where the sound field

control system noticeable increases the sound pressure

level (apart from very close to the secondary sources),

but this will be topic of future investigations.

5 Summary

We have shown in three experiments that the noise from

outdoor concerts can be reduced by actively controlling

the sound from the main sound system in a dedicated

area.

The secondary sources can be arranged in a double

layer array to mitigate any negative impact from the

secondary sources to the audience area. Alternatively,

a single layer of cardoid loudspeakers seems to have a

sufficiently strong directivity with a similar effect.

The observed reduction in sound pressure levels was

among other things dependent on the geometric com-

plexity of the venue and terrain, which can become a

limiting factor for the performance of the sound field

control system.
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In sound field reproduction and sound field control systems, the acoustic transfer functions between

a set of sources and an extended reproduction area need to be accurately estimated in order to

achieve good performance. This implies that large amounts of measurements should be performed

if the area is large compared to the wavelengths of interest. In this paper, a method for reconstruct-

ing these transfer functions in highly damped conditions is proposed by using only a small number

of measurements in the reproduction area. The source radiation is modeled with the spherical har-

monics basis and its amplitude coefficients are fitted with Bayesian inference. This approach is vali-

dated in a sound field control experiment where a set of 12 control loudspeakers attenuate the

sound pressure level generated by a set of six primary loudspeakers in a quiet zone while minimiz-

ing their radiation into a listening zone. The performance of the approach is studied by analyzing

the sound field reconstruction and the sound field control performance. It is shown that it is possible

to get—with few measurements and the source radiation model—results similar to those achieved

using a dense grid of transfer function measurements.VC 2019 Acoustical Society of America.
https://doi.org/10.1121/1.5133384

[JDR] Pages: 3425–3435

I. INTRODUCTION

Accurate knowledge of the acoustic transfer functions

between a set of loudspeakers and a reproduction area is

important for the implementation of multichannel reproduc-

tion systems that are used for applications in spatial sound,

sound field synthesis, and sound field control. In multipoint

or inverse filtering methods1,2 the transfer functions, from

which the loudspeaker signals are derived, must be sampled

accurately and with sufficient spatial resolution to avoid ali-

asing effects.

Such dense spatial sampling is no issue for investiga-

tions based on simulations.3–8 However, the measurement of

transfer functions between multiple loudspeakers and hun-

dreds of control points in large control areas requires large

microphone arrays or many sequential measurements.

Besides, placing the microphones inside the control area can

also be impractical.

In order to reduce the number of measurements,9 adapt

transfer functions to changes in atmospheric conditions10,11

or control sound at virtual sensor positions,12 the sound prop-

agation between sources and the reproduction area can be

estimated using a sound propagation model. Most previous

studies that used sound propagation models in a sound field

control context assumed omnidirectional radiation of the

sources modelled with monopoles3,13–18 or a combination of

monopoles and dipoles.5 Such a simplification often leads to

large performance degradations when comparing the predicted

and measured sound fields, e.g., a study of Chang and

Jacobsen showed differences of up to 25 dB between predicted

and measured acoustic contrast19 due to errors in loudspeaker

positioning and modelling, even though they measured the

acoustic center of the loudspeakers in a separate experiment20

and used a combination of monopole and dipole.

In the present study, we introduce a source radiation

model for sound field control problems where the parameters

of the model are fitted using in situ measurements. The

model makes use of a spherical harmonic expansion to

account for the directivity of the sources. We show that the

approach enables a more accurate representation of the

source radiation over large control areas compared to mono-

pole and monopole plus dipole models of the source radia-

tion (which are commonly found in the literature). A fair

assumption in sound field control setups, where multiple

loudspeakers of the same type are deployed, is to assume

that all the sources share the same radiation properties. This

enables us to reduce the number of model parameters, so

that using the same parameter values for each source, it

becomes possible to estimate these from only a handful of in

situ measurements. Once the loudspeaker radiation proper-

ties are determined, the model can estimate transfer func-

tions over large spatial areas. We show that these estimates

are accurate enough for applications in sound zoning under

anechoic conditions. The introduced method can thus con-

siderably reduce the number of measurements needed for the

setup of sound zone systems in highly damped rooms, as,a)Electronic mail: dicano@elektro.dtu.dk

J. Acoust. Soc. Am. 146 (5), November 2019 VC 2019 Acoustical Society of America 34250001-4966/2019/146(5)/3425/11/$30.00



e.g., in the aforementioned studies,7,14,19,21 while maintaining

a good performance. For sound field reproduction in reverber-

ant rooms, the presented methodology might extend sound

field control methods for reverberant spaces that are based on

a monopole model, e.g., as proposed by Jin and Kleijn.9

There exist multiple other source radiation models and

near-field reconstruction methods22–27 which were developed

to reconstruct the sound field in the near-field of a source, and

examine their vibrational properties. The proposed spherical

harmonics model is a compact representation, optimal for

modeling the radiation characteristics of a compact source, as

a small subset of the spherical wave functions can provide an

accurate representation of the sound field radiated by the

source.23

We use the Bayesian inference framework to fit the

parameters of the sound propagation model to the sparsely

measured transfer functions. This has been shown to be an

appropriate approach for solving inverse acoustic problems

and is ideally suited for combining information of physical

and probabilistic natures. Antoni used Bayesian inference

for reconstructing the sound field at the surface of a source

finding the optimal interpolation basis.28 Koyama et al.

applied the same approach, finding the optimal driving sig-

nals of the control sources in a sound field reproduction

setup assuming that the sources are omnidirectional, in a free

field environment.15 Other acoustic problems where the

Bayesian framework has been successfully applied are

acoustic source localization29–31 or vibroacoustics in com-

plex structures,32 among others.

In this paper we use a hierarchical Bayesian model to find

the regularization parameters and noise variance. It has been

shown in previous experimental studies28,33 that Bayesian

inference outperforms GCV and the L-curve method for esti-

mation of the regularization parameters in inverse acoustic

problems.

The paper is structured as follows: Section II presents

the methods. The sound zoning objectives are formulated to

cancel the sound created by a set of primary sources in the

dark zone with a set of secondary control sources, while

reducing the impact of the secondary sources in the bright

zone. The spherical harmonics model is presented and sim-

plified to the geometry of the experimental setup. Bayesian

inference is briefly introduced and applied to our problem.

We define performance metrics to study the behavior of the

applied methods in both sound field reconstruction and

sound field control terms. Last, the experimental setup is

described. Section III presents the analysis of results regard-

ing model fitting, sound field reconstruction and sound field

control performance. In Sec. IV we discuss further the

results shown in Sec. III. Section V states the most relevant

conclusions that come out of the present work.

II. METHODS

A. Sound zones

The objectives of the sound field control system in this

paper are (1) the cancellation of sound from a primary source

in a dark zone using a set of secondary control sources and

(2) minimization of the sound radiated by the control sources

into a bright zone, as motivated in previous work11,34 (see

Figs. 1 and 2). Figure 1 shows the diagram of the signal flow

in this setup. The primary source is fed with an unfiltered

audio signal and generates the primary sound field. At a sin-

gle frequency, this field is represented by the transfer func-

tion vectors hB 2 C
NB and hD 2 C

ND to NB and ND positions

in the bright and dark zones, respectively. Each of the Nc

control loudspeakers is driven by a separate control signal.

Their transfer functions are represented by the transfer matri-

ces HB 2 C
NB�Nc and HD 2 C

ND�Nc in bright and dark

zones, respectively. The control signals are realized by filter-

ing of the audio signal with the control weights w 2 C
Nc .

The control weights are found by the PM-ACC method,5,7,19

i.e., by solving

minimize
w

jkHBwk
2
2 þ ð1� jÞkHDwþ hDk

2
2; (1)

where k � k2 is the Euclidean norm and j 2 ½0; 1� is weight-
ing between the two objective terms. This cost function min-

imizes the radiation of the control sources into the bright

zone (first term) and the total sound energy of primary and

control sources in the dark zone (second term). Equation (1)

is a linear least squares problem and can thus be solved effi-

ciently. Notice that we have reversed the notion of bright

and dark zone here in comparison to the standard sound zon-

ing nomenclature: the system is reproducing a target field

�hD in the dark zone and minimizing the energy of the con-

trol sources in the bright zone. However, sanity is recovered

when superimposing the sound fields of primary and control

sources.

The solutions of the optimization problem (1) for all rele-

vant frequencies are the complex control gains of the second-

ary sources w. The discrete Fourier transform of the

frequency domain gains is a set of real, optimal finite impulse

response (FIR) filters. The control source driving signals are

obtained through convolution of the audio signal with the cor-

responding optimal filters.

B. Source radiation model

In this work, we model the radiation properties of the

sources (directional response and sensitivity) used in the

sound zoning setup. Spherical harmonics have been shown

to be a useful basis for modeling35 and designing13 the

acoustic radiation of sources. The transfer function between

the midpoint of the loudspeaker box and a measurement

point r ¼ ðr; h;/Þ is36

FIG. 1. Signal path diagram. The total sound field in the bright zone is

HBwþ hB. The equivalent applies to the dark zone.
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ĥðk; rÞ ¼
X

1

m¼0

X

m

n¼�m

amnh
ð2Þ
m ðkrÞYn

mðh;/Þ; (2)

where h is the polar angle, / the azimuth angle, k is the

wavenumber, r is the radial distance, hð2Þm are the spherical

Hankel functions of the second kind, am 2 C are the coeffi-

cients of the spherical harmonics basis and

Yn
mðh;/Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ð2nþ 1Þðm� nÞ!

4pðmþ nÞ!

s

PnmðcosðhÞÞe
jm/ (3)

are the spherical harmonics of mode order m and degree n.

The terms Pnm are the Legendre polynomials. The geometry

of the setup (see Figs. 2 and 3) simplifies the formulation,

and symmetry around the polar axis (n¼ 0) is assumed.37

With this simplification,

ĥðk; rÞ ’
X

M

m¼0

amh
ð2Þ
m ðkrÞPmðcosðhÞÞ; (4)

where the sum has been truncated to M elements.

C. Bayesian inference and inversion

Given no transducer mismatch between neither the loud-

speakers nor the microphones, it can be assumed that all the

transfer functions between NL loudspeakers and NM mea-

surement points are described by the same model. Thus, the

recorded transfer functions per frequency h 2 C
NLNM are

modeled as h ¼ ĥþn, where n is additive noise and ĥ is Eq.

(4) in vector form

ĥ ¼Sa; (5)

with ĥ 2CNLNM ; a 2 C
Mþ1; and S 2 C

NLNM�ðMþ1Þ
with ele-

ments smi ¼ hð2Þm ðkriÞPmðcos ðhiÞÞ.
To calculate the unknown parameters a we use Bayesian

inference, which is the process of fitting a probability model

to a set of data and summarizing the result by a probability

distribution on the parameters of the model, called the poste-

rior distribution.38 Given a set of measured transfer functions

h the posterior distribution pða j hÞ of the parameters a is the

result of the Bayes’ theorem

pða j hÞ ¼
pðh j aÞpðaÞ

pðhÞ
; (6)

where p stands for probability density function.

The prior pðaÞ expresses our beliefs about the unknown
parameters a prior to the measurement of h. The likelihood

function pðh j aÞ expresses the likelihood of measurement

outcomes given a specific realization of the unknown param-

eters a. The evidence pðhÞ is the marginal distribution of the

data. In short, the posterior expresses what we know about a

after the measurement of a specific realization h. When sam-

pling the posterior, the evidence can be omitted as it is inde-

pendent of the model parameters a.

