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ABSTRACT

We study the problem of synthesizing the sound field at arbitrary
locations and times from the recordings of an array of audio sen-
sors. Given prior estimates of the locations and frequencies of the
sound sources, such as those obtained using adaptive sourcelocal-
ization, we characterize the spatio-temporal support of the sound
field spectrum. This characterization allows the spatial sampling
requirements to be reduced in comparison to when no prior esti-
mates of the sources are utilized. We derive an adaptive interpola-
tion kernel, based on the estimated spectral support, to reconstruct
the sound-field function using measurements from sensors ona
coarse spatial-sampling grid. Simulation results demonstrate the
gain achieved in reduced sampling requirements by using thepro-
posed adaptive interpolation approach.

1. INTRODUCTION

Current audiovisual recording systems offer a limited sensory ex-
perience. The advent of compact low-cost sensors and unprece-
dented computing power has motivated the concept of immersive
recording systems enabling dynamic playback. Such systemsal-
low the audio and visual field to be reconstructed at arbitrary posi-
tions in space based on recordings from an array of sensors. Thus,
the users are able to see and hear events at the positions and per-
spectives of their choices, navigating through a virtual world by
means of a joystick or motion sensors.

In this paper we study the reconstruction of the continuous
sound-field function, which is defined as the sound signal at any
position and time, using samples of the sound field taken at anar-
ray of microphones. The problem of sampling and reconstructing
the sound field in this manner was first considered by Ajdler and
Vetterli [1]. In our previous analysis [2], we determined the spatio-
temporal sampling requirements for reconstructing the sound field
for thefar-field case where the sound sources are located at a great
distance from the sensor array. In determining the samplingre-
quirements, we made no prior assumptions about the locations or
frequencies of the sound sources. As such, the analysis in the pre-
vious work provides a worst-case estimate of the sampling require-
ments when no prior information is available.

The sensor spacing requirements based on Nyquist sampling
using previous analyses [1, 2] are prohibitively small; micro-
phone spacings about5 cm are required for alias-free reconstruc-
tion of the sound field in practical scenarios. As the sourcesare
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closer to the microphone array (thenear-fieldcase), the required
density of the sensors based on Nyquist analysis even becomes
greater. Recently, Gallo et al. [3] developed an efficient scheme
for sound-field synthesis by decomposing recording signalsinto
time-frequency atoms and estimating the position in space from
which these atoms were emitted.

The goal of this work is to reduce the spatial sampling require-
ments using prior knowledge about the sound sources. Specif-
ically, we assume prior estimates of the source positions (i.e.,
the sources are located within a particular region of space with
a known displacement and angular orientation with respect to the
sensor array), and the range of temporal frequencies produced by
the sources, are available. Such prior knowledge can be obtained in
practice using adaptive source localization techniques. Using this
information, we characterize the corresponding spatio-temporal
spectrum, where the spectral support is greatly reduced in com-
parison to when no knowledge of the sources is utilized. Fromthe
spectral characterization, we derive an adaptive interpolation ker-
nel that allows the continuous sound field to be reconstructed from
a lower density of sensors. As the relative positions of the sources
change, the interpolation kernel adapts so that the alias-free sound
field can be reconstructed using a fixed low density sensor grid.
Our method is thus can serve as a bridge and combine the two op-
posite approaches in sound-field synthesis: the one solely bases on
interpolation and the other relies on exact source localization.

The organization of the paper is as follows. In Section 2, we
formulate the problem and introduce a model for the sound field.
Section 3 presents an analysis of the sound field spectrum in the
case where we focus on one-dimensional sensor arrays and the
sources being contained within a particular region in space. We
derive expressions for the spectral support that are used todeter-
mine reduced sensor spacing requirements. We propose an adap-
tive shearing-based interpolation scheme to implement thereduc-
tion of sensor density requirement in Section 4. This section also
includes experimental results using the proposed sound-field re-
construction approach.

2. PROBLEM SETUP

In the sound field of which we do not have knowledge, like the
number of sources and the sources’ location, we use an array of
microphones to record sound signal. From the recorded data,we
want to reconstruct the sound field at arbitrary positions and times.
In this paper we consider linear array with identical spacing. We
also assume a free field recording environment, where the response
of obstructing elements such as walls are ignored. This assump-



tion is relevant in practice when considering the sound-field in a
stadium or open field. A linear medium is also assumed, where
the sound field at each point in space is the superposition of the
delayed and attenuated source signals.

We focus on the case of a one-dimensional array as shown in
Figure 1 where the sound field is recorded along thex-axis (i.e.
y = 0) and a number of sources at positions(xi, yi) are consid-
ered. An observer at coordinate(x, 0) and timet experiences the
sound field

ri(x, t) =
1

d2
i (x)

si

„

t −
di(x)

c

«

(1)
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Fig. 1. Illustration of a one-dimensional array of microphones. A
source signalsi(t) is emitted from the coordinate(xi, yi).

