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Introduction 

This paper is concerned with the three-dimensional position 
estimation and tracking of sound sources with microphone 
arrays and acoustical beamforming. The use of beamforming 
algorithms for mapping a sound field and estimating the 
position of sources has been already well discussed in the 
scientific literature. This process usually only includes 
direction estimation, but for the full three-dimensional 
position, distance also must be estimated. 

The position estimation is based on the Delay-and-Sum 
method, and it can be enhanced by using more advanced 
beamforming methods, such as Multiple Signal 
Classification (MUSIC). The distance estimation is 
performed by extending the traditional method into three 
dimensions. The Kalman-filter method can be used to extend 
this process, to give a more accurate estimation in the case of 
moving sound sources and unreliable data. 

Our goal is to evaluate these methods through simulations 
and measurement data from Unmanned Aerial Vehicles 
(UAVs). Preliminary experiments show that distance 
estimation gives a promising result during simple 
simulations, but it is unreliable during measurements. It must 
be developed further to consider unfavorable conditions, for 
example ground reflections and a temporally changing 
frequency spectrum of the source. 

Delay-and-Sum method 

The two main problems to be solved in our approach are 
focusing and source localization. Focusing is the act of 
enhancing sound arriving from a specific direction and the 
suppression of other directions. Focusing can be done with 
the Delay-and-Sum method, which is the appropriate delay, 
amplification, and then superposition of the received sound 
signals depending on the phase relations between them 
(Figure 1). This ideally results in amplification in the 
superimposed signal when focusing on the direction of the 
source, and attenuation in other directions [1]. 

Source localization is the estimation of the position of the 
source on a set of points selected in space, which is called 
scanning grid or acoustical canvas. The points of the canvas 
are all deemed as potential source positions, and their 
likelihood is assessed by placing virtual sources on them 
one-by-one and comparing the resulting virtual sound field 
with the real field. The position of the virtual source 
generating the most faithful representation of the sound field 
is the output of the localization process. 

 

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

 

 

Figure 2: Sound map created by assigning different colors 
to different likelihoods of a sound source being present at 
each point of the scanning grid. Sound source localization 
is interpreted as looking for local maxima on this map. 

 

Focusing and source localization can be performed in 
conjunction with one another by focusing on the points of 
the scanning grid one-by-one (for the duration of a short 
time window), calculating the energy of a narrow band 
around an observed frequency from the focused signal 
(which represents the likelihood of a source being present), 
and then the estimated position of sources correspond to 
local maxima on the grid. For visualization of the source 
distribution, different colours are assigned to different 
likelihoods (expediently warmer colours for higher 
likelihoods), and thus a sound map can be drawn (Figure 2). 
Doing this process for a short time window creates a 
snapshot of the sound field and opens the possibility of 
observing temporal changes by repeating these steps for 
different time windows. 
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MUSIC algorithm 

The sound maps can be enhanced by employing more 
advanced beamforming algorithms. Ideally, the 
directionality of the array improves through lower sidelobe 
levels and decreased main lobe width. One such 
beamforming algorithm is the Multiple Signal Classification 
(MUSIC) algorithm, which is based on the eigenvalue-
decomposition of the Cross-Spectral Matrix (CSM) of the 
received signals [2]. The eigenvectors are separated into 
signal and noise subspaces based on the corresponding 
eigenvalues, where the largest eigenvalues correspond to the 
vectors making up the signal subspace, and the rest make up 
the noise subspace. Then the eigenvectors of the noise 
subspace (denoted with Un) and the steering vectors between 
the scanning grid and the microphones (denoted with A) are 
used for mapping the sound field (1) [3]-[6]. This algorithm 
was chosen for its simplicity, relatively good noise tolerance 
and higher resolution compared to conventional 
beamforming algorithms. 