D. Likelihood, prior, and MAP

The noise n is considered complex normal (which is

the maximum entropy assignment when the only informa-

tion about the noise is that its variance is finite39) and circu-

larly symmetric,40 with both real and imaginary parts

independent and identically normally distributed, simplify-

ing to n � CN ð0; s�1IÞ, I being the identity matrix. This

assumption is an approximation of the spatial covariance of

the noise, leading to the following normally distributed

likelihood:

pðh j a; sÞ � CN ðĥ;s�1
IÞ / exp ð�s2jjSa� hjj2Þ: (7)

Common prior distributions for the coefficients in this type

of regressions are uniform distributions and normal distribu-

tions. The uniform distribution leads to a closed analytic

solution of the posterior distribution.41 When a normal distri-

bution is used, it is necessary to know both precision of noise

and precision of a to have an analytic solution.33,42 We

assume that the amplitude coefficients are normally distrib-

uted with zero mean, i.e., a � CN ð0; d�1
IÞ. This regularizes

the problem as the normal distribution penalizes large coeffi-

cients. Neither of the precision hyperparameters s and d are

known, and their prior distributions pðsÞ and pðdÞ are con-

sidered gamma distributions

s � Gða; bÞ; d � Gða; bÞ; (8)

which fulfill the requirement that s�1; d�1 > 0.

The posterior distribution is proportional to the prior

times the likelihood

pða; s; d j hÞ / pðh j a; sÞpða j dÞpðsÞpðdÞ: (9)

Equation (9) does not have an analytic solution.

The transfer functions can be estimated using the maxi-

mum a posteriori probability estimate (MAP) of Eq. (9):

FIG. 2. (Color online) Measurement setup in anechoic chamber.
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ða; s; dÞMAP ¼ argmax
a;s;d

pða; s; d j hÞ: (10)

The predicted transfer function from a source to any point

r� ¼ ðr�; h�Þ is

ĥðk; r�Þ ¼ s�aMAP; (11)

where the elements of s� are sm� ¼ hð2Þm ðkr�ÞPmðcos ðh�ÞÞ. To
find the MAP estimates we use the limited-memory

Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) optimization

algorithm included in the STAN statistical modeling pack-

age,43 which has superlinear convergence and is suitable for

high dimensional non-linear problems, yet making moderate

use of memory resources. Other methods could otherwise be

used, such as expectation maximization.44

E. Performance metrics

We define the error between the estimated [Eq. (11)]

and measured transfer functions at each frequency with the

normalized mean square error45

NMSE ¼
1

N�NL

X

N�

i¼1

X

NL

j¼1

jHi;j � Ĥ i;jj
2

jHi;jj
2

: (12)

The NMSE indicates how well the model is estimating the

transfer functions on average over all loudspeaker-

measurement point combinations for N� � NM. Normalizing

each term in the sum separately assures that points with low

and high transfer function magnitude contribute equally to

the error estimate.

The insertion loss11

IL ¼ 10 log
khDk

2

kHDwþ hDk
2

 !

(13)

is used to quantify the performance of the sound zone sys-

tem in the dark zone, where it represents the average

reduction of sound pressure level when the control sources

are active.

F. Experimental setup

The methods regarding transfer function reconstruction

and sound zoning were tested in an anechoic sound zone

setup as shown in Figs. 2 and 3. The equal sized bright

and dark zones were separated by the control source array

consisting of twelve sources (i.e., Nc¼ 12) arranged as two

layers of six loudspeakers facing opposite directions. The

primary source to the left hand side of the bright zone was a

Np ¼ 6 element loudspeaker array. All the NL ¼ Np þ Nc

¼ 18 loudspeakers were of the same type with Tymphany

PLS-P830986 3-in. driver units mounted on custom made

fiberboard boxes (see bottom of Fig. 3). The transfer func-

tions of each speaker to each zone were measured with

the exponential sine sweeps technique46 at a dense grid of

NB ¼ ND ¼ 700 measurement positions per zone (25� 28

grid of points on a plane) using a 6� 10 array of 1/4-inch

microphones spaced 7.5 cm apart (black dots in Fig. 3). The

sampling rate is 8192Hz, the frequency range studied is

100–1000Hz, the frequency resolution is 33.3Hz and no

averaging is applied. The SNR is above 20 dB in the studied

frequency range. The measured temperature during the

experiment was T ¼ 19:4 	C. The origin of the coordinate

FIG. 3. (Color online) Setup geometry.

Brown loudspeakers are the primary

sources and blue loudspeakers the sec-

ondary control sources. White dots are

the loudspeakers box midpoints. Black

dots are the NB þ ND ¼ 1400 measure-

ment positions. Orange and blue

squares are one LHS realization of the

picked measurement positions used to

fit and validate the model, respectively

for NZ ¼ 4. Bottom left corner: one

loudspeaker unit. Bottom center: coor-

dinate system of the spherical harmon-

ics model. Bottom right corner: detail

of the distance between measurement

points.
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system for the spherical harmonics model is the loudspeaker

box midpoint as specified in Fig. 3.

III. RESULTS

In the first part of this section, the sound propagation

model parameters are inferred from small, randomly chosen

sets of transfer function measurements and the sound field

reconstruction quality is assessed in terms of the NMSE by

comparison with the densely sampled measured sound field.

The radiation properties of the sources and how the model is

able to incorporate them are also investigated and linked to

the resulting sound field reconstruction error. Next, sound

zones with the transfer functions estimated by the sound

propagation model are created and the sound field control

performance is studied in terms of the achieved insertion

loss.

The parameter j ¼ 0:1 is used to solve Eq. (1), giving

more importance to the reduction of sound level in the dark

zone. The prior distributions were chosen to be weakly infor-

mative, a ¼ 1; b ¼ 10�2. They assert no strong prior knowl-

edge about neither the measurement error nor the spherical

harmonics coefficients a.

A. Model fitting and sound field reconstruction

In each zone 50 random “fitting sets” of NZ ¼ 1, 4, 16, or

64 measurement positions per zone (i.e., NM ¼ 2NZ) are

picked from the entire data set via Latin hypercube sampling

(LHS) in order to cover homogeneously the controlled area.47

Figure 3 shows an example LHS realization for NZ ¼ 4. We fit-

ted the sound propagation model and computed the perfor-

mance indices for each of these realizations individually.

Figure 4 shows the average and worst case NMSE [Eq.

(12)] of the 50 LHS realizations as a function of the number

of measurements per zone NZ and the truncation of the series

M. The NMSE is calculated between the reconstructed and

the measured transfer functions from all NL¼ 18 loud-

speaker to the dense grid of N� ¼ NB þ ND ¼ 1400 measure-

ment positions.

As a general trend, Fig. 4 shows that more modes and

more measurement positions lead to lower error, while

higher frequencies show higher error. However, this trend is

not followed in all cases. When M¼ 0, the error is equal for

all NZ, where only four parameters are inferred (s, d, and real

and imaginary parts of a0). Even using the least number of

measurement positions per zone NZ ¼ 1, the amount of trans-

fer functions is already 2NL due to individual contribution of

each loudspeaker, which leads to an overdetermined prob-

lem. Up to M¼ 3 and for any NZ, the model fitting procedure

is robust to the random measurement positions picked by the

Latin hypercube sampling, showing small differences

between the worst case error and the average error.

Using higher order modes do not always lead to a better

reconstruction. The error can increase at lower frequencies if

the number of measurements is small and the number of

modes is large [see Figs. 4(a) and 4(b)]. This is the result of

a combination of factors: First, the spherical Neumann func-

tions, that are part of the spherical Hankel functions of the

second kind, are singular at kr¼ 0, which translates to a high

condition number jðSTSÞ and therefore to an ill-conditioned

problem in Eq. (7) (see Fig. 5). Second, less data per inferred

parameter is available. Last, the use of more measurement

positions will give a better representation of the sound field

in the whole reproduction area, both close and further away

from the sources.

Figures 6 and 7 show the average spatial reconstruction

error of the 50 LHS realizations at 133 and 700Hz, respec-

tively. The error is calculated for different truncation num-

bers (from top to down in the figure, M ¼ 0, 1, and 4) and

different number of measurement positions per zone (from

left to write, NZ ¼ 1 and 4), using Eq. (12) without summing

over the dimension i (i.e., measurement positions). As it was

shown in Fig. 4, a monopole (M¼ 0) is a poor representation

of the sources, presenting errors between (�10, �6) dB and

(�0.5, 1) dB at 133Hz (Fig. 6, top row) and 700Hz (Fig. 7,

top row), respectively, in both zones. A higher number

of measurements per zone (NZ¼ 4) when M¼ 0 does not

improve the reconstruction significantly, agreeing with the

results in Fig. 4.

FIG. 4. (Color online) Average and worst case NMSE from 50 iterations of

LHS for NZ ¼ 1, 4, 16, 64 measurements positions per zone and M¼ 0, 1, 2,

3, 4 truncation number in Eq. (4). (—): Average. (- - -): Worst case (highest

NMSE).

FIG. 5. (Color online) (a) Spherical Neumann function. (b) Average condi-

tion number jðSTSÞ for all LHS realizations of NZ ¼ 1.
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Increasing the truncation to M¼ 1 (i.e., monopole plus

dipole) leads to a dramatic increase of the reconstruction

accuracy at 133Hz, with errors below -15 dB in the entire

reconstructed areas (Fig. 6, middle row). This is due to the

fact that the radiation properties of the sources can be

accounted for with the higher order terms. At 700Hz the

reconstruction is also improved compared to M¼ 0, with

errors up to �4 dB next to the sources (Fig. 7, middle row).

The error shows a well defined spatial pattern consequence

of the poor agreement between the source directional model

and the actual loudspeaker behavior.

When the truncation number is increased to M¼ 4, the

directional response at 700Hz is well modeled and the

reconstruction error drops below -5.5 dB in both zones (Fig.

7, bottom row). At 133Hz (Fig. 6, bottom row) the recon-

struction error is similar to that achieved when M¼ 1, but

there is an increase in the error close to the sources when the

number of measurements per zone is NZ ¼ 1, with values up

to 8 dB. This is due to the ill-conditioning of the problem in

Eq. (7) when the number of modes is high and the number of

measurements low (see Fig. 5). Increasing the number of

measurements per zone to NZ ¼ 4 reduces this error in the

vicinity of the sources, which is aligned with the results

shown in Figs. 4(a) and 4(b).

Artifacts in the form of vertical lines approximately

70 cm apart can be appreciated at low errors for M¼ 1 and

M¼ 4, especially at higher frequencies (Fig. 7). The reason

is an imperfect calibration of the microphone array due to its

positioning.

Figure 8 presents the normalized marginal posterior dis-

tributions, pðajhÞ, of the first two modes [Fig. 8(a)], the nor-

malized MAP amplitude of the different modes [Fig. 8(b)]

and the estimated directional response of the sources at dif-

ferent frequencies at 1m [Fig. 8(c)]. At higher frequencies

the loudspeaker becomes more directional [Fig. 8(c)] and

higher order modes play a significant role [Fig. 8(b)]. This is

the reason why, as shown in Figs. 4, 6, and 7, the error is

reduced at higher frequencies when adding higher order

modes to the sum, showing that a simple monopole represen-

tation (M¼ 0) is not sufficient for accurate reconstruction of

the radiation of these sources.

The marginal posterior distributions in Fig. 8(a) show a

larger variance for higher frequencies. This is due to an increas-

ing discrepancy between the model and the measurements, a

low amount of measurements relative to the wavelength and

the lower relevance of lower modes at higher frequencies [see

Fig. 8(b)].

B. Sound field control performance

The insertion loss obtained using the estimated transfer

functions at the entire dense grid of points in Fig. 2 is compared

with the reference insertion loss obtained using the actual mea-

sured transfer functions at the same grid of points. The esti-

mated transfer functions correspond to the same estimated

transfer functions used to calculate the error in Fig. 4. In both

measured and estimated cases, half of the transfer functions are

used to calculate the control weights w and the other half to cal-

culate the resulting insertion loss. Figure 9 shows the amplitude

of the resulting transfer functions ðhD þHDw and hB þHBwÞ
at 700Hz for the measured reference case and an example

using the estimated transfer functions forM ¼ 4; NZ ¼ 16.