We considerP (could be infinite) sources and an array of fi-
nite aperturea. The observed sound field along thex-axis can be
expressed as
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The general sound-synthesis problem can be formulated
as follows. Given recording of the sound fieldr[m, n] =
r(mTx, nTt), (m, n ∈ Z), whereTx is the spatial sampling in-
terval (in x dimension) andTt is the temporal sampling interval
(in t dimension), we wish to reconstruct the continuous sound-
field r(x, t) over the aperture|x| ≤ a/2. The restriction of finite
aperture|x| ≤ a/2 in (2) is applicable in practice as we normally
interpolate the sound field using only nearby microphones; e.g. in
clusters.

The objective of this work is to use prior estimates of the sound
source positions, and their range of temporal frequencies,to de-
crease the spatial sampling requirements. We assume that weknow
the source positions with some degree of uncertainty as shown in
Figure 1. This can be formalized by considering a ball of radiusǫ
where all of the sources are located. Here, we have knowledgeof

the uncertaintyǫ, as well as the distanceR and angleθ from the
center of the sensor array to the center of the uncertainty ball. In
addition, we know the minimum and maximum temporal frequen-
cies,fmin

t andfmax
t , respectively. Given these parameters, and a

fixed low-density sensor array, the goal is to design the interpola-
tion kernel to recover the alias-free continuous sound field.

3. SPECTRAL ANALYSIS

Given the model in (1) and (2) the spectrum of the sound field
r(x, t) is determined by taking a 2-D Fourier transform with re-
spect tox andt as
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−j2πftt is the 1-D Fourier transform
of the source signalsi(t).

Extending the far-field case analysis in [2] we consider sources
that are not at infinite distance but at distancesdi of several times
the length of the arraya. In this case, within the aperture|x| ≤
a/2 we can use a first-order Taylor approximation

di(x) =
q

(x − xi)2 + y2
i ≈ di −

xi

di
x = di − x sin θi, (3)

wheredi is the distance andθi is the angle from thei source to the
origin. Then Fourier transformR(fx, ft) can be written as
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where the last equality is due to the Laurentzian pair of Fourier
transform [4]. The kernel magnitude|K(f)| decays like1/|f | and
has the essential support in interval|f | ≤ 2.5

a
+ 1
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) (the ratio of
the cutoff value to the maximal value is about10 percent). Using
this, from (4) we see that the spectral support ofr(x, t) is confined
on the following region
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Note that the related result for the far-field setting in [2] can
be seen as a special case of (6) withyi = ∞ anda = ∞.

If we have no prior knowledge of the source locations, then
we have to consider all possible values ofyi andθi for the union
in (6), and in general this leads to a “bow-tie” frequency region
as shown in [1, 2]. When when some estimate of the locations
and frequencies of the sources is available then (6) can be used



to obtain a smaller spectral support ofr(x, t) and thus reduce the
spatial sampling requirement.

In particular, we consider a case where all sources are located
within a ball of radiusǫ, as shown in Figure 1. Here the ball is
located at a distanceR from the origin and oriented at angleθ
with respect to they-axis. It follows that angles of the sourcesθi

are in the range[θ− γ, θ + γ], wheresin γ = ǫ/R. Consequently,
the spatial frequency support alongfx dimension ofr(x, t) for a
single temporal frequencyft ≥ 0 is
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The spectral support region forft ≤ 0 is symmetric across the
origin.

As an example, we consider a scenario with human speech
sources with a range of temporal frequencies up to4 kHz in a ball
region withǫ = 2 m, R = 10 m, θ = π/6, and the array length
a = 2 m. The actual sound field spectrum shown in Figure 2
matches with theoretical estimate from (7).
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Fig. 2. Actual spectrum of a sound field with sources in a ball
region. The theoretical estimate (7) of the spectral support is in the
sheared bow-tie region with thick boundary.

4. PROPOSED INTERPOLATION

In this section, we propose an approach for implementing there-
duction in spatial sampling requirement using the spectrumanal-
ysis in the previous section. Normally, when we reconstructthe
signal at an arbitrary position on the array, we separately interpo-
late recorded data from microphones in spatial and temporaldi-
mensions with respect to rectangular sampling. More effective in-
terpolation can be obtained by jointly consider spatial andtempo-
ral dimensions using multidimensional convolution, but ata much
higher computational cost. Specifically, suppose that we want to
reconstruct the signal at an arbitrary positionx(a) and timet0,
then a “normal” interpolation would use the actual recordings at
that time of the nearby microphone as

r(x(a), t0) =
X

m

r(x(m), t0) sinc
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«
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whereTx is the distance between two successive microphones, and
x(m) is the position of the microphonem in thex-axis. The accu-
racy of the interpolation in (8) depends on the compactness is the
spatial bandwidth (i.e. along thefx dimension) ofr(x, t).

