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Abstract: This study evaluates and assesses the performance of recent developments in sound source
tracking using microphone arrays from multiple drones. Stemming from a baseline study, which
triangulates the spatial spectrum calculated from the MUltiple SIgnal Classification (MUSIC) for
each drone, otherwise known as Particle Filtering with MUSIC (PAFIM), recent studies extended
the method by introducing methods to improve the method’s effectiveness. This includes a method
to optimise the placement of the drone while tracking the sound source and methods to reduce the
influence of high levels of drone rotor noise in the audio recordings. This study evaluates each of the
recently proposed methods under a detailed set of simulation settings that are more challenging and
realistic than those from previous studies and progressively evaluates each component of the exten-
sions. Results show that applying the rotor noise reduction method and array placement planning
algorithm improves tracking accuracy significantly. However, under more realistic input conditions
and representations of the problem setting, these methods struggle to achieve decent performance due
to factors not considered in their respective studies. As such, based on the performance assessment
results, this study summarises a list of recommendations to resolve these shortcomings, with the
prospect of further developments or modifications to PAFIM for improved robustness against more
realistic settings.

Keywords: drone audition; sound source tracking; rotor noise reduction

1. Introduction

Drones as robots have been widely used in many applications, including search and
rescue and military operations [1]. For example, in search and rescue operations, victims
are often stranded in areas that are challenging to search [2]. In contrast to conventional
means, drones can take advantage of their small size and manoeuvrability to navigate
through environments that are difficult to access or perform more challenging tasks, thereby
improving the success rate of locating the victims. Recently, drones have been actively
studied in the field of computational auditory scene analysis (CASA) [3,4], which is oth-
erwise referred to as “drone audition” [5]. Here, drones equipped with auditory sensors
help understand the acoustic scenes they are subjected to. This is particularly useful in
search and rescue missions, as understanding the surrounding environment influences
the efficiency of the search and rescue significantly, especially when the victim’s visual
presence is impaired due to factors such as unfavourable weather conditions, excessive
vegetation coverage in mountainous terrain, and collapsed buildings [3,6].
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Drone audition is often realised by attaching an array of microphones to a drone
(known as a microphone array [7]). With audio from the sound source of interest arriving at
each microphone at slightly different times (or phase difference), a microphone array can
capture both the spectral and spatial information regarding the sound source. Sound source
localisation (SSL), an essential aspect of CASA, primarily utilises spatial information to
locate the whereabouts of the sound source [5]. To date, numerous studies have attempted
to perform SSL using drones. Many of these studies are based on the MUltiple SIgnal
Classification (MUSIC) algorithm [8], along with the inclusion of a noise correlation matrix
(NCM) to reduce the influence of the drone’s high levels of rotor noise contaminating
the microphone recordings [9]. Common approaches include simply averaging segments
of microphone input signals [10,11]. In contrast, more sophisticated approaches utilise
multimodal information through various sensors, such as rotor speed, inertia measurement
unit, etc., to build an NCM specifically for reducing rotor noise [12]. A real-life drone
system was also developed in [13] demonstrating real-time SSL on a flying UAV. Other
approaches include utilising generalised crosscorrelation phase transform (GCC-PHAT) as
the baseline to perform SSL using drones. For example, the study from [14] utilised GCC-
PHAT to perform SSL, along with statistics-based spatial likelihood functions regarding the
target sound source and rotor noise, to facilitate the reduction of rotor noise and thus also
perform source enhancement. On the other hand, the study from [15] employed Wiener
filtering (WF) to directly reduce the influence of rotor noise at the microphone’s input signal
before applying GCC-PHAT. Recent studies also showed approaches using convolutional
neural networks for source localisation, such as [16–18].

As such, studies regarding SSL for drone audition have shown increasing attention.
Most studies to date are based on a single drone, single microphone array configuration,
which is used to estimate the direction of the sound source. However, in search and rescue
missions, it is important not only to identify the direction of the sound but also the actual
3D location of the sound source, which is a limitation of most single drone (with single
microphone array) approaches. Studies for SSL for 3D location estimation have been
considered for robots, and various approaches have been proposed. For example, some
studies continuously change the orientation of the robot (microphone array) to improve
direction estimation results [19,20], or they navigate the robot around the sound source,
thus obtaining location information of the sound source from multiple viewpoints to map
the sound source location [21,22]. However, it should be noted that the robots in these
approaches do not move in response to the estimated sound source location. More recently,
some approaches utilise multiple robots, where the trajectory of a sound source can be
obtained by calculating the triangulation points from the estimated directions of multiple
microphone arrays (from each robot) prior to obtaining the sound source location through
Kalman filtering [23–25].