Figure 10 shows the average and worst case insertion

loss of the 50 LHS realizations as a function of the number

FIG. 6. (Color online) Spatial error at 133Hz of the reconstructed transfer functions [ð1=NLÞ
PNL

j¼1ðjHj � Ĥ jj
2Þ=ðjHjj

2Þ]. for different truncation number in the

spherical harmonics model (M ¼ 0, 1, and 4) and number of measurement positions per zone (NZ ¼ 1 and 4).
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FIG. 7. (Color online) Spatial error at 700Hz of the reconstructed transfer functions [ð1=NLÞ
PNL

j¼1ðjHj � Ĥ jj
2Þ=ðjHjj

2Þ]. for different truncation number in the

spherical harmonics model (M ¼ 0, 1, and 4) and number of measurement positions per zone (NZ ¼ 1 and 4).

FIG. 8. Marginal posterior distribution, pðajhÞ, of the

amplitude coefficients am for the first two modes, calcu-

lated MAP amplitude coefficients a and estimated

directional response at 1m for NZ ¼ 16. (a) Posterior

joint and marginal distributions of the normalized

amplitudes of the first two modes [ja0j=maxiðjaijÞ and

ja1j=maxiðjaijÞ]. (b) MAP normalized amplitude

jamj=maxiðjaijÞ up to m¼ 4 for 100, 500, and 1000Hz.

(c) Estimated directional response of the loudspeakers

at 1m for 100, 500, and 1000Hz in dB summing all the

modes up toM¼ 4.
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of measurements per zone NZ and the modes included M.

The obtained insertion loss is directly related to the recon-

struction error of the transfer functions shown in Fig. 4. The

average insertion loss is equal to the reference measured

insertion loss (black line in the figure) at low frequencies for

all cases except M¼ 0. At higher frequencies the inclusion

of more modes in the model increases the insertion loss,

although it is not possible to get as high values as using the

measured transfer functions. Increasing the number of mea-

surement points slightly improves the insertion loss on aver-

age, but it noticeably reduces the difference between worst

case and average results especially at low frequencies.

Figure 10 clearly shows that a good sound zoning solution is

achievable with a small number of measurement points and

the use of a sound propagation model.

The insertion loss achieved using the reconstructed

transfer functions (see Fig. 10) is compared with the inser-

tion loss achieved if the control filters are calculated directly

from the sparse measured data points NM ¼ 2NZ. Figure 11

shows the frequency averaged insertion loss IL for the 50 LHS

for both approaches, where the columns labeled h refer to the

insertion loss achieved when the control filters are calculated

directly from the sparse measurements. To see the trend of the

estimated insertion loss with larger number of measurements

we include two extra cases NZ ¼ 128 and 256.

Using the reconstructed transfer functions, the insertion

loss increases by increasing the number of modes for a given

NZ, with IL > 7:5 dB for any case where M> 1. The vari-

ance between realizations is reduced when increasing the

number of measurements. Many more measurements are

needed to achieve similar insertion loss when the control

weights are calculated directly from the sparse measurement

positions. The performance is always below the IL obtained

with the reconstructed transfer functions for NZ ¼ 1; M ¼ 2

up to NZ ¼ 64 and it is not until NZ � 128 when using the

reconstructed transfer functions shows a worse performance.

This clearly shows the advantage of reconstructing the trans-

fer functions using the model if the number of measurements

is small.

The fact that the maximum IL for NZ � 128 without

using the model is higher than the reference (NZ ¼ 350) is

due to the effect of j in Eq. (1). For some of the cases, very

high IL can be achieved while the sound field in the bright

zone gets distorted.

FIG. 9. (Color online) Resulting transfer function field at 700Hz. Top:

Reference result using half of the measured transfer functions. Bottom:

using the model withM ¼ 4; NZ ¼ 16.

FIG. 10. (Color online) Average and worst case insertion loss from 50 itera-

tions of LHS for NZ ¼ 1, 4, 16, and 64 measurements positions per zone and

M¼ 0, 1, 2, 3. and 4 truncation number in Eq. (4). (—): Average. (- - -):

Worst case (lowest IL). Ref: IL using half of the dense grid of measured

transfer functions in Fig. 3 (NZ ¼ 350).

FIG. 11. (Color online) Insertion loss averaged over the studied frequency

range from 100 to 1000Hz (IL). The box plots show the median in orange

and the boxes extend from first to third quartile. The whiskers represent the

extreme cases (max and min). Bottom x axis: Number of measurement posi-

tions per zone NZ. Top x axis: Truncation number in the spherical harmonics

basisM. h: No model used. Ref: Insertion loss using half of the dense grid of
measured transfer functions in Fig. 3 (NZ ¼ 350).
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C. Insertion loss at sparse measurement points

The results shown in Secs. III A and III B are a conse-

quence of comparing the reconstructed transfer functions

with the measured transfer functions at a dense grid of

points. In practice, this would imply measuring hundreds of

transfer functions what is indeed what we are trying to

avoid.

The insertion loss at a few validation points is compared

to the insertion loss in the entire zone. Figure 12 shows the fre-

quency averaged insertion loss difference DIL ¼ IL� ILval

where ILval is the insertion loss at 50 LHS sets of NZ ¼ 1, 4,

16, 64, and 256 validation positions, independent from the

fitting positions (see Fig. 3), and IL is the insertion loss

using half of the measured transfer functions (NZ ¼ 350). It

can be observed that using a low number of validation

points the insertion loss is overestimated with deviations up

to 15 dB when NZ ¼ 1. Including more validation points,

ILval gets closer to the insertion loss at the entire controlled

zone. For all cases the lowest and more stable DIL corre-

sponds to M¼ 1.

IV. DISCUSSION

The insertion loss obtained using the reconstructed

transfer functions is lower than the insertion loss achieved

using a dense grid of measured transfer functions, which can

imply that there is room for improvement. The only parame-

ters fitted in the acoustic model in Eq. (4) are the complex

amplitudes of the modes. There are other factors that highly

influence the estimation of the transfer functions, such as

temperature11,12 and positions of individual microphones

and loudspeakers.15,34,48 These positions could be estimated

as well if necessary, even though more measurements would

be needed to fit these additional parameters.

The loudspeaker response is influenced by the arrange-

ment of the array,20 which suggests that independent models

for primary and secondary arrays could improve the recon-

struction. In addition there are some acoustic phenomena

happening in the experiment that are not captured by the

model. The secondary sources introduce scattering effects in

the sound field created by the primary sources. If the loud-

speaker box were a sphere of equal volume (i.e., radius

b ’ 7 cm), it would be noticeable above kb¼ 1 affecting fre-

quencies above approximately 750Hz.37

The difference between model and reality, also called

model discrepancy, can severely affect the resulting mar-

ginal posterior of the variance of the noise, as s will capture

both measurement noise and model discrepancy.49 Fig. 13

shows how the noise precision increases when the model dis-

crepancy is reduced (i.e., when more modes are used). This

effect can be attenuated with a good prior estimation of the

measurement noise and either setting s as a fixed parameter

or considering a more informative prior.

We assume that the measurements are affected by inde-

pendent noise of equal variance. However, it is possible to

include more complex sources of noise, such as external

background noise with spatial correlation between measure-

ments in the covariance matrix.

In previous works the sources were modeled as point

sources with a complex directivity50 or as a combination of

monopole plus dipole,5 where the acoustic center needs to be

found in a different measurement setup. Using spherical har-

monics the model is fitted in situ and there is no need for deter-

mining the acoustic center of the sources precisely. The error

of choosing a wrong center for the spherical harmonics is on

average compensated by adding more modes. Figure 8 shows

how at 100Hz and 1m the loudspeaker behaves as an omnidi-

rectional source moved to the front, compensating for the

assumption of having the acoustic sources located at the mid

points of the loudspeakers boxes.

A more informative prior of the parameters a can be

used to counter the ill-posedness introduced by high order

modes at low frequencies, reducing the number of measure-

ments to converge. This requires more precise a priori infor-

mation about the amplitude coefficients.

Low number of validation points tends to overestimate

the achieved insertion loss in the entire controlled area

according to Fig. 12. Techniques like optimal experiment

design could be used together with the proposed model, to

decide in which positions the transfer functions should be

measured in order to get the best experimental conditions.51

This could potentially reduce the number of measurements

needed both to fit the model and validate the sound field con-

trol performance.

We applied the sound propagation model and the fitting

of its parameters with Bayesian inference to the problem of

FIG. 12. (Color online) Frequency averaged IL difference DIL ¼ IL� ILval

of the 50 LHS. The box plots show the median in orange and the boxes

extend from first to third quartile. The whiskers represent the extreme cases

(max and min). Bottom x axis: Number of measurement positions per zone

NZ. Top x axis: Truncation number in the spherical harmonics basisM.

FIG. 13. (Color online) Average and worst case MAP of s from 50 iterations

of LHS for NZ ¼ 16 measurement positions per zone and truncation number

M¼ 0, 1, 2, 3, and 4 in the sum. (—): Average. (- - -): Worst case.

J. Acoust. Soc. Am. 146 (5), November 2019 Caviedes-Nozal et al. 3433



sound zones, but these methods can be employed for any

highly damped problem where transfer function have to be

reconstructed over a large area.

V. CONCLUSIONS

A spherical harmonics model has been proposed to

characterize the sound radiation of loudspeakers and

reconstruct the acoustic transfer functions in multichan-

nel reproduction systems based on multipoint or inverse

filtering methods. The approach was experimentally vali-

dated in a rectangular sound field control setup of 10 m2

at the frequency range [100–1000] Hz under anechoic

conditions.

The results show that reconstructing the transfer func-

tions with the proposed model can substantially improve the

performance of the system. The frequency averaged inser-

tion loss obtained using the reconstructed sound field with

the model from a few sparse measurements positions per

zone is always above the insertion loss obtained using the

same amount of measurements without the model, with

improvements up to 10 dB or more. The introduced method

considerably reduces the number of measurements needed to

have a good performance of the sound field control system.

Furthermore, the results indicate that a simple monopole or

monopole plus dipole model, as often assumed in the litera-

ture, is not sufficient to model the radiation of the loud-

speakers. Including higher order modes in the spherical

harmonics basis allows us to capture high frequency phe-

nomena and the directivity of the sources, improving the

reproduction performance.
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Abstract

The feasibility and the performance of controlling the low frequency sound of loudspeaker
systems under varying atmospheric conditions is examined experimentally. In the experiment,
a control subwoofer array is canceling the sound of a primary subwoofer array over long
distances (∼ 100 m) and in large areas (∼ 320 m2) using the pressure-matching method. To
avoid the measurement of the sound field over the entire control area, we introduce a sound
propagation model that is fitted in-situ to model the radiation properties of the loudspeakers
and the variation of speed of sound. The results show that the control system reduces the
sound pressure levels by up to 15–20 dB over the subwoofers frequency range. However,
the reduction can vary considerably depending on the specific atmospheric condition. The
model-based approach reduces the number of required measurements and achieves similar
reduction performance to the control based on direct measurements with considerably fewer
microphone locations while also being more robust. Additionally, the sound propagation
model enables the reduction of acoustic energy in virtual control zones that are far away
from the microphone location.

1 Introduction

The research area of sound field control is concerned with the active management of electro-acoustic sound
fields, by e.g. creation of independent sound zones (Choi and Kim, 2002; Chang and Jacobsen, 2012; Coleman
et al., 2014b), active manipulation of room responses (Heuchel et al., 2018b) or replication of complex spatial
sound fields using multichannel audio systems (Kirkeby and Nelson, 1993; Berkhout et al., 1993). However,
the study of these methods in outdoor conditions with large control areas has received almost no attention.