We propose an efficient and effective interpolation method
bases on the idea ofshearing. From the previous section we know
that the spectrum support ofr(x, t) is in a sheared bow-tie region
that is concentrated along the linefx + ftc

−1 sin θ (see Figure 2).
To reduce the required spatial Nyquist frequency, we can shear the
spectrum to the linefx = 0 using the following transform in the
frequency domain

(

f ′
x =fx + ftc

−1 sin θ,

f ′
t =ft.

(9)

This transform is illustrated in Figure 3.
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Fig. 3. Illustration of shearing in frequency domain. The sheared
spectrum has reduced spatial bandwidth alongfx dimension.

In the spatial domain the signalr(x′, t′) corresponding to the
above sheared spectrum is determined by shearing the original data
r(x, t) with the transform [4]

(

x′ = x,

t′ = t − xc−1 sin θ.
(10)

The sheared signalr(x′, t′) has reduced spatial bandwidth,
and thus can be used in interpolation (8) instead ofr(x, t) with
greater accuracy. Then substituting the transform from (10) we
obtain the following interpolation for the original signalr(x, t)

r(x(a), t0) =
X

m

r

„

x(m), t0 −
(x(m) − x(a)) sin θ

c

«

× sinc

„

x(a) − x(m)

Tx

«

. (11)

In practice, the sound field is also sampled on the tempo-
ral dimensiont. The required temporal locationst0 − ((x(m) −

x(a)) sin θ)/c generally do not fall into discrete locationsnTt. In
that case we simply need to apply a fractional delay filter [5]to the
sampled signal from each microphonem.

The shearing interpolation (11) effectively uses data samples
of the sound fieldr(x, t) along the linest+xc−1 sin θ = const. In
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Fig. 4. Illustration of interpolation trajectories.

comparison, the normal interpolation (8) uses data samplesalong
the linest = const. Figure 4 illustrates these trajectories.

The sheared linest + xc−1 sin θ = const equalize the de-
lays of far-field sources generating plane waves arriving atangle
θ. Signals coming from the ball oriented at angleθ as depicted in
Figure 1 have similar geometrical property with these planewaves.
Intuitively, (11) interpolates along the sheared lines where the spa-
tial variation ofr(x, t) is low, and thus accurately reconstructs the
signal using a coarse spatial sampling grid.

Figure 5(a) shows normalized mean square errors (NMSEs)
using the normal interpolation (8) and proposed shearing inter-
polation (11) for the simulated setting as described at the end of
Section 3 (i.e. sources in a ball region withǫ = 2 m, θ = π/3,
R = 10 m, and|ft| ≤ 4 kHz.).

Figure 5(b) shows the interpolation NMSEs when the distance
between microphones are twice increased. The special improve-
ment here is that the NMSE performance of the shearing interpola-
tion retains good if we increase the distance between microphone
while the normal interpolation will get worse very fast. It is be-
cause the shearing interpolation is based on shearing transform so
the resulting spatial bandwidth is reduced. With bigger intervals
of sensors, Nyquist sampling requirement is no longer satisfied in
normal interpolation but the shearing one. These results agree with
our analysis showing that if we shear the spectrum to the center of
fx, then we can reduce the spatial sampling requirement.

5. CONCLUSION

This work provides an analysis of spatial bandwidth of recorded
data from an array of microphones and the corresponding required
sensor density for reconstructing signal at arbitrary locations. It
also addresses the problem in which case can we reduce spatial
sampling requirement and how to implement such reduction. The
possibility of reducing sensor density in the case of limited angle
of arrival suggests a potential of reconstructing a sound field with
moving sources. For instance, within a small time duration,an es-
timate of the location of a moving source can be tracked by beam-
forming techniques. Based on this information, we can construct
an adaptive interpolation kernel to reconstruct the sound field. As
a result, the sensor density used for this interpolation is reduced

0 5 10 15 20 25 30 35 40 45
−90

−80

−70

−60

−50

−40

−30

−20

reconstruction position (represented by the order of microphones)

N
M

S
E

[d
B

]

normal interpolation
shearing interpolation

(a) Normal spacing of microphone,Tx = 4.5 cm.
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(b) Double spacing of microphones,Tx = 9 cm.

Fig. 5. NMSE comparison of two interpolation methods. The
setup is described in text as for Figure 2. The horizontal axes rep-
resent microphone positions along an aperture of2 m.

compare to normal requirement. Our future work will also con-
sider the problem in 2-D case in which use a 2-D microphone array
to reconstruct the sound field.
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