Recently, studies on drone audition using multiple microphone arrays, either in the
form of multiple arrays attached to a single drone [26] or multiple drones with a single
array attached [27], have also been proposed, wherein most are based on triangulation of
the direction estimations or other forms of SSL estimations to obtain the sound source’s
3D location [27]. In this study, we focus on the approach using multiple drones. Notable
studies include that in [27,28], which not only performed SSL of their 3D location, but in the
case where the sound source was moving, they performed sound source tracking (SST). For
example, the study in [27] triangulated direction estimations from each drone using MUSIC
to form triangulation points, which were then processed through a Gaussian sum filter.
This process ensures that only points highly likely to represent the target sound source are
considered. The method is called Multiple Triangulation and Gaussian Sum Filter Tracking
(MT-GSFT). This study was later extended, where instead of triangulating the estimated
directions, the MUSIC spectrum from each drone was directly triangulated to form a
direction likelihood distribution, where the location of the sound source could then be
obtained. The method is known as Particle Filtering with Integrated MUSIC (PAFIM) [28].
This allows more information regarding the MUSIC spectrum to be considered, as much
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can be lost when only considering the peaks of the MUSIC spectrum where the direction lies.
Although the studies have successfully demonstrated their effectiveness in simulation or
outdoor experiments [29], there is still room for improvement [28]. As expected, due to the
high levels of rotor noise, sound source tracking performance degrades significantly when
rotor noise dominates over the target source signal, which can easily occur when a) the
target signal is too weak, or b) the target source is too far away from the drones. As such,
placement of the drones relative to the target sound source is also an essential factor for
consideration [28].

Considering these issues, the studies in [27,28] were further extended to consider the
optimal placement of the drones/microphone arrays while performing SST [30]. Exploiting
the fact that the drones are mobile and can be navigated, the study in [30] developed a
drone placement algorithm to continuously optimise the placement of the microphone
arrays by navigating the drones to maximise SST effectiveness (hereby referred to as array
placement planning). Furthermore, the algorithm also enables the tracking of multiple sound
sources by calculating the likelihood of the sound sources occurring based on the previous
sound source location estimates of each sound source. In other words, the study in [30] is
one of the first studies to perform active drone audition in which the drones become active
in the SST process. We note that while autonomous navigation for the optimal placement
of multiple drones is not yet a widely explored area of study for sound source tracking,
other applications have found significant performance improvement, such as 3D visual
map reconstruction from aerial images [31].

While optimising the placement of drones is a highly effective way to improve the
SST performance, there is still a lack of direct treatment for the high levels of rotor noise
itself. To address this issue, the study in [32] proposed an extension to MT-GSFT and
PAFIM by introducing a WF designed using the drone’s rotor noise power spectral density
(PSD) [33,34]. This reduces the influence of rotor noise at each microphone channel in a
manner similar to that from [15]. The WF approach was adopted due to its effectiveness
not only in SSL but also in sound source enhancement for drone audition [35–37]. On the
other hand, the study [32] proposed an NCM design by exploiting the fact that the drone’s
rotors and the microphone array are fixed in positions relative to each other. Therefore,
using the steering vectors or impulse response measurements, nulls can be placed at the
rotor locations to suppress the sound arriving from those directions. This is a well-proven
approach in sound source enhancement, where the rotor noise’s influence can be reduced
using beamforming [33,38].

With several techniques proposed in recent years, particularly those from [30,32],
this study aims to integrate these proposed techniques and evaluate their performance
improvements in SST based on [27,28]. This includes SST not only for single but also
multiple sound sources. In addition, it has also been mentioned in [32] that to date, the
simulations conducted for multidrone SST that neglect the noise arriving from adjacent
drones are irrelevant due to the elevation difference between the drones (typically ≥ 5 m
above ground) and the target sound source (which is typically on the ground). However,
this should not be ignored due to the loudness of the drones, particularly when they
are grouped to track sound source(s). Therefore, this study also evaluates the degree of
influence noise from adjacent drones on multidrone SST. Due to the range of techniques
considered in this study, we only evaluate them using the PAFIM method.

Overall, this study contributes to the following:

• Evaluating the performance improvement brought by combining optimal microphone
array placement and/or rotor noise reduction techniques to PAFIM;

• A more complete/realistic numerical simulation setting;
• Assessment of the evaluation results leading to design recommendations for further

improving multidrone SST.