The control of extended sound fields outdoors poses two main challenges. First, the characterization of
loudspeaker responses over large spaces requires many microphone locations (Ajdler et al., 2006). Second,
variations of atmospheric conditions strongly influence the propagation of sound (Cheinet et al., 2018;
Caviedes-Nozal et al., 2019) and thus the actively controlled sound field. In the present work, we propose the
use of a sound propagation model for estimation of the loudspeaker responses over large areas and present
experimental results on the impact of atmospheric variations on the performance of a large outdoor sound
field control system. As a test case that mimics an amplified outdoor concert, we study outdoor sound field
control through the problem of reducing the sound of the loudspeaker system in a neighboring area.

Cancellation of sound has traditionally been the focus of the area of active noise control, where adaptive filters
continuously track the transfer-function between the reference signal and an arbitrary noise disturbance (Kuo
and Morgan, 1999; Elliott, 2001; Hansen et al., 2012). In this paper, we look at this problem from the sound
field control perspective, as the transfer-functions of the primary and control loudspeakers to the control zone
can be measured directly and a reference signal is readily available, i.e. all loudspeaker signals are derived
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from one common signal. The cancellation problem is in this case more similar to the problems discussed in
the areas of sound field reproduction and sound zoning (Betlehem et al., 2015), where specific sound fields
are synthesized by loudspeaker arrays. The synthesis of a target sound field over a point grid was first
investigated by Kirkeby and Nelson (1993) and is often referred to as pressure-matching, which has been
used extensively for sound zoning (Poletti, 2008; Chang and Jacobsen, 2012; Coleman et al., 2014a).

The pressure-matching method relies on the knowledge of the sound propagation between the loudspeakers
and the points in the control area. Outdoors, this propagation is dependent on atmospheric conditions.
For example, Cheinet et al. (2018) experimentally studied the outdoor propagation of sound over 50–450 m
in different wind conditions. The study shows large variations of both time of arrival and the magnitude
spectrum even in relatively stationary wind conditions. They note that propagation variations are the results
of a combination of effects and may not be reducible to any single atmospheric feature. A recent study
by Caviedes-Nozal et al. (2019) on sound propagation over distances up to 300 m also showed large variations
in propagation times. They note that such variations in the secondary path of an active control system might
make control with classical adaptive filtering techniques impossible, if not appropriately compensated.

There have been only few investigations of sound field control methods in varying atmospheric conditions.
Olsen and Møller (2017) describe that the characteristics of both the loudspeaker and the propagation medium
change with temperature, which leads to drastic performance reductions when control filters are tuned for
one condition and used in another. Betlehem et al. (2018) show that indoors, the late part of control filters
is especially sensitive to temperature changes. Active control of sound outdoors has mainly been studied
numerically (Wright and Atmoko, 2001; Nakashima and Hodgson, 2005; Berkhoff, 2005; Stein et al., 2019).

Regardless of the atmospheric conditions, sound field control requires accurate characterization of transfer-
functions between loudspeakers and the control area. Directly measuring the transfer-functions from a
multichannel loudspeaker system to an extended area might be infeasible, if many microphone locations
must be measured. Instead, a sound propagation model can be used to estimate the transfer-functions.
Previous studies have mainly used simple point source models (Zhu et al., 2017; Choi and Kim, 2002). Yet, it
has been recently shown (Caviedes-Nozal et al., 2019) that modeling the sound sources with higher order
spherical harmonics and estimating the corresponding mode coefficients from few in situ measurements leads
to significantly better results.

This work extends the body of knowledge with two main contributions. First, we experimentally demonstrate
the active control of sound outdoors, over long distances and large areas—to the authors’ knowledge for the
first time. We present the performance variations due to atmospheric changes of an application-sized sound
field control system in conditions typical for a daytime outdoor music festival. The demonstration system is
based on the pressure-matching method to cancel the sound from a primary loudspeaker array in a dedicated
control area. In the second contribution of this work, we introduce the use of a sound propagation model
based on recent work by Caviedes-Nozal et al. (2019) that enables practical large-scale control outdoors as it
reduces the required measurement effort considerably. We experimentally verify that such model-based sound
field control with sparse measurements can have similar performance to a classic control scheme with many
microphone locations in the control zone. We show that the model has the additional feature of enabling
deliberate placement of the control zone away from the physical microphone locations.

The rest of the paper is structured as follows: Section 2 describes the pressure-matching method, that
computes optimal control signals for the control loudspeakers, the sound propagation model, that estimates
the required transfer-functions, and the model fitting procedure, that computes the model parameters from
few measurements only. Section 3 presents a free-field simulation of the sound field control system that
gives an upper bound on the in practice achievable sound pressure reduction. Finally, Section 4 presents the
experimental results, which are discussed in Section 5.

2 Theory and Method

2.1 Pressure-matching

The layout of the control problem of the present paper is illustrated in Fig. 1. The optimal control filters
are those where the control sources’ sound field optimally cancel the sound field of the primary sources in
either control zone. The problem of obtaining the optimal control filters is solved with the pressure-matching
method (Kirkeby and Nelson, 1993) where the target field to synthesize is the inverted sound field of the
primary sources. Both primary loudspeakers and the control filters are fed with the same audio signal.
Pressure-matching is in this case equivalent to a matching of transfer-functions.
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evaluation locations

model fitting
locations

"audience area"

control loudspeakers primary loudspeakerszone 2 zone 1

Figure 1: The experimental setup. The control loudspeakers placed behind the audience area are canceling
the primary loudspeakers’ sound in the control zones 1 or 2. The sound field in each zone is evaluated at
100 microphone locations by ten measurements with ten microphones. The sound propagation model is
fitted with data from three microphone locations in each zone. A weather station keeps track of variations in
atmospheric conditions during and between the measurement sets.

Let hp ∈ C
N be the transfer-function between the primary loudspeaker array and the control zone, that is

sampled at N locations, and let Hs ∈ C
N×L be the transfer-function matrix between L control loudspeakers

and the same locations at a single frequency f . These transfer-functions may be obtained by direct
measurement or by estimation with a sound propagation model. The control loudspeaker signals are filtered
by a control filter w ∈ C

L. The total transfer-function of all control loudspeakers to the control zone sample
locations including the filtering is thus described by Hsw. The optimal complex control gains minimize the
combined transfer-function of primary and control loudspeakers in the control zone while keeping the control
filter gains at a reasonable level, i.e. they are the solution to the problem

min
w

{

‖hp + Hsw‖2
2 + δ ‖w‖2

2

}

, (1)

which can be expressed as (Hansen, 2010)

w = −
(

HH
s Hs + δI

)

−1

HH
s hp. (2)

The Tikhonov regularization term δ ‖w‖2
2 with parameter δ has two functions: First, it enables us to solve

the possibly ill-posed inverse problem by making the solution robust against noise in the measured transfer-
functions (Møller and Olsen, 2016; Coleman et al., 2014b). Second, it smoothly distributes the array effort
over the control loudspeakers and limits the magnitude of the resulting control gains. This way realizable
solutions where the control loudspeakers play in their approximately linear range can be found by tuning δ,
as non-linearity must be avoided for good sound field reproduction (Ma et al., 2018).

The optimization problem (1) can be efficiently solved for each frequency with a linear least-squares solver.
The discrete inverse Fourier transform of the frequency domain filters is a set of finite impulse response (FIR)
filters. The control loudspeaker driving signals are obtained by linear convolution of the audio signal with
the corresponding FIR control filters. The problem might also be formulated in the time-domain with causal
constrains, but the resulting convolution matrices in the least-squares problem become very large for larger
numbers of loudspeakers and microphones (Kirkeby et al., 1996; Schneider and Habets, 2019).

2.2 Sound propagation model

We propose the use of a sound propagation model that accounts for the directional properties of the
sources (Caviedes-Nozal et al., 2019) and which also accounts for a variable speed of sound to account for

3
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changes in the propagation of sound. We assume that the radiation by the loudspeakers is axi-symmetric, i.e.
it is rotationally symmetric around the polar axis (the axis traversing the center of the loudspeaker driver in
the normal direction). The transfer-function between a loudspeaker centered at the origin and a measurement
point r = (r, θ, φ) in spherical coordinates can then be modeled as (Jacobsen and Juhl, 2013)

ĥ(r, a) =

M
∑

m=0

amh(2)
m (kr)Pm(cos(θ)), (3)

where the time convention ejωtisusedandh(2)
m are the spherical Hankel functions of the second kind, a =

[a0, a1, . . . , am]T ∈ C
M+1 are the complex linear coefficients, Pm are the Legendre polynomials of order m,

M + 1 is the number of included modes, k = 2πf/c is the wavenumber, c =
√

γRT is the speed of sound in
air, T is the ambient temperature in Kelvin, γ = 1.401 is the specific heat ratio of air, and R = 287 J/kg K is
the universal gas constant. The first mode m = 0 is equivalent to a monopole model and the second mode
m = 1 is equivalent to a dipole.

In our experience, modeling outdoor sound propagation with (3) and a manually chosen temperature T is
not accurate enough for sound field control over a wide range of distances. Instead, we achieved good results
by modeling the temperature as frequency-dependent and estimating it from the measurement data. This
modeling choice accounts partly for the effective influence of both temperature and wind at the time of the
measurement through a variable speed of sound.

To fit the above model, we assume that all loudspeakers have the same radiation characteristics and model each
of them with the same parameters (a, T ). The parameters are estimated from transfer-function measurements
h ∈ C

KNs of K loudspeakers to Ns microphone positions. Assuming additive measurement noise n ∈ C
KNs ,

and with (3), the non-linear model to solve is

h = ĥ(a, T ) + n = S(T )a + n, (4)

with S ∈ C
KNs×(M+1) and

[S(T )]im = h(2)
m (k(T )ri)Pm(cos(θi)).

We treat a, T and n as stochastic variables and solve (4) by maximum a posteriori (MAP) estimation (Caviedes-
Nozal et al., 2019).

MAP estimation can be seen as likelihood maximization with regularization priors on the unknown variables.
We assume the prior distributions

a ∼ CN (µµµa, σ2
a
I), (5)

T ∼ N (µT , σ2
T ), (6)

n ∼ CN (0, σ2
n
I), (7)

σn ∼ N (µn, σ2
n) s.t. σn ≥ 0, (8)

with the normal distribution N and the proper complex normal distribution CN . The hyperparameters
(µ(·), σ(·)) denote the corresponding means and variances, and I is the identity matrix. The likelihood is the
distribution of the data given the unknowns and, from (4), it is modeled as

π(h | a, T, σn) ∼ CN (S(T )a, σ2
n
I)

∝ exp(−σ−2
n

||S(T )a − h||2). (9)

The posterior distribution of the model parameters given the measurement data is, by Bayes’ theorem,
proportional to the likelihood and the prior,

π(a, T, σn | h) ∝ π(h | a, T, σn)π(a)π(T )π(σn). (10)

The MAP estimate is the set of unknowns that maximize the posterior (10),

(a, T, σn)MAP = argmax
a,T,σn

π(a, T, σn | h). (11)

With (3) and (11), the transfer-function estimate of the fitted model from a source at the origin to any new
point r′ = (r′, θ′, φ′) is

ĥ′ = sTaMAP, (12)

with [s]m = hm(k(TMAP)r′)Pm(cos(θ′)).

4
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2.3 Metrics

Three metrics are used to evaluate the performance of the sound field control system. The average reduction
of the sound pressure level in a control zone is quantified by the insertion loss from the transfer-functions and
the control filter,

IL = 10 log10

(

‖hp‖2
2

‖Hsw + hp‖2
2

)

, (13)

or by direct measurement of the two terms in the ratio. The array effort

AE = 10 log10

‖w‖2
2

N
(14)

is a measure of the control signal power. A unit gain all-pass filter has array effort of 0 dB.

The error between the reconstructed and measured transfer-functions at each frequency is quantified with the
average of the normalized mean square error

NMSE =
1

MN

M
∑

i=1

N
∑

j=1

|hij − ĥij |2
|hij |2 . (15)

2.4 Experimental setup and measurement procedure

Figure 1 shows a plan of the experimental setup that mimics an open-air concert scenario. The positioning
of the primary loudspeakers resemble the subwoofer array of a concert loudspeaker system and two control
zones resemble noise-sensitive areas along the main beam of the linear array. The area directly in front of the
primary loudspeakers represents an audience area. The control loudspeakers are placed behind the audience
to reduce the sound field from the primary loudspeakers in either of these two control zones.

