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Introduction 

This paper is concerned with the three-dimensional localiza-
tion of sound sources with microphone arrays used as acous-
tical cameras and beamforming algorithms. Traditionally, 
acoustical beamforming can be used to estimate the direction 
of sources, but it can be extended into three dimensions to 
include distance estimation. Preliminary simulations showed 
promising results in terms of 3D localization, but perfor-
mance during outdoor measurements of Unmanned Aerial 
Vehicles was unsuccessful. 

Our goal is to develop the distance estimation method fur-
ther to be more robust against unfavourable environmental 
conditions. The SAMV (Iterative Sparse Asymptotic Mini-
mum Variance) algorithm was chosen for its capacity to 
handle correlated signals, which means that in practice, it 
can separate direct and reflected sounds. The HPS (Harmon-
ic Product Spectrum) algorithm is also used for pitch detec-
tion, to adaptively fit the observed frequency range onto the 
temporally changing frequency spectra of the received sig-
nals. These algorithms are expected to improve distance 
estimation, and they are tested through measurements per-
formed in a semi-anechoic chamber. 

Delay-and-Sum method 

There are two main tasks that need to be performed to de-
termine the position of sound sources: focusing and source 
localization. Focusing is the act of emphasizing sound arriv-
ing from a specific direction and suppressing sound from 
other directions. Focusing is performed with the Delay-and-
Sum method, which is the appropriate delay, amplification, 
and then superposition of the received signals of the micro-
phones (Figure 1). The delays and amplifications are tuned 
in such a way so that the array is highly directional, even 
though individual microphones are omnidirectional [1]. 

Source localization is the act of estimating the position of the 
sound source on a set of points selected in space, typically 
on a flat or spherical surface. These points make up what is 
called the acoustical canvas or scanning grid, and the points 
themselves are all treated as potential source positions. Vir-
tual sources are placed on all points of the canvas one-by-
one, and the resulting virtual sound fields are observed. The 
estimated position of the source is the point on the grid that 
corresponds to the virtual source that generates a virtual 
sound field that is the most like the real sound field. 

These two tasks can be performed together by focusing on 
the points of the scanning grid one-by-one for the duration of 
a short time interval, observing a narrow band from the 
frequency spectrum of the superimposed/focused signal, and 
then calculating a value representing the likelihood of the 
presence of a sound source at that point, based on the energy 

of this narrow band. This process is repeated for every point 
of the scanning grid, so that a sound map can be drawn as a 
function of direction, where warmer colours correspond with 
higher likelihoods, and source localization is interpreted as 
looking for local maxima on the sound map. Following these 
steps creates a snapshot of the sound field for a short time 
interval, which opens the possibility of observing temporally 
changing sound fields by repeating this process for different 
time windows. 

 

Figure 1: Focusing with the Delay-and-Sum method: am-
plifying sound arriving from a specific direction through 
the suitable delay, amplification and superposition of the 
received signals. 

 

Steering vectors and the Cross Spectral Matrix 

An important concept for several beamforming algorithms is 
the cross-spectral matrix (CSM). In the case of a microphone 
array, the CSM gives the spectral cross-correlation between 
the received signals. A possible model of the CSM (𝐑) is 
given by equation (1) [2], where 𝐏 is a diagonal matrix con-
taining the unknown source powers, 𝜎 is the noise variance, 
and 𝐀 is a matrix that contains the steering vectors connect-
ing the source distribution and the received signals in the 
frequency domain (2). The CSM can be estimated from 
measurement data by means of calculating the expected 
value of the covariance of the received signals, which can be 
reduced to temporal averaging (3), where N is the number of 
snapshots used in calculating the CSM. 

𝐑 = 𝐀𝐏𝐀H + 𝜎𝐈  ( 1) 

𝐲  =  𝐀𝐱, 𝐀(𝑖, 𝑗) = 𝑒−𝑗𝑘𝑑𝑖,𝑗
1

𝑑𝑖,𝑗
  ( 2) 

𝐑𝑁 = E(𝐲𝐲H) = 𝐘𝐘H/𝑁  ( 3) 

SAMV 

The sound maps can be enhanced by improving the direc-
tionality of the microphone array, by means of employing 
more advanced beamforming algorithms, for example 
SAMV. SAMV is based on the asymptotic minimum vari-
ance (AMV) approach [2]-[3], where we estimate the source 
distribution (𝒑̂) by minimizing the criterion defined by equa-
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tions (4)-(6). The minimization as a function of 𝒑 means that 
we are looking for an estimated source distribution that min-
imizes the difference between the measured (𝒓𝑵) and the 
estimated (𝒓(𝒑)) vectorized cross spectral matrices (where 
𝑪𝒓 is the Kronecker-product of the conjugate transposed of 
the CSM and the CSM itself). 