The rest of the paper is organised as follows. A brief description of the problem setting
is introduced in Section 2, followed by an overview of PAFIM, the optimal drone placement
algorithm, and the rotor noise reduction methods in Section 3. The simulation setup for
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evaluation is shown in Section 4, with the results and discussion presented in Section 5.
Finally, we conclude with some remarks in Section 6.

2. Setting

The problem assumes N microphone arrays MA1, . . . , MAN consisting of M sensors,
with each mounted to a drone. Each ith microphone array receives a number of mutually
uncorrelated sound sources, including K target sources Sk(ω, f ), spatially coherent noise
generated by U rotors on the drone—with each uth rotor noise denoted as Nu(ω, f )—and
ambient spatially incoherent noise, such as wind v(ω, f ), in an outdoor free field environ-
ment. For the multidrone scenario, we also consider the noise radiated by adjacent drones
Nj∈N(j ̸=i) (i.e., all drones apart from the ith drone). Since the drones are, at most times, a
distance away from each other, we assume the noise source of any neighbouring drone
received by the ith microphone array to be a point source, and the noise itself propa-
gates from the jth drone to the ith microphone array in accordance to the steering vector
ai,j(ω, ϕi,j, θi,j). ω and f denote the angular frequency and frame index, respectively. Here,
we assume all drones carry the same number of rotors U. Using the N × M-channel noisy
recordings, the system aims to localise and track the K target source signals [27]. Assuming
overdetermined cases (i.e., M ≥ U + K + N − 1 for each ith drone/microphone array), the
short-time Fourier transform (STFT) of the ith microphone array’s (MAi) input signals are
expressed in vector form as

xi(ω, f ) :=
[
Xi,1(ω, f ), · · · , Xi,M(ω, f )

]T

=
K

∑
k=1

ai,Sk (ω, ϕi,Sk , θi,Sk )Sk(ω, f ) +
U

∑
u=1

ai,u(ω, ϕi,u, θi,u)Nu(ω, f )

+ ∑
j∈N(j ̸=i)

ai,j(ω, ϕi,j, θi,j)Nj(ω, f ) + v(ω, f ), (1)

where T denotes the transpose, and Xi,m(ω, f ) is the STFT of the mth microphone input
signal. ϕi,Sk and θi,Sk are the azimuth and elevation directions (i.e., in spherical coordinates)
from the kth target sound source to the microphone array MAi in its own body coordinates,
respectively. Likewise, θi,u and ϕi,u indicate the azimuth and elevation directions from the
uth rotor MAi in its own body coordinates, respectively. ai(ω, ϕi, θi) and v(ω, f ) are the
steering vector between the source located at directions θi, ϕi, and each microphone m in
MAi, as well as the incoherent noise vector observed by the microphone array.

In addition to the microphone input signals, the state of each microphone array MAn
is described as

mi( f ) = [mi,xyz( f )T , mi,ϕθψ( f )T ]T , (2)

mi,xyz( f ) = [xi( f ), yi( f ), zi( f )]T , (3)

mi,ϕθψ( f ) = [ϕi( f ), θi( f ), ψi( f )]T , (4)

where xi( f ), yi( f ), and zi( f ) indicate the center of MAn in the three-dimensional coor-
dinates, and ϕi( f ), θi( f ), and ψi( f ) indicate the yaw, pitch, and roll angles of MAi. The
location of the kth sound source is defined as

ek( f ) = [xk( f ), yk( f ), zk( f )]T . (5)

3. Sound Source Tracking Framework

In this section, we describe the SST method. Figure 1 shows a conceptual outline
of the basic setup for SST, and Figure 2 shows a flowchart of the method, including the
PAFIM baseline, as well as the components for array placement planning and rotor noise
reduction. As shown in the figures, audio recordings from the drone’s microphone array
are first passed to the ground station, where most of the processing is performed. Upon
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receiving the recordings, for every tth time step of duration Tt, sound source localisation is
performed using the MUltiple SIgnal Classification (MUSIC) algorithm [8] (Section 3.1),
which produces a spatial spectrum containing information indicating the potential direc-
tions in which the target source is present. PAFIM uses the MUSIC spectrum to generate a
likelihood distribution that is then used to infer the location of the sound source using par-
ticle filtering (Section 3.2). After obtaining the source location, a dedicated array placement
planning algorithm calculates the optimal placement (including orientation) for each drone
to be in. Finally, these coordinates are then relayed back to the drones for autonomous
navigation. The following sections describe each process.
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Figure 2. Flowchart describing the PAFIM method for each time step t. The array placement planning
algorithm proposed in [30] (outlined in Section 3.3) is highlighted by the red boxes. Components of
the rotor noise reduction method proposed in [32] (outlined in Section 3.4) are highlighted by the
blue boxes.