The primary and control loudspeaker arrays each consist of 10 subwoofers with a nominal frequency range
of 37–110 Hz and a cardioid-like radiation pattern. Each loudspeaker was driven by a separate amplifier
channel with a networked audio interface. The sound fields in the two control zones were each sampled at
100 microphone positions with a spacing of 2 m at a height of 1.6 m. In each zone, 10 free-field microphones
were connected to a signal conditioner and a networked audio interface. All devices were connected via an
audio Ethernet network to a computer that emitted the measurement signals and recorded the calibrated
microphone signals at 48 kHz.

The transfer-functions at 100 microphone locations in each zone were acquired by moving the 10 microphones
in each zone 10 times. During each measurement, five exponential sine sweeps were recorded sequentially from
each loudspeaker. The sweeps were one second long with a frequency range of 20–1000 Hz and 0.4 s post-silence.
The recordings were down-sampled to 600 Hz, the transfer-functions were computed by deconvolution in the
frequency domain and the result time windowed to increase the signal-to-noise ratio. We recorded sweep
measurements on three consecutive days using the same procedure. These three measurement sets are denoted
by TF1, TF2, and TF3 according to the day at which they where recorded. It took approx. 1–1.5 hours to
complete each measurement set, during which the atmospheric conditions varied. A weather station at 1.6 m
height recorded wind vector and ambient temperature during the measurements. These weather variations
are presented in Fig. 2.

The sound propagation model was fitted separately on each transfer-function set with data from only three
fitting microphones of either zone 1 or zone 2 (see Fig. 1). Each fitted model then predicted the transfer-
functions at the evaluation locations. The estimated transfer-function set based on data from day i and zone
j is labeled T̂Fj

i .

The MAP estimate (11) was computed for each frequency with Stan (Carpenter et al., 2017). The hyper-
parameters were chosen as σa = 200, σT = 2, σn = 1 for all frequencies and µ

a
= 0, µT = 20 and µn = 0 for

the first frequency. At each next frequencies, these means were set to the MAP estimate at the previous
frequency.

Control filters were computed for each combination of transfer-function sets and control zones according to
(1). For example, the filters labeled w(T̂F2

1, Z1) are computed from the transfer-function data T̂F2
1 and target

control zone 1. The frequency-independent regularization parameter δ = 103 was chosen manually such that
the array effort was approx. −1 dB for most cases, i.e. the control loudspeaker RMS amplitudes would on
average not be higher than the primary loudspeaker RMS amplitudes.

5



Large-scale sound field control outdoors

day 1
TF1

day 2
TF2

day 3
TF3

day 4
Eval.

19.0

19.5

20.0

20.5

21.0

21.5

22.0

T
em

p
er
a
tu
re

[◦
C
]

(a) Temperature distribution during measurements. The
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Figure 2: (Color online) Atmospheric conditions during transfer-function measurements (days 1–3) and
control evaluation measurements (day 4).

At day 4, we evaluated the sound field control system with the control filters that are computed from data of
the previous days. The sweep signal was preconvolved with the corresponding filter for each channel, played
back twice, recorded in the same way as the transfer-function measurements TF1, TF2, TF3 at the evaluation
locations and averaged.

3 Numerical results

A free-field simulation of the sound field control setup gives an approximate upper bound on the achievable
insertion loss and illustrates the sound field in and around the control zones.

A free-field complex-directivity point-source model (Feistel and Ahnert, 2007) computes the transfer-functions
at the microphone locations in either of the two zones with simplified frequency responses and directivity
that approximates the cardioid-like characteristics of the loudspeakers in the experiment. The control filters
are computed with regularization parameter δ = 103 leading to an average array effort of about −2 dB over
the loudspeakers’ frequency range.

Figure 3 shows the sound fields due to the primary loudspeakers, the control loudspeakers, and the superposition
of both fields. The control loudspeakers create an extended sound pressure level minimum in the focused
control zone 1 with a shadowing effect that extends further into zone 2. The average insertion loss over the
loudspeaker’s frequency range 37–110 Hz is 28 dB and 15 dB in zone 2. Clearly, the sound field is not reduced
everywhere. The loudspeakers create an uncontrolled interference pattern to the north, south, and east of the
control zones. The impact of the control loudspeakers onto the audience area in front of the primary array is
small due to the cardioid-like radiation pattern of the used loudspeaker model. In Fig. 3b, which shows the
real part of the pressure field, the control field in the control zone is close to the phase inverted field of the
primary loudspeakers, which explains the zone of reduced sound pressure behind the control loudspeakers.
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Figure 3: (Color online) Simulated sound fields. The control filters are optimized for cancellation in zone 1
(red square). The average insertion loss in the band 37–110 Hz is 28 dB in zone 1 and 15 dB in zone 2.

4 Experimental Results

Using the procedure described in Section 2.4, we measured the total transfer-function in both zones with
control filters for all combinations of transfer-functions and control zones. An additional measurement without
control loudspeakers enables the computation of the insertion loss (13), which is most meaningful in the
frequency range of the loudspeakers.

The first of the three following sections, Sec. 4.1, presents the performance of the control system when
microphone locations inside the control zone are used for the filter computation. Control in a virtual control
zone, where microphone locations in one zone are used to reduce sound in the other zone, is presented in the
Sec. 4.2. Sec. 4.3 compares the predicted and measured transfer-functions.

4.1 Insertion loss control zone with microphone locations

Figure 4a presents the experimental insertion loss when 100 microphone locations in the targeted control
zone are used directly for the filter computation. With target zone 1 (top figure), the control system achieves
16 − 20 dB of insertion loss in the loudspeakers’ frequency range (37 − 110 Hz) with filters based on TF1.
Significantly less insertion loss is achieved with filters based on transfer-functions from days 2 and 3.

Similar insertion losses are achieved with target zone 2 (bottom figure) except in the range 45 − 100 Hz where
the insertion loss for filter w(TF1, Z2) is reduced. The reason for the reduction in insertion loss might be a
large array effort: while all other computed filters have a similar array effort of approx. −1 dB, this particular
filter’s array effort is increased by about 3 dB in this range (not shown). The large array effort in this setting
indicates that the sound field is difficult to synthesize and might have led to either larger driver excursions
that imply stronger non-linearities or an under-regularized solution that is less robust.

Figure 4b displays the insertion loss for control filters that were computed from the model-estimated transfer-
functions. With target zone 1 (top figure), the insertion loss across days is on average larger with a smaller
maximum value in comparison to the case without the model. This indicates an increased robustness of
these model-based filters. With target zone 2 (bottom figure), model- and measurement-based filters lead to
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Figure 4: (Color online) Measured insertion loss with target zone 1 (Z1) or target zone 2 (Z2). A control
filter w is computed from either a transfer-function TF i measured at day i or an estimated transfer-function
T̂Fj

i where the sound propagation model was fitted using a subset of TF i in zone j.

similar insertion loss, but here, all model-based filters result in an array effort of approx. −1 dB and the filter
w(T̂F2

1, Z2) has a large insertion loss over the whole frequency range.

Another view on the reduction is given in Fig. 5, which shows the measured sound field over space for the
filter w(T̂F1

1, Z1). The sound pressure level is reduced in the whole cancellation area with some locations
being more or less reduced. This irregularity of the reduction comes from reflection paths that are different
from primary and control loudspeakers and thus difficult to cancel (cf. Fig. 7).

4.2 Insertion loss in virtual control zone

Figure 3 illustrated that the area of positive insertion loss can extend outside the targeted control zone into
the untargeted zone. The insertion loss created by this indirect control is presented in Fig. 6. The top figure
shows the insertion loss spillover in zone 1 from cancellation in zone 2. Insertion loss is lower than if the zone
was targeted directly. The bottom figure shows the insertion loss spillover from zone 1 into zone 2, which is
similar to the case where zone 2 is targeted directly (Fig. 4a) especially for the filters based on TF2 and TF3.

The sound propagation model can be fitted with locations in one zone and estimate the transfer-functions
at locations in the other control zone. Figure 6b shows the insertion loss for the filters that target such a
virtual control zone. In the top figure, the model is fitted with data from locations in zone 2 and estimates
transfer-functions in the virtual control zone 1. The insertion loss is similar to the case of direct control
(Fig. 4a) and significantly larger compared to the indirect control (Fig. 6a). In the bottom figure, the model
is fitted with data from locations in zone 1 and estimates transfer-functions in the virtual control zone 2.
Compared to direct control (Fig. 4a) and direct model-based control (Fig. 4b), the insertion loss is higher on
average with a smaller maximum reduction, which indicates that these filters are more robust and compared
to the indirect control (Fig. 6a), the insertion loss is larger.
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Figure 5: (Color online) Comparison of sound fields without and with control with filter w(T̂F1
1, Z1) optimized

for cancellation in zone 2 at f = 60 Hz.

Table 1: Normalized mean square error (NMSE) of transfer-function estimates averaged over the frequency
range 37–110 Hz.

NMSE (mean ± std)
zone 1 zone 2

T̂F1
1 −11.6 ± 1.7 −7.1 ± 2.0

T̂F1
2 −10.2 ± 1.8 −4.1 ± 2.0

T̂F1
3 −12.1 ± 1.6 −10.0 ± 1.6

T̂F2
1 −9.2 ± 1.8 −7.0 ± 2.0

T̂F2
2 −1.1 ± 1.2 −6.0 ± 2.2

T̂F2
3 −9.8 ± 2.2 −11.2 ± 2.0

In summary, Sections 4.1 and 4.2 showed that the proposed model-based sound field control produced either
1) approximately the same insertion losses as the measurement-based control method or 2) more robust filters
that have a larger insertion loss on average with less performance variation over the days, while requiring
significantly fewer measurements.

4.3 Sound field reconstruction

The model-based sound field control performs well, because the sound propagation model reconstructs the
most prominent components of the sound field: the direct sound. For example, Fig. 7 shows the measured
and reconstructed sound field and impulse response of one control speaker. In zone 1, a reflection shows up
both in the impulse response and the spacial interference pattern. The model reconstructs the direct part
of the impulse response accurately, but because the model is based on limited order spherical harmonics
centered at the loudspeaker locations, it is not able to model the reflection prominent in zone 1 that arrives
from another direction.
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Figure 6: (Color online) Measured insertion loss in zone 1 (Z1) and zone 2 (Z2) when only microphone
locations in other zone are available. A control filter w is computed from either a transfer-function TF i

measured at day i or an estimated transfer-function T̂Fj
i where the sound propagation model was fitted using

a subset of TF i in zone j.

Figure 7: (Color online) Examples of measured (TF1) and estimated (T̂F1
1) impulse responses and sound

fields at 60 Hz from a single control loudspeaker.
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Figure 8: (Color online) Normalized mean square error between the measured and estimated transfer-functions
in zone 1. The NMSE for other combinations of measurement set and zones show similar curves.

Table 1 summarizes the frequency averaged normalized mean square error (NMSE) of the transfer-function
estimates and Fig. 8 plots a selection of these NMSEs over frequency. In general, the NMSE increases with
frequency in the range of interest (37–110 Hz), because the sound fields and radiation characteristics of the
loudspeakers get more complex. Outside that range, NMSE is also high because the loudspeakers have low
output and the normalized error is dominated by noise. A comparison of Table 1 and Figs. 4, 6 reveals that,
surprisingly, models with lower NMSE do not necessarily perform better in the sound field control experiment.

The variations in atmospheric conditions during the measurements explain the variation of the model fit.
The large NMSE for TF2 might be due to the large temperature variation during this set and a wind blowing
from many different directions (see Fig. 2). TF1 and TF3 have similar temperature variations, but the wind
variations during TF1 were rather large, which might explain the larger errors in comparison to TF3.