𝒑̂ = 𝐚𝐫𝐠𝐦𝐢𝐧
𝒑
𝒇(𝒑)  ( 4) 

𝒇(𝒑)≝ [𝒓𝑵 − 𝒓(𝒑)]
𝑯𝑪𝒓

−𝟏[𝒓𝑵 − 𝒓(𝒑)]  ( 5) 

𝑪𝒓 = 𝑹
∗ ⊗ 𝑹  ( 6) 

SAMV gives a sparse solution for the AMV criterion by 
means of an iterative process. First, we initialize the source 
strength (𝒑𝒌) for every point of the scanning grid, and the 
noise variance (𝜎) with the steering vectors (𝒂𝒌), the re-
ceived signals (𝒚), the number of microphones (𝑀), the 
number of snapshots used in the estimation (𝑁), and the 
measured and estimated covariances (7)-(8). After the initial-
ization, the iteration begins with updating the estimated 
covariance (1), then the source strengths (9), and finally the 
noise variance (10) [2], [4]. These three updates in this order 
are repeated an arbitrary number of times. An important 
advantage of SAMV compared to other CSM-based methods 
is its ability to separate correlated sources. 

𝒑𝒌
(𝟎)
=
𝒂𝒌
𝑯𝑹𝑵𝒂𝒌
‖𝒂𝒌‖

𝟒
 

 ( 7) 

𝜎(𝟎) =
𝟏

𝑀𝑁
∑‖𝒚(𝑛)‖𝟐
𝑁

𝑛=1

 
 ( 8) 

𝑝𝑘
(𝑖)
=
𝒂𝒌
𝐻𝑹−1(𝑖)𝑹𝑵𝑹

−1(𝑖)𝒂𝒌
𝒂𝒌
𝐻𝑹−1(𝑖)𝒂𝒌

 
 ( 9) 

𝜎(𝑖) =
𝑇𝑟(𝑹−2(𝑖)𝑹𝑵)

𝑇𝑟(𝑹−2(𝑖))
 

 ( 10 ) 

Distance estimation 

Source localization typically only covers direction estima-
tion, but extending the scanning grid into three dimensions 
opens the possibility of distance estimation as well. The 
quality of the sound map greatly depends on the focal dis-
tance, the closer the focal distance of the grid is to the 
source, the better the sound map becomes. This dependence 
can be exploited by creating a three-dimensional grid with 
points at various distances from the array. One possible 
extension of a flat or spherical 2D grid is to perform direc-
tion estimation on this primary grid, and then to create a 
secondary canvas, which is a discretized line consisting of 
densely packed points in one direction, at different distances 
(Figure 2). Beamforming is then performed again on the 
secondary canvas, and the maximum corresponds with the 
position of the source. 

 

Figure 2: Distance estimation on a three-dimensional can-
vas. After the initial direction estimation on the primary 
canvas, a secondary canvas is created as a discretized line 
along the estimated direction, on which distance estimation 
is performed by means of beamforming. 

 

Harmonic Product Spectrum (HPS) 
The frequency spectrum of sound sources is often temporally 
changing, which warrants the adaptive fitting of the ob-
served narrow band on the changing frequency of peaks in 
the frequency domain. Because we primarily use micro-
phone arrays for the detection of Unmanned Aerial Vehicles, 
which emit tonal components around multiples of a funda-
mental frequency, we chose the Harmonic Product Spectrum 
(HPS) algorithm for pitch detection [5]-[6]. The algorithm is 
based on the idea that because the frequency of overtones are 
multiples of the fundamental frequency, we can fit the tonal 
components on it by downsampling the spectrum. The prod-
uct of these downsampled spectra is calculated (equation 
11), and the maximum of the product corresponds with the 
fundamental frequency (equation 12). Then the frequency of 
one of the overtones can be chosen for beamforming. 