𝑷𝑴𝑼𝑺𝑰𝑪 =
1

𝑨𝐻𝑼𝒏𝑼𝒏
𝐻𝑨

 
 ( 1) 

Distance estimation 

 

Figure 3: Extending the acoustical canvas into three 
dimensions for the purpose of distance estimation. An 
initial direction estimation is made on the primary canvas, 
then a secondary canvas is created along the estimated 
direction, on which the distance es determined by means of 
beamforming. 

 
Source localization usually only covers direction estimation, 
but the two-dimensional scanning grid can be extended into 
three dimensions to cover distance estimation as well. This 
extension is based on the dependence of the quality of the 
sound map on the focal distance. The closer the focal 
distance is to the distance of the sound source, the better the 
sound map becomes, and this can be used to our advantage 
by extending the scanning grid into 3D. One possible 
approach that is computationally efficient is to make a 
direction estimation traditionally on a primary canvas, then 
to create a secondary canvas along the estimated direction, 
which is a discretized line consisting of densely placed 
points in many different distances from the array (Figure 3). 
Beamforming is then applied on this secondary canvas, and 
again, the maximum corresponds with the 3D position of the 
sound source. 

Kalman-filter 

So far, this process can create momentary snapshots of the 
sound field, but proper tracking of a moving sound source 
may include estimation and prediction of its trajectory. For 
this purpose, the Kalman-filter method was chosen. The 
traditional version of this algorithm can estimate the state of 
temporally changing linear systems [7]. In our case, the 
system is defined as a moving sound source, and its state is 
defined as its position and velocity. In addition to the 
measurement data extracted from beamforming (that 
estimates the position either in 2D or 3D), it also considers 
the earlier states of the system, thus makes the state 
estimation based on more information than pure 
beamforming does. This results in higher accuracy, provided 
the parameters of the algorithm are tuned properly. Because 
our implementation uses a nonlinear spherical coordinate 
system, a nonlinear extension of Kalman-filter is also 
needed, and the one we chose is called Unscented Kalman 
Filter (UKF) [8]. 

Simulation and measurement results 

These algorithms were tested in the MATLAB environment 
through simulations and measurements. In both cases, a 48-
channel microphone array was used in a cross formation, 
with the distance between neighboring sensors being 6 
centimeters. The primary acoustical canvas is a discretized 
rectangle consisting of 20000 points, 15 meters from the 
plane of the microphone array. In the simulation example, a 
point source emitting filtered white noise is moving along a 
straight line parallel to the plane of the array, while in the 
measurement example the sound a flying drone was 
recorded. 

 

Figure 4: Direction (top) and distance estimation (bottom) 
during a simple simulation example with the MUSIC 
algorithm and Kalman-filter. 

 

Direction estimation was successful in both cases. For the 
simulation (Figure 4), the temporally changing sound map is 
drawn with the result of source localization both by MUSIC 
(denoted with an X) and Kalman (denoted with a circle). For 
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the measurement (Figure 5), the video recording of a web-
camera is also fitted onto the sound map for easier 
evaluation. In the simulation, the method works without 
problems, and the Kalman-filter further improves its 
accuracy, as it decreases the Mean Square Error of the 
estimation. The outdoor measurement conditions were not 
ideal, however, so during a few time windows the algorithm 
gives an incorrect estimation, presumably due to ground 
reflections or a strong momentary background disturbance, 
but it is still sufficient for most snapshots. 

 

Figure 5: Direction (top) and distance estimation (bottom) 
during an outdoor measurement of an Unmanned Aerial 
Vehicle with the MUSIC algorithm and Kalman-filter. 

 

Distance estimation was also successful during the 
simulation (Figure 4), even for different distances: the 
source was placed either 5, 25 or 50 meters from the plane of 
the sensors. The algorithm is reliable for the source at 5 
meters, but it is more problematic for the source at 50 meters 
due to the angles of incidence changing less and less the 
further we move from the microphones. Unfortunately, the 
distance of the drone during the measurement couldn’t be 
estimated accurately due to far from ideal environmental 
conditions, as the estimated distance changes too quickly 
and too greatly while the drone moves slowly (Figure 5). 