5 Discussion

Of all filters, the ones based on day 1 measurements had the best insertion loss during evaluation at day 4,
probably due to the similar wind conditions at both days, see Fig. 2. Still, there was only mild wind at all days
with nearly similar temperatures, which highlights the sensitivity of control performance to small changes in
atmospheric conditions and the need for a control approach that adapts the control filters according to the
atmospheric variations (Heuchel et al., 2017).

Even in constant atmospheric conditions, large insertion loss is possible only as long as the control sound
field can approximate the primary sound field well. This is the case in the presented experiment, where the
direct sound of primary and control loudspeakers come from the same direction with minimal additional
reflections. In more complex, reverberant topologies, for example with nearby buildings, a majority of the
energy might be in the reverberant part of the impulse response, which might be difficult to reconstruct
accurately with the control loudspeakers (Heuchel et al., 2018a; Betlehem and Abhayapala, 2005). This
limitation also applies to the spherical harmonics propagation model that can only account for sound field
components that propagate outwards from the loudspeakers.

This study focused on the control of sound in the 2D plane, where 100 microphone locations per zone
might not be necessary for good performance with measurement-based control, but more than three will
be (Caviedes-Nozal et al., 2019). The presented methods can also be readily applied to explicitly control
sound over 3D spaces, where the sampling problem is especially extensive (Ajdler et al., 2006; Verburg and
Fernandez-Grande, 2018) and the reduction of microphone locations through the use of a sound propagation
model is even more useful.

At last, it should be noted, that a sound cancellation system like the one presented in this paper does not
reduce the total sound power emitted into the acoustic medium, but will most certainly increase it. Effectively
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decreasing the total output power of a sound source from a distance in three-dimensional space requires an
enormous number of control sources (Elliott, 2001).

6 Conclusion

This study investigated sound field control at large scales in the open. A sound propagation model, based
on higher-order spherical harmonics and a variable speed of sound, was introduced to the outdoor control
problem. The model can substantially reduce the number of microphone locations required for sound field
control maintaining a performance that is either on par with the control method based on direct measurements
or more robust against mismatch in atmospheric conditions. Additionally, it enables control in virtual zones
far from the microphone locations.

The study demonstrates that an active control system can significantly reduce the sound of a loudspeaker
system over large areas and distances using pressure-matching if atmospheric conditions during transfer-
function estimation and filter evaluation match. The study also shows that even moderate meteorological
changes can have a strong influence on the performance of outdoor sound field control systems.

The results of this study experimentally confirm that the large-scale control of sound fields outdoors is
possible and feasible. These outcomes hopefully encourage and inspire the research community to explore this
area further. Critical problems are, for example, the feasible control of sound in strongly reflective outdoor
environments or the adaptation of the control system to changing meteorologic conditions.
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Abstract

The performance of active sound field control solutions over extended areas is directly depen-
dent on the knowledge of the acoustic transfer-functions between the control loudspeakers
and control areas. Outdoors, the propagation of sound and thus these transfer-functions
are affected by atmospheric conditions and their variation. In this work we experimentally
investigate the effect of wind and temperature changes on transfer-functions. We present
the results of a measurement campaign, where transfer-functions and weather data were
gathered every 30 minutes for a time period of a week. The results show the impact of wind
(up to 4 m/s) and temperature (−3◦C to 3◦C) variations on the sound propagation over
distances of around 300 m. We discuss the results in relation to the outdoor control of sound.
We take advantage of the lower sensitivity of low-frequency sound to atmospheric variations
to propose simplified propagation models that account with sufficient accuracy for the effects
of such atmospheric variations.

1 Introduction

The effect of atmospheric conditions on sound propagation has been experimentally analyzed for many years
(see e.g. reviews (Piercy et al., 1977; Attenborough, 2002)). Accurate wind and temperature sensors have
enabled a complete analysis of outdoor sound propagation (Van Renterghem and Botteldooren, 2010; Cheinet
et al., 2018; Trikootam and Hornikx, 2019) that validated most of the theory of sound propagation (L’Espérance
et al., 1995; Chunchuzov et al., 2005; Swearingen and White, 2007; Daigle et al., 1978; Bass et al., 1991;
Ostashev and Wilson, 2015). In addition, there exists a plethora of forward sound propagation models that
may be used to predict the sound propagation outdoors, based, for example, on the Parabolic Equation (Gilbert
and White, 1989; Chunchuzov et al., 2005; Swearingen and White, 2007), the Fast Field Program (L’Espérance
et al., 1995) or solution in Finite Difference Time Domain (Dragna et al., 2014).

The present study is concerned with the impact of weather variations on large-scale outdoor sound field control
systems, for which variations in transfer-functions between loudspeakers and distant control locations can
have a detrimental impact on the control performance (Heuchel et al., 2020; Olsen and Mø ller, 2017). Ideally,
the control system should adapt to such variations by updating its transfer-function estimates according to the
current weather condition (Heuchel et al., 2017). This could be done in principle by continuously computing
these weather effects with aforementioned forward sound propagation models. However, there might be
two drawbacks that could make these methods impractical for the estimation of the transfer-functions in a
sound field control setup. First, they require very accurate information about the atmospheric conditions (i.e.

∗The first two authors contributed equally to this work.
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sound speed gradients and turbulence measurements) as well as information on the topography and ground
impedance to accurately match experimental results even at low frequencies. Second, the computational
burden of these methods rapidly scales up with propagation range, which can become problematic if the
model has to be run recurrently in order to adapt the transfer-functions to new conditions.

In this manuscript, we experimentally characterize outdoor sound propagation with the hope to find simplified
models of the sound variations that can be used in the sound field control context by taking advantage of the
lower sensitivity of low-frequency sound to atmospheric variations. These models can be used to reduce the
problem of outdoor sound propagation variation to a more manageable set of parameters. Thus, they could
be applied in later stages for fast predictions of the transfer-functions in sound field control systems without
the computational burden of the aforementioned forward models.

In the experiment, sweep measurements from two loudspeakers were recorded at four microphones over 5
days, while the weather conditions were recorded at a weather mast at multiple heights. The experimental
part of this study is somewhat similar to the more thorough study of Cheinet et al. (2018), which investigated
the variation of shot noise in down-, up- and crosswind conditions.

In two previous publications (Heuchel et al., 2020; Caviedes-Nozal et al., 2019), the authors presented a
method for modeling the sound field from multiple loudspeakers. In this method, the source radiation of
all loudspeakers is modeled by a spherical harmonics model. In the present paper, it will be investigated if
this model is in principle able to represent the varying sound propagation conditions encountered during the
measurement campaign.

The manuscript is structured as follows: in Sec. 2 a brief introduction to outdoor sound propagation and
active control of sound is presented. In Sec. 2.4 the experimental setup is explained. Section 3 is the core of
the study and presents the main results: Secs. 3.1 and 3.2 show the weather data and the transfer-function
data gathered during the measurement campaign. In Sec. 3.3 the structure of the transfer-functions variations
is analyzed. The measured transfer-function variations are modelled as a delayed and gain transformation of
a single measured reference transfer-function. In Sec. 3.4 the relationship between these delays and gains
and the weather features is investigated. A linear model of wind and temperature variations is proposed to
estimate the optimal delay and gain from weather measurements. Sec. 3.5 analyses the impact of the weather
variations on a hypothetical sound field control system and presents results when the control system would be
compensated with help of the delay and gain model. Section 3.6 investigates the fit of the spherical harmonics
model. Finally, Sec. 4 discusses the results and Sec. 5 concludes with the most relevant findings.

2 Method

2.1 Theory of outdoor sound propagation

The propagation of low-frequency sound in the atmospheric surface layer (close to ground) is mostly affected
by three factors: temperature, wind and, to a lesser extent, specific humidity. A common approximation of
the wave equation in such an inhomogeneous moving fluid at low Mach’s numbers is (Godin, 2002)

∇2p

ρe

+
ω2

ρec2
e

p = 0, (1)

where ω is the angular frequency, p is the pressure, and ρe and ce are the local effective speed of sound and
the local effective density respectively, defined as

ce = c + w · u = c + we, (2)

ρe = ρc2/c2
e. (3)

Here, u is the unit vector in direction of wave propagation, w is the wind vector, we = w · u is the component
of the wind in the direction of sound propagation, ρ is the equilibrium density of the propagation medium,
and

c =
√

γaRaT (1 + 0.511q) (4)

is the adiabatic speed of sound (Ostashev and Wilson, 2015), where γa = 1.40 is the ratio of specific heats for
dry air, Ra = 287.058 m2 s−2 K−1 is the gas constant for dry air, T is the local temperature in Kelvin and q
is the specific humidity.

Eq. (1) holds for w

c
≪ 1 and describes that the local speed of sound is affected by the local temperature

and wind. The concept of an effective speed of sound (Eq. (2)) is widely used in numerical sound propa-
gation methods to calculate sound speed profiles and account for refraction, for example in the Parabolic
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Equations (Gilbert and White, 1989; Chunchuzov et al., 2005; Swearingen and White, 2007), Fast Field
Program (L’Espérance et al., 1995) or Finite Difference Time Domain (Dragna et al., 2014).

In the near-ground atmosphere, wind and temperature usually present a strong stratification, and they are
both often considered functions of only height, i.e. T (z), w(z) (Ostashev and Wilson, 2015, 15). According to
Eq. (2), the speed of sound is therefore also stratified and the direction of sound propagation changes over its
path. This effect is known as refraction. Fig. 1 illustrates the sound refraction due to temperature and wind
stratification. If the temperature gradient is positive or the wind blows in the direction of wave propagation,
the sound gets refracted downwards (Fig. 1a). Likewise, if the temperature gradient is negative or the wind
blows opposite to the direction of wave propagation, the sound gets refracted upwards (Fig. 1b). ”Downward
refraction is normally associated with enhanced sound levels, whereas upward refraction is associated with
diminished levels. However, these expectations do not always hold. For example, sound levels may actually
be elevated near the boundary of a refractive shadow zone, due to the presence of a caustic there.” (Ostashev
and Wilson, 2015, 16).

(a) Refraction due to positive temperature gradient and/or
downwind

(b) Refraction due to negative temperature gradient and/or
upwind

Figure 1: Refraction due to wind and temperature.

In summary, it is expected that an increase in temperature or a wind in the direction of sound propagation
will increase the effective speed of sound and therefore decrease the time of arrival of a sound wave. Moreover,
a positive effective wind can increase the sound pressure level due to refraction, and vice versa.

2.2 Transfer-function errors in adaptive and fixed filter active control of sound

We are interested in the effect of weather variations on the performance of a sound cancellation system, where
a primary loudspeaker creates a sound, and secondary loudspeaker is tuned with a control filter to cancel the
sound at a control microphone. The cancellation problem can be solved with a fixed filter or an adaptive
filtering (Elliott, 2001) approach, which both have their own criteria for successful reduction. In the following,
the cancellation problem is presented first and afterwards these criteria are reviewed.

In frequency domain, let a signal be marked by dependence on the angular frequency ω and a linear-time
invariant system marked by dependence on jω. Let P (jω) and C(jω) be the primary and secondary path
transfer-functions to the cancellation point, S(ω) be the excitation signal, W (jω) be the control filter that is
applied to the excitation signal before it is fed to the control loudspeaker and N(ω) be zero mean background
noise at the control point with variance E{|N(ω)|2} = σ2(ω). The signal at the control point is then

E(ω) = P (jω)S(ω) + W (jω)C(jω)S(ω) + N(ω). (5)

If all paths are time invariant and the secondary path is invertible, then one may first measure estimates P̂
and Ĉ to then compute the fixed control filter via pressure-matching

Ŵ = −(|Ĉ|2 + λ)−1Ĉ∗P̂ , (6)

where λ is the Tikhonov regularization parameter that regularized the filter at frequencies where the secondary
path has low magnitude. The average reduction in sound pressure level (SPL) is quantified by the insertion
loss

IL = E

{

|P + N |2

|P + ŴC + N |2

}

=
|P |2 + σ2

|P + ŴC|2 + σ2
, (7)
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where the dependency on the frequency is omitted here and in the following for the sake of brevity. The
reduction is limited by the background noise σ2 and the accuracy of the estimates P̂ , Ĉ that constitute the
control filter Ŵ . In order to produce a 10 dB reduction in SPL in the absence of noise, the control filter Ŵ
must not deviate more than ±2.5 dB or ±20◦ from the optimal filter W = −P/C (Nelson and Elliott, 1993,

15). This implies that the errors in the path estimates P̂ and Ĉ should be even lower, preferably each below
±1.25 dB or ±10◦ for a guaranteed 10 dB reduction.