𝒀(𝝎) =∏|𝑿(𝝎𝒓)|

𝑹

𝒓=𝟏

 
 ( 11) 

𝒀̃ = 𝐦𝐚𝐱
𝝎𝒊

{𝒀(𝝎𝒊)}  ( 12) 

Measurement results 

We tested these algorithms in the MATLAB environment by 
means of measurements in a semi-anechoic chamber. A 48-
channel microphone array was used in a cross formation. 
The distance between neighbouring microphones was 6 
centimetres, which resulted in an upper frequency limit of a 
little above 2.8 kHz for frequency domain beamforming. The 
primary scanning grid is a discretized rectangle consisting of 
20000 uniformly distributed points. The sound source was a 
stationary mobile phone 5 meters from the array, emitting 
either a generated sum of harmonics with a fundamental 
frequency of 300 Hz and overtones up to 2.1 kHz, or a re-
cording of an Unmanned Aerial Vehicle. In the semi-
anechoic chamber, only the floor is reflective, so when the 
phone was placed on the top of a table, ground reflections 
were present, and when the phone was placed on the ground, 
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reflections were almost completely eliminated, so the two 
different cases could be compared (Figure 3). 

 

Figure 3: Measurement setup in a semi-anechoic chamber. 

 
In the first measurement example demonstrates the 
advantages of SAMV over conventional beamforming 
methods in the presence of ground reflections. The mobile 
phone on the top of the table emitted the above-described 
sum of harmonics, and beamforming was performed at 
1500 Hz. In this case, only the direction was estimated 
without distance estimation or HPS. Figure 4 shows us the 
difference between the Delay-and-Sum method and SAMV. 
As SAMV can separate correlated sources, it is much more 
adequate in separating the direct and reflected sound of the 
phone. 

 

Figure 4: Primary beamforming in the presence of ground 
reflections, with conventional DAS (top) and SAMV (bot-
tom). 

 
In the next example the phone was emitting the sound of a 
recorded Unmanned Aerial Vehicle (UAV). Figure 5 shows 
the result of distance estimation both in the presence and 
absence of ground reflections. Beamforming was performed 
only with SAMV at 2100 Hz, because the sound of that 
particular UAV had a tonal component close to it. In 

addition to beamforming, the Kalman filter algorithm was 
added to the process to smooth out the inaccuracies of 
distance estimation. The estimation, although slightly 
inaccurate, was successful in the absence of ground 
reflections. During the presented 10 second long section of 
the measurement, for one time interval, SAMV estimates a 
distance of 5.85 meters instead of meters, but other than that, 
it consistently stays in the range of 4.6 to 5.35 meters, and 
for example between 25 and 27 seconds it stays between 
4.86 and 5.1 meters. Unfortunately, the same success 
couldn’t be achieved in the presence of ground reflections. 
In this case two things typically happened (Figure 6): either 
the secondary beamforming diverged to infinity, meaning an 
estimated distance corresponding to the farthest point of the 
secondary canvas, or the beamforming peaked close to 4 
meters, which resulted in an incorrect estimation. 

 

Figure 5: Distance estimation with SAMV in the absence 
(top) or the presence (bottom) of ground reflections. As the 
actual source distance was 5 meters, the algorithm was only 
successful in the former case. 
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Figure 6: Secondary beamforming with SAMV in the pres-
ence of ground reflections. Secondary beamforming typi-
cally diverges to infinity (top) or incorrectly estimates 4 
meters (bottom). 

 
In the final measurement example presented here, distance 
estimation was performed again with SAMV for the 
recorded UAV, but this time, HPS was also added to the 
process (Figure 7). With ground reflections, distance 
estimation is unsuccessful again. However, without 
reflections, the estimation is often roughly around 5 meters, 
though HPS makes the algorithm visibly less reliable, as the 
estimation has a much greater variance, and sometimes the 
secondary beamforming diverges to infinity. This can be 
presumably due to the insufficient energy of the chosen 
overtone in certain moments. 

 

Figure 7: Distance estimation with SAMV in the absence 
(top) or the presence (bottom) of ground reflections, with 
HPS added in the process. As the actual source distance 
was 5 meters, the algorithm was only successful in the for-
mer case. 

 

Conclusion, future goals 

To conclude, we can declare that SAMV provides a signifi-
cant improvement over conventional covariance-based 
beamforming methods when ground reflections are present. 
Direction estimation with SAMV is successful, but accurate 
distance estimation was only possible when ground reflec-
tions were not present. Theoretically, the advantage of using 
HPS in real-time applications is obvious in the possibility of 
adaptively fitting the observed frequency range onto tempo-
rally changing spectra, but in practice, it isn’t perfectly relia-
ble in finding a sufficiently high energy and high frequency 
tonal component. Future goals include measurements with 
different microphone formations (for example spiral, 
optinav) that provide a higher upper frequency limit for 
beamforming, the improvement of the reliability of HPS, and 
making distance estimation more robust by investigating the 
effect other potential unfavourable factors, like irregular 
background noise and a non-uniform source directivity. 
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