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Introduction

The topic of this paper is the automatized tracking and
classification of Unmanned Aerial Vehicles (UAV) by
processing measurements with microphone arrays. The
position estimation of sound sources is based on the Delay-
and-Sum method, which is the superposition of the suitably
delayed and amplified received sound signals. The Delay-
and-Sum method can be enhanced further by using
beamforming algorithms, for example MUSIC (Multiple
Signal Classification), or FB (Functional Beamforming).
These algorithms are based on the eigenvalue decomposition
of the cross-spectral matrix of the received signals.
Beamforming can be used to create amplitude maps, which
are visual representations of the source distribution. Tracking
moving sound sources can be done with beamforming
complemented with the Kalman-filter algorithm. Our goal is
to determine the position of moving sound sources with
beamforming and tracking, then to focus on the estimated
position, enhance the sound source and improve the signal-to-
noise ratio. The enhanced signals can be used more effectively
for the classification of UAVs by looking for unique features
in the spectra of their emitted sound. We implemented these
algorithms in the MATLAB environment and tested them
with simulations and processing measurement data.

Delay-and-Sum method

The position estimation of sound sources can be done by
solving two separate problems: focusing and source
localization. Focusing is the act of emphasizing sound
arriving from a given direction, while other directions are
suppressed. The basis of focusing is the Delay-and-Sum
method [1], which is the appropriate steering of the received
signals by amplification, delay, and superposition, based on
their time delay differences (Figure 1.). This way, while the
characteristics of the individual microphones are spherical,
the characteristic of the array can be designed to suit our
needs. Source localization is the actual estimation of the
source position. A set of virtual source positions is selected in
the space, usually along a flat or spherical surface, and this
group of points is called the acoustical canvas or scanning
grid, and the one where a placed virtual sound source
generates a sound field most like the real one, is where we
estimate the source to be located.
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Figure 1: The Delay-and-Sum method; emphasizing sound
arriving from a given direction by the appropriate
amplification, delay, and superposition of the received
signals.

These two tasks can be performed together as well. By
focusing on every virtual source position, we can determine
the likelihood of the existence of a source at those points. This
probability increases with the amplitude of the superimposed
signal of the Delay-and-Sum method. From these likelihoods,
we can create sound maps with colour coding, for example, in
Figure 2., warmer colours correspond to higher likelihoods.
The problem of direction estimation can be interpreted as
looking for local maxima on sound maps.
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Figure 2: Sound map created from the likelihoods of the
presence of a sound source at each point of the scanning grid.
Direction estimation can be interpreted as looking for local
maxima on the map.

MUSIC algorithm

The sound maps can be improved by using non-conventional
beamforming methods, for example the MUSIC algorithm
[2], [3], [4], [5], [6]- This method separates the cross-spectral
matrix of the received signal to signal and noise subspaces by
eigenvalue-decomposition. The map is then calculated with
the eigenvectors of the noise subspace (denoted with Ux) and
the sensing matrix (denoted with A4), which consists of the
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steering vectors between the acoustical canvas and the
microphones (equation (1)). MUSIC is a fast and simple
method, but it can only be used when investigating
uncorrelated sources.
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FB algorithm

Functional Beamforming is another method that is based on
the spectral decomposition of the cross-spectral matrix
(denoted with C) [7]. The exponentiation of the CSM is
simpler after the decomposition, because only the eigenvalues
need to be empowered (equation (2)). The major advantages
of Functional Beamforming compared to conventional
beamforming methods are the narrower main lobe and the
suppressed sidelobes, which are achieved through this
exponentiation. The map is calculated for each grid point with
the CSM and the steering vector for that point (denoted with
aj). The v parameter in the formula is the order of the
Functional Beamforming map, and the higher it is, the more
the strength of this method can prevail (equation (3)). It is
typically between 20-300, and at a value of 1, FB reduces to
conventional frequency domain beamforming. However, its
value cannot be increased indefinitely, because inaccurate
steering vectors, a coarse scanning grid or insufficient sensor
calibration result in suppressed peaks on the sound map.
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Kalman-filter

Beamforming algorithms are generally suitable for the
position estimation of stationary sources. However, if we
want to track moving sources, they can greatly benefit from
the addition of the Kalman-filter algorithm. The traditional
Kalman-filter is a method that estimates the state of linear
systems, where the state can change over time [8], [9]. We can
define the system as a moving sound source (or multiple, if
necessary), and its state as its position and velocity. Aside
from the current measurement data from the beamforming
algorithms, the Kalman-filter also takes the previous states of
the system into account, thus the estimation of the current
position is based on more information than if we only use
beamforming. Another benefit is that we can tune the different
parameters of the algorithm depending on how reliable the
measurement data is, so that the estimation follows the
measurement either quickly or slowly. The Kalman-filter can
be extended to handle nonlinear systems, and one such
extension is the Unscented Kalman Filter (UKF).

Simulations

These methods were tested by performing simulations in the
MATLAB environment. The microphone array is placed in a
cross formation, the sensors are distributed evenly, with the
distance between neighboring ones being 6 centimeters. This
array formation is used in all the simulations and
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measurements presented here. The points of the scanning grid
(red on the figure) are distributed evenly on a rectangular area,
which is parallel to the plane of the array. There is one point
source placed on the plane of the grid, 15 meters from the
array, which emits filtered white noise and is moving along a
straight line with constant velocity, always staying in the
plane of the grid (Figure 6.). The signal-to-noise ratio is set to
10 dB.
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Figure 3: The canvas (red), the microphone array (blue) and
the sound source (green) in the simulation example. The
source moves along a straight line with constant velocity.