3.1. Direction Estimation Using MUSIC

PAFIM, as the name suggests, uses MUSIC to obtain sound source localisation infor-
mation for triangulation. MUSIC performs eigenvalue decomposition on the correlation
matrix of the microphone array input signals R(ω, t) as

R(ω, t) =
1

TR

f+TR−1

∑
τ= f

x(ω, τ)xH(ω, τ)

= E(ω, t)Λ(ω, t)E−1(ω, t), (6)
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where TR is the number of frames to average to calculate R(ω, t), and H denotes the
Hermitian conjugate. Λ(ω, t) and E(ω, t) are the eigenvalue (diagonal) and eigenvector
matrices, respectively. Using E calculated from (6), the spatial spectrum of MUSIC is
calculated as

P(ϕ, θ, t) =
1

ωH − ωL + 1

ωH

∑
ω=ωL

∥aH(ω, ϕ, θ)a(ω, ϕ, θ)∥
∥aH(ω, ϕ, θ)EN(ω, t)∥ , (7)

where EN is the matrix of eigenvectors corresponding to the noise subspace in R(ω, t).
ϕ and θ denote the source azimuth and elevation direction relative to the centre of the
microphone array, respectively. Finally, ωL and ωH denote the minimum and maximum
frequency bins. Usually, the sharp peaks in the MUSIC spectrum P(ϕ, θ, t) correspond
to the directions in which a target sound source is present. We denote these directions
as (ϕ̂S(t), θ̂S(t)), where ·̂ denotes an estimate. Consequently, at each time step t, the
corresponding state of each microphone array MAi mi(t), mi,xyz(t), mi,ϕθψ(t), and e(t) (see
Section 2) will also be expressed in terms of the tth time step instead of the frame index f .

A common technique to improve robustness against noise is to apply an NCM to
R(ω, t) as a way to whiten the noise power [39]. In this study, we apply the NCM using
the Generalized Singular Value Decomposition MUSIC (GSVD-MUSIC) technique [39], which
applies the NCM K(ω) and is followed by singular value decomposition:

K−1(ω)R(ω, t) = El(ω, t)Λ(ω, t)EH
r (ω, t), (8)

where El(ω, t) and Er(ω, t) are singular vector matrices, and El(ω, t) is used to calculate
the MUSIC spectrum in (7).

3.2. PAFIM

Following the calculation of the MUSIC spectrum, this section describes how MUSIC
is used in PAFIM [28]. The method primarily consists of two processes: (i) calculating the
likelihood distribution using the MUSIC spectrum, followed by (ii) particle filtering to
calculate the location of the sound source at each time t.

Let Pi(ϕ, θ) be the MUSIC spectrum calculated from MAi, let an arbitrary three-
dimensional location be x, and let the direction from x to mi be (ϕi, θi); thus, the location
likelihood L at a location x can be obtained by summing Pi(ϕ, θ) across the microphone
arrays as

L(x) = ∑
i

Pi(ϕ̃
round
i , θ̃round

i ), (9)

ϕ̃round
i = round(ϕ̃i), θ̃round

i = round(θ̃i), (10)cos ϕ̃i cos ϕ̃i
sin ϕ̃i cos ϕ̃i

sin ϕ̃i

 = R−1
i

cos ϕi cos ϕi
sin ϕi cos ϕi

sin ϕi

, (11)

where round(·) is a function that rounds the direction according to the resolution of the
transfer function a(ω, ϕS, θS), and Ri is the rotation matrix representing the posture of
MAi, which can be defined by mi,ϕθψ. In other words, the location likelihood L(x) is the
summation of direction likelihoods corresponding to directions towards x seen from each
microphone array.