If the primary path is slowly varying and the secondary path is fixed, the filtered-x Least-Mean-Square
(FxLMS) algorithm may be used to update the control filter Ŵ according to these variations. The FxLMS
algorithm approximately converges to an optimum, if the maximum phase difference between the actual and
the estimated secondary path does not exceed 90◦ at any frequency. Differences below 45◦ only have a small
influence on the convergence speed (Boucher et al., 1991).

These limits for the fixed and the adaptive filtering approach will help us in the following to evaluate the
impact of the variations of transfer-functions onto the control performance.

2.3 Estimation of signal-to-noise ratios

In frequency domain, let X be the deterministic system input and Ŷ = Y + N be the system output that is
corroded by the zero-mean noise N with variance σ2 that includes both additive noise, e.g. from a nearby
street or wind noise, and decorrelation effects due to turbulence, which can be modeled as Gaussian at low
frequencies (Bass et al., 1991). The cross and auto-spectra estimates from N measurement repetitions are

Sxŷ = 1
N

∑N

n=1 XŶ ∗

n and Sxx = 1
N

∑N

n=1 |X|2 = |X|
2

for the discrete Fourier transforms X = DFT{x} and

Ŷn = DFT{ŷn} of the sweep signal x and the N recorded responses ŷn. The coherence and signal-to-noise
(power) ratio estimates are respectively

γ2
xy =

|Sxŷ|2

SxxSŷŷ

, SNR =
γ2

xŷ

1 − γ2
xŷ

=
Syy

σ2
.

The noise variance can be approximated by the estimate σ̂2 = Sŷŷ/SNR, because the actual auto-spectrum
Syy is not available. This holds if Syy ≫ σ2.

2.4 Experimental setup

The experimental setup is shown in Fig 2. Two subwoofers (LS1, LS2) with nominal frequency range
37–115 Hz and four wind shield protected, free-field microphones (MIC1-MIC4) were separated by 170-300 m
of flat grassy meadow at DTU National Laboratory for Sustainable Energy in Risø, Denmark. An Ethernet
network connected the audio interfaces at the microphones and at the loudspeakers to a PC that created the
loudspeaker signals and recorded the microphone signals. Multiple weather sensors recorded the condition of
the atmosphere at a weather tower: ultrasonic anemometers and thermometers at 18, 31, 44, 57, and 70 m
measured wind speed, wind direction, and temperature. An additional station measured relative humidity,
rainfall and temperature at 2 m.

During 5 days, from 8 am to 5:30 pm, transfer-functions were measured every 30 minutes first from LS1, then
LS2. Each of these measurement sets consisted of 10 repetitions of 10 s full-range exponential sine sweeps. 77
measurement sets were recorded that total to 770 sweep recordings for each source.

For the analysis, the recordings were processed as follows: the recordings were down-sampled to 500 Hz and
transfer-functions were computed by deconvolution of the microphone signals with the excitation signal. To
reduce the noise, the impulse responses were clipped after 1.5 s, multiplied in time-domain with a α = 0.05
Tukey window, and multiplied in frequency domain with two half-open Hann windows over the frequencies
20–25Hz and 240–250Hz.

The weather sensors sampled the weather conditions at 50 Hz. The data was synchronized with the sweep
measurement and averaged over the length of each sweep. This created one weather data point for each
sweep measurement.
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Figure 2: Experimental setup at the Risø campus wind park of the Technical University of Denmark. Top:
positions of loudspeakers, microphones and the weather station. Lower left: microphone MIC4 at 1 m height
(the ground microphones are not used in this study). Lower right: loudspeaker LS2 with weather mast in the
background.

3 Results

3.1 Weather data overview

A summary of the weather conditions during the measurement week is given in Fig. 3 where each data point
corresponds to an average weather condition during one of the 77 measurement sets. Temperatures at 2 m
varied from +4◦C to -4◦C. Wind speeds at 18 m varied from near zero to 4 m/s with wind coming most
often from North-East in the adverse direction to the sound propagation, i.e. sound was mostly propagating
up-wind. There was no rain or snowfall during the week.
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Figure 3: Average weather conditions during each measurement set. Effective speed of sound is calculated
using Eq. (2). Green star is the reference condition.

3.2 Transfer-functions measurements overview

To analyse the loudspeaker-air-microphone system in terms of transfer-functions and impulse responses, we
first verify that the system can be approximated as linear and time invariant (LTI) over the duration of the
N = 10 sweep measurements. We will regard the system as LTI, if the signal-to-noise ratio estimated from
the sweep repetitions can be regarded as high.

The variation in the measured impulse responses is illustrated for the loudspeaker microphone combinations
LS1-MIC2 and LS2-MIC2 in Fig. 4. The responses in time domain illustrate the variation of the time-of-arrival
and the magnitude responses show the variation of the system gain. The next section takes a closer look at
the structure of these variations.

The SNR estimates for the two longest propagation paths of each loudspeaker are shown in Fig. 5. The figure
on the left hand side depicts the SNR averaged over the 77 measurement sets versus frequency. Clearly, the
sound of loudspeaker LS1 is lower and the effect of de-correlation due to turbulence is larger in comparison
to loudspeaker LS2 which is closer to the microphone MIC2 (which is observed in Fig. 4). Thus, the SNR for
LS1 is on average lower than for LS2. The average SNR from both loudspeakers is used to compute a noise
variance estimate σ̂2 for use in Eq. (7).

The right hand side of Fig. 5 shows the frequency averaged SNR during each measurement set versus the
average wind speed. The graph illustrates that larger wind speeds decrease the achievable signal-to-noise
ratio due to decorrelation or wind noise around the microphone. Overall, the average SNR is well above 15
dB for most of the measurement sets. We use this as an indication that during the sweep measurements
of 100 s duration, the system is approximately linear and time invariant. With this approximation, we look
in the rest of this paper at the average responses from the 10 sweep measurements, thereby increasing the
effective signal-to-noise ratio of the estimates P̂ and Ĉ by a factor 10. This means that these estimates have
at least 25 dB of SNR.

With the LTI assumption at hand, we can analyse the system responses in terms of transfer-functions H(jω).
For later use, let us choose the measurement set with the lowest wind speed as the reference measurement.
This is the 11th measurement set which also has the largest SNR. The reference is marked in Figs. 3 and 5.
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Figure 4: 77 measured transfer-functions together with the response from the reference measurement. Left:
impulse responses. Right: magnitude responses.
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Figure 5: Estimates of signal-to-noise ratio. Left: mean SNR over all measurement sets for two loudspeaker-
microphone combinations together with SNR for the reference measurement set. Right: SNR over wind speed
for each measurement set.

3.3 Parameterization of transfer-function variations

The variation of the transfer-functions at all time or frequency points is high dimensional and thus rather
complex. To reduce this variation space, we propose to model the transfer-functions H(jω) of each measurement
set as a time-delayed and gain corrected version of the reference response Href(jω) with separate time delays
∆t and gains g for each combination of measurement set, loudspeaker and microphone. This is illustrated in
Fig. 6. Each measured response is delayed and gain compensated such that it is most similar to the reference
response Href(jω).

The idea is to find the optimal time delay ∆t and frequency-independent real gain g, such that the output y(t)

of the real, perturbed system H(jω) and the output ŷ(t) of the compensated model Ĥ(jω) = Href(jω)ejω∆tg
are most similar, i.e.

min
∆t,g

E(|y(t) − ŷ(t)|
2
). (8)
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Figure 6: Modelling the variations in the measured transfer-functions H by a delay and gain adjustment of
the reference transfer-function Href. The optimal parameters ∆t, g minimize E{|e(t)|

2
} for a signal x(t) with

constant power spectrum.

For a continuous random signal x(t) with flat magnitude spectrum, and with the assumption that the weather
condition is constant during a single measurement set, this problem is equivalent to the optimization problem

min
∆t,g

∫

∣

∣H(jω) − Href(jω)ejω∆tg
∣

∣

2
dω. (9)

Eq. (9) is non-convex in ∆t and linear in g. First, the optimal ∆t is found by the maximizer of the cross-
correlation of the corresponding impulse responses, ∆t = maxτ (h⋆href)(τ), and then g is found by minimizing
a least square problem.

The optimal time delays and gains of problem (9) are shown in Fig. 7 for each measurement set. The time
delay, shown on the left hand side, varies during the measurement campaign by up to 20 ms for LS1 and by
up to 15 ms for LS2. During a single measurement set, the variations are much smaller than 1 ms for most
measurement sets: with a few exceptions with variations up to ±2.5 ms, e.g. measurement set 3. The gain,
shown on the right hand side, varies from -3 to 2 dB with up to ±1 dB variations during a single measurement
set.
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Figure 7: Parameters of the transfer-function variations. Left: the optimal time-delay ∆t that represents the
time-of-arrival variation. Right: the optimal real gain g that represents changes in the magnitude response.
The markers represent the mean values over the 10 sweep repetitions and the error bars indicate the maximum
and minimum values.

Fig. 8 shows the magnitude errors |H/Ĥ|, phase errors ∠(H/Ĥ) and total relative errors |H − Ĥ|/ |H| of this
parameterization over frequencies and measurement sets. For LS1, the magnitude error is smaller than 1 dB
below 100 Hz, the phase error is below π

8 rad below 150 Hz and the relative error is below -15 dB up to 100 Hz
for most measurements. For LS2 the results are extended for the same error bounds and frequency range.
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This shows that the simple parameterization model presented in Fig. 6 can represent most of the weather
variations for frequencies below 100 Hz and the given setup. Note that there is an effect visible that increases
(e.g. sets 12-43) or decreases (e.g. sets 2-6, 43-45) the system gain considerably above 100 Hz that is not
represented by this parameterization.
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Figure 8: Errors of the model Ĥ = Hrefe
jω∆tg compared to measured H. Left: magnitude errors |H/Ĥ|.

Center: phase errors ∠(H/Ĥ). Right: total relative errors |H − Ĥ|/ |H|.

3.4 Relation between transfer-function changes and weather variation

In the previous section it was shown that the variations of the transfer-functions at the measured locations
can be approximately represented with a simple model. In this section, the parameters g and ∆t are related
to the weather conditions.

Fig. 9 shows the Pearson correlation coefficient R between the parameters ∆t and g and the average weather
features measured at the weather mast during each measurement for the pair LS1-MIC2. Other loudspeaker-
microphone combinations have essentially the same correlation behavior. The figure shows that ∆t is strongly
positively correlated with we and negatively correlated with T . Both of these effects are included in the
effective speed of sound ce, which is highly correlated with ∆t, especially at the lowest height (R = −0.93).
The gain g is most strongly correlated with the effective wind we at the lowest height (R = 0.85). From a
first look, this chart indicates that a single weather sensor at a low height is most relevant for the estimation
of ∆t and g.

In an ideal homogeneous medium, ∆t is linearly dependent on ce and therefore well modeled by a linear
model of effective wind and temperature. Figure 10 shows ∆t as a function of effective wind and temperature
variations together with a linear regression of that data, with ∆T = T − Tref and ∆we = we − weref. The
linear regression model displays a fair agreement to the time delay. This indicates that ∆t may in practice be
estimated from wind speed and temperature measurements at a single height.