Comparison and differences 

Direction estimation was successful both in the simulation 
example and during measurements, but distance estimation 
only worked in the idealized and simple simulation example. 
There are several different factors in real life conditions that 
were neglected during the simulation, for example ground 
reflections, the nature of the frequency spectrum of the 
emitted sound of drones, irregular background noises, 
irregular movement trajectory, or the finite extent and the 
directivity of real sources. All these factors might contribute 
to the insufficiency of the algorithm in real life scenarios, 
and so far, we have started investigating two of them: 
ground reflections and fitting the frequency spectrum of the 
emitted sound. 

The following measurement was performed in a semi-
anechoic chamber, where only the floor is reflective, while 
the walls and the ceiling absorb sound (Figure 6). A 
stationary mobile phone served as the sound source, and it 
emitted a recording of a drone, a clean harmonic signal, or a 
harmonic signal with some added white noise. The phone 
was placed either on the floor to eliminate reflections, or on 
the top of a table to allow them, so that the impact of ground 
reflections could be investigated. The table was placed at 
three different distances from the microphone array, at 1, 3 
and 5 meters, so that different distances could be measured. 
The primary acoustical canvas was 3 meters from the array. 

 

Figure 6: Measurement setup in a semi-anechoic chamber 
to investigate the impact of ground reflections on the 
process of distance estimation. 

 

 

Figure 7: Distance estimation of a stationary mobile phone 
emitting the recorded sound of an unmanned aerial vehicle. 
The distance of the phone from the microphone array is 5 
meters, and the measurement was performed both with 
(top) and without (bottom) ground reflections. 

 
When the source distance is 1 meter, the estimation is 
significantly better without reflections in the case of the 
harmonic signal, but it is roughly the same quality in both 
cases for the recorded drone. For the harmonic signal, it is 
still inaccurate, as the algorithm overestimates the distance. 
When the source is 3 meters from the array, the estimation is 
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accurate for the case with reflections, the reasons for which 
is unknown for now. This isn’t due to the primary canvas 
being at the same distance as the source, because even when 
the scanning grid is moved farther (for example 4 meters), 
this phenomenon still occurs. When the source is 5 meters 
from the array, all the recorded drone sound, and the clean 
and noisy harmonic signals yield highly unstable estimations 
when ground reflections are present, and much more stable, 
although still inaccurate estimations when they are not 
present (Figure 7). Generally speaking, the algorithm works 
better when there are no reflected signals, except for special 
cases. 

In the final simulation example, the sound source moves 
along a straight line with constant velocity and emits a 
harmonic signal with an overtone at 1500 Hz. In the figures 
the direction (x coordinate) and the distance (z coordinate) 
are shown, along with the output of MUSIC and Kalman. As 
the observed frequency band is moved further and further 
away from the overtone at 1500 Hz, both direction and 
distance estimation gradually become worse, but the latter 
deteriorates faster (Figure 8). This means, that because 
distance estimation is more sensitive to correctly choosing 
the observed frequency band, slight temporal changes in the 
frequency spectrum can sometimes falsify the estimated 
distance, while the direction is still accurate. 

 

Figure 8: Direction (top) and distance (bottom) estimation 
of a simulated sound source moving along a straight line 
with constant velocity, emitting a harmonic signal with an 
overtone at 1500 Hz. 

Conclusion 

To conclude, we can declare that using MUSIC 
beamforming enhanced with Kalman-filter is a suitable 
approach for estimating the direction of moving sound 
sources. Distance estimation, however, was only successful 
in ideal environmental conditions, therefore its robustness 
needs to be improved. The algorithm in general performed 
better when ground reflections were not present, so an 
algorithm that can handle mapping correlated signals is 

needed (for example the SAMV algorithm). The waveform 
of the emitted sound also must be considered by adaptively 
fitting the observed narrow band to peaks in the (potentially) 
temporally changing frequency spectrum. Investigating other 
unfavorable factors like irregular background noise or a non-
uniform source directivity (among others) may also be 
beneficial in improving our 3D position estimation method. 
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