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Introduction
In various applications for sound field control systems
like room compensation and sound field equalization, it
is of great interest to capture the spatial properties of a
sound field [1]. However, with basic sampling techniques,
this usually requires an extensive number of measurement
points, which results in a demanding measurement effort
and high experimental costs.
In recent years, research has focused on developing sound
field reconstruction methods that allow the reconstruc-
tion of a sound field in a room using only a limited
number of measurement points. All these methods have
in common that the reconstruction is based on physi-
cal wave propagation models. The sound field is pro-
jected onto an elementary wave basis like plane waves
or spherical waves [2]. This approach enables an ap-
proximate solution also at regions, where no direct mea-
surements are performed. The amplitudes of the chosen
wave basis need to be determined based on the limited
sound pressure measurements. This problem is charac-
terized as an inverse acoustic problem, which is usually
ill-posed [3]. Conventional deterministic reconstruction
approaches try to overcome this ill-posedness by adding
regularization or assuming some sort of sparsity in the
spatial, temporal or the modal domain [4, 5].
This work examines a Bayesian approach for the spa-
tial reconstruction of a sound field in an enclosure in the
modal frequency range, as Bayesian probability theory
is well suited to handle a lack of experimental data [6].
Furthermore, the use of Bayesian inference (BI) leads to
a probability distribution of the sound pressure at every
point in the reconstruction domain. In contrast to deter-
ministic methods, analyzing this probabilistic distribu-
tion enables to obtain knowledge about the uncertainty
and robustness of the reconstruction.

Model
In this contribution, the sound field inside the acoustic
domain is approximated by a truncated plane wave ex-
pansion model [2]

p(rm) '
N∑
j=1

Aj e
−i(kj ·rm) + n, (1)

where each term in the sum represents one of the N plane
waves composing the sound pressure p(rm) at the posi-
tion rm. The complex-values coefficients Aj are the un-
known amplitudes, which will be determined through BI.

The wave number vector kj lies on the surface of a sphere
with radius k = 2πf/c [2], which is sampled from a Fi-
bonacci sphere in order to guarantee evenly distributed
propagation directions of the plane waves. The noise
present in measurements is denoted as n. Please note
that no information about the boundary properties, the
sound source or the geometry of the enclosure is neces-
sary, since the model only consists of propagating plane
waves.

Bayesian Inference
The centerpiece of BI is Bayes’ theorem, which can be
formulated for our case of sound field reconstruction as

π(a|p) ∝ π(p|a)π(a). (2)

The Bayesian approach can be interpreted as updating
one’s prior knowledge π(a) about the plane wave ampli-
tudes once experimental sound pressure data are incor-
porated through the likelihood function π(p|a) and ob-
taining the posterior probability distribution π(a|p) by
applying Bayes’ theorem [6]. Yet, a closed-form solution
for the posterior distribution is not traceable for complex
engineering problems. Therefore, it is approximated us-
ing sampling based approaches like the Markov Chain
Monte Carlo (MCMC) sampling. The general idea is to
draw a sequence of samples from the posterior distribu-
tion, which proportionally represents the target distribu-
tion. In this work, the state-of-the-art gradient based
No-U-Turn sampler (NUTS) is utilized for the sampling
and a uniform prior distribution is assigned according to
the principle of maximum entropy [6]. The bounds of the
uniform distribution are chosen based on the maximum
measured sound pressure as

Re {Aj} , Im {Aj} ∼ U (−2pmax,+2pmax) . (3)

The likelihood function is also assigned according to the
principle of maximum entropy, which results in a Gaus-
sian likelihood [6].

Results
Experimental measurements are performed in an approx-
imate cuboid room of dimensions Lx = 4.41 m, Ly =
3.31 m, Lz = 2.97 m, a reverberation time of around
T60 = 2.7 s and a Schroeder frequency of fS = 500 Hz.
The sound field is determined using a microphone, which
is placed on a robotic arm. This enables to precisely posi-
tion the microphone in the measurement plane parallel to
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Figure 1: Comparison between the measured sound pres-
sure field in the measurement area of the room (top) and
the BI reconstruction (bottom) at a frequency of 400 Hz.
For the BI reconstruction, the mean of the posterior dis-
tribution of the sound pressure magnitude is depicted in
color and the standard deviation is superimposed as a
gray scale contour line plot. The black crosses highlight
the chosen data points. This figure is adapted from [7].

the floor. The reference sound pressure field is measured
at 289 positions, which represents a dense sampling of the
sound field in this area. Out of these data, 20 randomly
picked measurement points are used for the reconstruc-
tion. These data points are highlighted as black crosses
in Fig. 1. The reconstruction is performed in the modal
frequency range between 50 Hz and 500 Hz. In the re-
construction model formulated in Eq.(1), 50 plane waves
are selected to decompose the sound field.
Fig. 1 shows the comparison between the measured ref-
erence sound field in the reconstruction plane and the re-
construction using the Bayesian approach at a frequency
of 400 Hz. The mean of the posterior distribution of the
sound pressure is plotted as a color plot and the recon-
structed sound field is in good accordance to the refer-
ence sound field. The method even leads to accurate re-
construction results in regions, where no data points are
located. The standard deviation of the posterior distri-
bution is superimposed as a gray scale contour line plot in
Fig.1. This allows to identify regions of high standard de-
viation and hence high uncertainty of the reconstruction.
It can be observed that the regions of high uncertainty

coincide with areas, where no data points are located.
Detailed results throughout the entire frequency range
can be found in [7].

Conclusions
A Bayesian approach is presented to reconstruct the
sound field in an enclosure in the modal frequency range.
Throughout the studied frequency range, the method
leads to an accurate reconstructions of the experimen-
tally determined reference sound pressure field, even
in extrapolation regions. The major advantage of the
Bayesian approach over conventional deterministic recon-
struction methods is that it provides a probability dis-
tribution for the sound pressure at each reconstruction
point. This enables insights into the uncertainty and ro-
bustness of the reconstruction and thereby, a more com-
prehensive prediction of the sound field is possible. For
example, future experiments can be planned in such a
way that new data points are placed in regions of high
uncertainty. Yet, this uncertainty information has its
price. Since the computational effort of the posterior
sampling is higher compared to deterministic methods,
the Bayesian approach seems particularly suitable for
cases, where the uncertainty information is desired.
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