Figure 11 shows the gain g as a function of the effective wind speed variation. In this case, the dependence on
temperature is not considered as they are practically uncorrelated (cf. Fig. 9). As a general trend, g increases
when the sound propagates downwind and decreases if it propagates upwind. This is in accordance to the
refraction effect. A linear model is for this case not as accurate as it was for the estimation of the delay ∆t.
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Figure 9: Pearson correlation coefficient between transfer-function variation parameters of the pair LS1-MIC2
and weather features. From left to right or top to bottom: gain g, time delay ∆t, relative humilidy RH,
temperature T , wind along the sound propagation direction we, effective speed of sound ce = c + we.
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Figure 10: Time delay ∆t as function of temperature and effective wind speed changes.

Figure 11: Gain g as a function of the effective wind speed changes.
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3.5 Impact on sound field control

In the last two sections, it was suggested that the variation in transfer-functions can be approximately
modeled by a simple two parameter transformation of a fixed reference transfer-function Href. The two
parameters ∆t and g can be estimated from the effective wind speed and the temperature using simple linear
models. This section investigates the impact of the transfer-function variations on a sound field control
setup and proposes a strategy for reducing this impact using the concepts introduced in Secs. 3.3 and 3.4.
Note that the following control results are not measured but simulated using the measured transfer-functions.

Let the sound of loudspeaker LS1 be canceled at microphone MIC2 using the loudspeaker LS2. Let P and C
be the primary and secondary paths during any given measurement set. If these paths are perfectly known,
the control filter for each measurement set is W = −(|C|2 + λ)−1C∗P . The insertion loss, given by Eq. (7),
is shown for this case in Fig. 12 (a) for λ = 1. This result is considered the best possible cancellation. The
insertion loss is stable and limited only by the noise variance σ2 and the non-zero regularization parameter λ.
This particular value of λ is chosen such that the control filters are causal and decay sufficiently quickly to
avoid circular convolution effects (Kirkeby et al., 1998). The same λ is chosen for the cases that follow.

If only a single reference measurement is available, only the control filter W = −(|Cref|
2 + λ)−1C∗

refPref can
be computed. Figure 12 (b) shows the insertion loss with this fixed filter, where it can be observed that the
reduction is strongly dependent on the weather condition in this case. For example, sound is mostly increased
instead of decreased around measurements 45 and 60, where ∆t was especially large (cf. Fig 7).

If a reference measurement and the optimal parameters ∆t and g for each measurement are available
for both primary and secondary paths, then the compensated transfer-functions P̂ = Prefe

jω∆tP gP and
Ĉ = Crefe

jω∆tC gC can be used to compute the filters W = −(|Ĉ|2 + λ)−1Ĉ∗P̂ for each measurement set. The
corresponding insertion loss is shown in Fig. 12 (c), where it can be observed that the compensation leads to
positive and stable insertion loss at all measurement sets.

The optimal ∆t and g are only known from a measurement of the transfer-functions. If the linear models

of Figs. 10 and 11 are used to estimate parameters ∆̂t, ĝ from the current wind and temperature, then

the compensated transfer-functions are P̃ = Prefe
jω∆̂tP ĝP and C̃ = Crefe

jω∆̂tC ĝC . The control filter W =
−(|C̃|2 + λ)−1C̃∗P̃ achieves the insertion loss of Fig. 12 (d). Compared to the fixed filter case, this insertion
loss is improved for most weather conditions and relatively stable.

In summary, this section showed that transfer-function variations due to weather changes can have a
detrimental impact on fixed filter control of sound over long distances. The transfer-functions variations
can be modeled by a simple transformation of a single reference transfer-function. Using these transformed
transfer-functions for the computation of the control filter results in a stable control performance. However,
the optimal parameters ∆t and g are not known. Estimating them from wind and temperature measurements
using simple linear model leads to a large improvement in insertion loss relative to the fixed filter case. In
any case, the transfer-functions need to be measured in advance in order to fit the proposed linear models.
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Figure 12: Predicted insertion loss obtained at MIC2 location applying different strategies to calculate the
control filters. From left to right: Optimal filters, filters calculated from reference measurements, reference
filters with optimal delay and gain compensation, reference filters with delay and gain compensation estimated
from the weather measurements.

3.6 Modeling sound propagation at multiple microphone locations

In the previous subsections we showed the possibility of estimating the transfer-functions variations from
temperature and wind data based on a linear model. In order to apply this approach to a sound field control
system, the characterization of the variation of the transfer-functions is needed before the system is used. This
implies the measurement of multiple transfer-functions in multiple conditions in order to fit the linear model
and then use it as a forward propagation model. In addition, each loudspeaker-microphone combination
presents different linear model coefficients (see Figs. 10 and 11).

In this section we investigate the capability of estimating the transfer-functions at several locations simulta-
neously with the same propagation model based on a monopole model defined as

Ĥ(jω, r) = A(jω)
e−jkr

r
, (10)

where r is the distance between the loudspeaker and the microphone, k = ω
c

is the wavenumber, c the speed
of sound and A is the magnitude. Both A and c are unknown and estimated for each measurement set. The
monopole model is a valid far field approximation of any of the orders of the spherical harmonics model
presented by the authors in (Caviedes-Nozal et al., 2019)

Ĥ(jω, r) ≃
M

∑

m=0

amh(2)
m (kr)Pm(cos(θ)), (11)

as it is detailed in (Jacobsen and Juhl, 2013, 196). The results in this section serve as analysis of the suitability
of (11) for the estimation of transfer-functions in outdoor conditions at both measured and virtual locations.

In (11) θ is the polar angle, φ the azimuth angle, k is the wavenumber, r is the radial distance, h(2)
m are the

spherical Hankel functions of the second kind, am ∈ C are the coefficients of the spherical harmonics basis
and Pn

m are the Legendre polynomials.
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In this study, the speed of sound is modeled in two ways: frequency independent and frequency dependent.
In the frequency independent case, the propagation corresponds to that in homogeneous conditions where the
speed of sound is a shared variable over frequencies. In essence it is similar to the delay adjustment presented
in Figure 6. In the frequency dependent case, the speed of sound is estimated for each frequency (i.e. c(ω)).

The model with frequency dependent and frequency independent speed of sound, is used to estimate the
transfer-functions between both loudspeakers and MIC2, as it is done in Sec. 3.3. The transfer-functions to
MIC2 are estimated for two situations: 1) The measured data used to fit the model include the transfer-
functions from both loudspeakers to the desired location MIC2, and 2) the measured data used to fit the
model do not include the measured transfer-functions at MIC2. This way we can investigate the potential of
the model to estimate the transfer-functions at virtual locations.

Figure 13 shows the phase error (∠(H/Ĥ)) over frequency and measurement set. The top row subfigures
((a)-(d)) show the model estimation error when the speed of sound is considered frequency dependent (i.e.
c(ω)). The bottom row subfigures ((e)-(h)) show the model estimation error when the speed of sound is
considered frequency independent. The four left-most subfigures ((a), (b), (e) & (f)) show the estimation
error when the measured transfer-functions at the MIC2 are considered in the data used to fit the model. The
four right-most columns ((c), (d), (g) & (h)) show the estimation error when the measured transfer-functions
at MIC2 are not considered in the fitting data.

Figure 13 shows that the frequency dependent speed of sound increases the accuracy of the phase estimation.
The frequency independent speed of sound model ((e)-(h)) presents difficulties to properly characterize the
phase above 150 Hz, specially in the first 10 measurement sets for the transfer-function LS1-MIC2. Introducing
the frequency dependent speed of sound, the phase error estimation is considerably reduced (below π

8 in the
entire frequency range in the case that the transfer-functions measured at MIC2 are used to fit the model).
The error estimation at MIC2 when the measured transfer-functions at MIC2 are not used to fit the model is
quite consistent with the estimation error if the transfer-function to MIC2 are part of the data used to fit the
model ((a) & (b)), specially at shorter distances (LS2-MIC2). These results show that it is possible with this
propagation model to reconstruct the transfer-functions’ phase at virtual locations with a low and consistent
estimation error.

Compared to the estimation error presented in Fig. 8, the monopole model extends the good reconstruction
at higher frequencies.

Figure 14 shows the total relative error (|H − Ĥ|/ |H|) over frequency and measurement set. The top
row subfigures ((a)-(d)) show the model estimation error when the speed of sound is considered frequency
dependent (i.e. c(ω)). The bottom row subfigures ((e)-(h)) show the model estimation error when the speed
of sound is considered frequency independent. The four left-most subfigures ((a), (b), (e) & (f)) show the
estimation error when the measured transfer-functions at the MIC2 are considered in the data used to fit
the model. The four right-most columns ((c), (d), (g) & (h)) show the estimation error when the measured
transfer-functions at MIC2 are not considered in the fitting data.

Results in Fig. 14 show similar pattern than the phase error shown in Fig. 13. The frequency independent
speed of sound model ((e)-(h)) presents large reconstruction errors above -5 dB for frequencies above 100 Hz.
Again, the first 10 sets of measurements are the most problematic. When the frequency dependent speed of
sound is used ((a)-(d)), the error is below 0 dB for almost the entire frequency and measurement set range.
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Figure 13: Phase estimation error at location MIC2 using the monopole model.
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Figure 14: Relative estimation error at location MIC2 using the monopole model.
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4 Discussion

The results of this study indicate that a simple delay and gain transformation may approximately represent
most of the transfer-function variations at low frequencies (Secs. 3.5). Furthermore, a single simple monopole
model may approximately represent the radiation characteristics between two loudspeakers and 4 microphones
also over long, varying distances (Secs. 3.6). This gives some hope for the use of model-based sound field
control as proposed by the authors in (Caviedes-Nozal et al., 2019; Heuchel et al., 2020). However, it needs
to be further investigated how general these results are, as the microphones are relatively close to each other
and wind was blowing mostly in the opposite direction of sound propagation. It should be noted that the
time-delay parameterization can only model the direct sound and not reflection components that propagate
over longer distances.

For the weather conditions encountered, it was shown that a fixed filter control approach is unstable (Fig. 12).
Some stability can be regained by delay and gain compensating the transfer-functions according to the
weather variations. This, however, requires a model of the dependence between the optimal delay and gains
and the weather conditions for each loudspeaker-microphone combination. In this paper, this dependence was
found by fitting enough measurement data to linear models. Non-linear models (i.e. polynomial regressors or
neural networks) could be tried for an improvement of the estimation accuracy. This approach was suggested
by the authors in a previous publication (Heuchel et al., 2019), but the proposed models were not quite
accurate and further research is needed. Also, precise models for these parameters might be found by careful
study of the outdoor sound propagation theory (Ostashev and Wilson, 2015).

For convergence of an adaptive filtering control approach, it is important that the secondary path error is
below 90◦. The results indicated that an appropriate delay compensation could be sufficient to guarantee this
error limit for frequencies below 100-150Hz (see Fig. 8). In fact, the results of Fig. 7 suggest that an adaptive
algorithm that estimates only the two pairs ∆t and g for the primary and the control path could have a good
reduction performance.

In a future study, it is recommend to place the microphones in a star-like setup around the loudspeakers
as done by Cheinet et al. (2018), such that cross-, up- and downwind conditions can be investigated at the
same time. Additional microphones close to the loudspeakers would also be useful to directly measure the
speed of sound. The present study further showed that the wind measurements at the lowest height (18 m)
were correlated best with the variation parameters, indicating that wind measurements at even lower heights
might be even more useful.

Even though computational models are expensive to run, advances in the parallelization of these algo-
rithms (Castor and Sturm, 2008) could imply their use in sound field control applications in the future.

5 Conclusion

In this study we experimentally investigated the variations in transfer-functions due to variations of weather
conditions. The performance of a fixed filter control system would be unstable under the observed variations.
The proposed simple models of sound radiation and transfer-function variations can approximately represent
the observed data and indicate that sound field control at the investigated scales might be indeed possible if
an appropriate compensation is applied.
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