Figure 4. shows the direction estimation of this sound source
with MUSIC, Functional Beamforming, and Kalman-filter
(an “x” denoting the measurement of the beamforming
algorithm, a circle denoting the estimation of the Kalman-
filter). The direction estimation is successful with both
beamforming algorithms. Because of the noisy conditions, the
estimated trajectory of the sound source isn’t exactly a straight
line when we only use beamforming, but the Kalman-filter
makes this estimation slightly smoother, so it is closer to the
actual trajectory of the source. Neither beamforming method
is significantly better in this simulation than the other when it
comes to position estimation, but Functional beamforming
greatly suppresses the sidelobes compared to MUSIC,
especially with higher values for the v parameter.
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Figure 4: Localization and tracking of a moving sound
source with different beamforming algorithms (denoted with
an “x”) and the Kalman-filter (denoted with an “0”).

Measurements

During our work, we participated in outdoor measurements,
where the goal was to estimate the position of unmanned
aerial vehicles (or drones), which was done with several
different methods by different groups of researchers (for
example radar technology, optical or heat cameras). Because
the drones emitted sound, acoustical beamforming with a
microphone array was a suitable solution for this task. The
measurements presented here are of three different drones
named Secopx8, Tarot680 and Flying Ranger (Figure 5.). The
microphones were stuck firmly in a wooden plank, and a web
camera was placed on the top of this plank to create video
recordings of the drones’ flight. The sampling frequency was
48 kHz, and the acoustical canvas is 15 meters from the array,
consisting of points evenly distributed on a rectangular area.

Figure 5: Secopx8, Tarot680 and Flying Ranger.

In Figure 6., a snapshot from the video recording of one of the
drones can be seen, where the result of direction estimation is
fitted onto the recording. The sound map here is created with
the MUSIC algorithm, and the direction of the source is
determined with both MUSIC and the Kalman-filter. During
this measurement, the drones were flying close to the
microphone array, so their sound doesn’t blend in with the
background. As the environmental conditions were less than
ideal, and disturbances were much more unpredictable than
during simulations, the algorithms do not correctly estimate
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the direction every time. However, they are adequate in
tracking the source most of the time, except for a few
moments when presumably a strong background noise or
ground reflection falsifies the result.

Figure 6: Localization and tracking of an Unmanned Aerial
Vehicle with MUSIC (denoted with an “x”) and the Kalman-
filter (denoted with an “0”).

Figures 7-9. show the frequency domain analysis of the
emitted sound of the UAVs. This time, the Functional
Beamforming algorithm is used, which functions as the input
measurement data for the Kalman-filter. Then, we focus on
the position of the source determined by Kalman, and the
Delay-and-Sum method creates a focused signal from the
received sound of the microphones. This is done separately
for 1-second-long intervals of the measurements, and these
short sections were transformed one-by-one into the
frequency domain by the FFT algorithm. In these figures, two
different moments can be seen both in the time domain (only
a part of the 1-second time window), and in the frequency
domain. They are depicted twice with different scaling for
frequency, so that higher frequency components can also be
seen.
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Figure 7: The emitted sound of Secopx8 in the time domain
and the frequency domain.

The emitted sound of Secopx8 is more or less straightforward
(Figure 7.). The fundamental frequency fluctuates around 160
Hz, which is presumably related to the rotation of the rotors,
and the overtones are close to its multiples, with steadily
decreasing amplitudes. During some time-windows, a sharp
peak between 3 and 4 kHz becomes visible, but it is
inconsistent. Determining whether it is part of the sound of
the drone requires further investigation of the sound
generation physics of UAVs.
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Figure 8: The emitted sound of Tarot680 in the time domain
and the frequency domain.

Tarot680 has its fundamental frequency at around 140-150
Hz, and the overtones are again close to its multiples (Figure
8.). During some time-windows, all the overtones under 1 kHz
stand out very well from the background. There is a high
amplitude component under the fundamental frequency, at
around 60 Hz, that consistently shows up during this part
measurement, but it is the sound of a different machine, as it
can sometimes be heard even when the drone is too far to be
audible. A difference compared to SecopxS8 is that the higher
frequency component (this time between 3000-3500 Hz) is
consistent, and its only there when the drone is audible.
Therefore, we can assume that it is emitted from Tarot680.
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Figure 9: The emitted sound of Flying Ranger in the time
domain and the frequency domain.

Flying Ranger has the highest fundamental frequency of the
three UAVs, at around 210-220 Hz (Figure 9.). There are
often relatively strong components right between the
overtones, close to 310 and 540 Hz. The higher frequency
component is usually above 6 kHz, and it can be seen in the
frequency domain a lot more consistently than for Secopx8.

Conclusion and future plans

To conclude, we can declare that both the MUSIC and
Functional Beamforming are adequate methods for the
direction estimation of sound sources in favorable conditions,
and the Kalman-filter improves the result further.
Measurements of different drones show that their emitted
sound is easily distinguishable in the frequency domain,
which opens the future possibility of using neural networks
for the automatized recognition and classification of UAVs
(and even other sound sources). More simulations could be
performed with different type of sound signals that are more
like drones, so that the results more accurately represent real
measurements. As we only used the cross-array formation for
measurements, it would be interesting to experiment with
different formations (for example spiral) and assess their
advantages and disadvantages. It is also important to
investigate Functional Beamforming further, for example,
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how well it handles the tracking of multiple sources at the
same time.
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