Following that, PAFIM tracks the sound source location by particle filtering using L(x).
Let IP be the number of particles, and let xiP

t , wiP
t be, respectively, the state and weight of the

iPth particle at a time step t. The state xiP
t includes the location and velocity of particle iP.

xiP
t = [xiP

t , yiP
t , ziP

t ẋiP
t , ẏiP

t , żiP
t ]

T . (12)
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Initial particles are sampled from the following distribution:

xiP
0 ∼ N (µ0, Σ0), (13)

µ0 = [µ0,pos, 0, 0, 0]T , (14)

Σ0 =

[
σ2

pos I O
O σ2

vel I

]
, (15)

where µ0,pos is the mean of the initial distribution, which is derived by triangulation based
on direction estimation [40]. Following that, we take the average of all triangulation points
to obtain µ0,pos, and we employ an excitation-damping prediction model [40].

xiP
t = FxiP

t−1 + Hv, (16)

F =

[
I TI
O aI

]
, H =

[
O
bI

]
, (17)

v ∼ N (0, I). (18)

Here, I ∈ R3×3 is an identity matrix, and O ∈ R3×3 is a zero matrix. Variables a and b
determine the ratio of velocity to carry on from the previous time step and excitation of
particles, respectively. Each particle gain’s weight is proportional to L(xiP

t,pos); hence, we
have the following:

wiP
t = wiP

t−1

L(xiP
t,pos)

∑i L(xiP
t,pos)

, (19)

where xiP
t,pos = [xiP

t , yiP
t , ziP

t ]
T . Note that if the effective particles are less than a threshold

Nthr (i.e., 1
/

∑iP (w
iP
t )

2
≤ Nthr ), resampling would be necessary, with the weights of each

particle reset to 1/IPAFIM. Finally, the sound source location at time step t is estimated by
taking the weighted average of the particles.

e(t) = ∑
iP=1

wiP
t xiP

t . (20)

3.3. Array Placement Planning

Previous studies showed that, when using multiple microphone arrays for source location
tracking, the placement of the microphone arrays may affect the tracking accuracy [28,32].
This is reflected in both MT-GSFT and PAFIM in [32]. Fortunately, the drone’s ability to
manoeuvre freely enables the attached microphone arrays to be placed in a more desired
formation. By first estimating the location of the sound source, we can calculate optimal
positions for the drones to be placed at and improve the estimation accuracy of SST
iteratively.

Generally, when the sound source is surrounded (or bounded) by the drones, better
tracking accuracy is achieved compared to when the drones are outside the vicinity of the
drones [30], as the drones are less likely to be orthogonal with each other relative to the
target sound source. Of course, the closeness of the drone’s rotors to the microphone array
also influences the input signal-to-noise ratio (SNR) given their high noise levels. This is
especially true when the sound source is far from the drone(s) [30]. To mitigate such prob-
lems, the study in [30] proposed a drone (microphone array) placement planning algorithm
that actively navigates the drones to the optimal position and orientation relative to the
target sound source to optimise the SST performance. The algorithm is designed to (a) only
allocate drones (microphone arrays) to sound sources that they can hear, (b) maximise
the orthogonality between pairs of drones for stable location estimation, (c) minimise the
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distance between the target sound source and each drone to maximise the input SNR, and
(d) constrain drones movements to minimise erratic movements [30].

To satisfy these policies, in each time step t, the drones are instructed to move to their
updated positions as follows:

1. Initialise parameters (Section 3.3.3);
2. Calculate MUSIC spectrum [8] (Section 3.1);
3. Calculate probability of observation p(αi→k|z) (Section 3.3.1) and assign microphone

arrays to sources to be tracked according to the probability of observation;
4. Perform sound source tracking for each sound source with the corresponding micro-

phone array group (Section 3.2);
5. Calculate the next drone positions using estimated source locations. (Section 3.3.2).

The following sections will detail the procedures specific to calculating the next
drone’s positions.

3.3.1. Probability of Observation Update

As mentioned in Section 3.3, it is necessary to identify which sound source to observe
for each drone (microphone array) to perform SST on multiple sound sources. This is
because while MUSIC provides the potential directions of a known number of sound
sources, it does not necessarily identify them. Therefore, a probability of observation
variable is established to use the MUSIC spectrum and estimate whether the sound source
is likely to occur, provided that we expect the sound source to be present there. Assume
αi→k is a binary variable indicating the event that microphone array i has observed sound
source k, and provided observation z, the probability of observation p(αi→k|z) is defined as

p(αi→k|z) =
p(αi→k)p(z|αi→k)

∑ p(αi→k)p(z|αi→k)
. (21)

The prior p(αi→k) is the posterior in the previous time step, and likelihood p(z|αi→k)
is then calculated as

p(z|αi→k) =

{
Pnorm(ϕi→k, θi→k) for αi→k = 1

1
Nϕ Nθ

for αi→k = 0 , (22)

where Pnorm(ϕi→k, θi→k) is the normalised MUSIC spectrum in the direction (ϕi→k, θi→k), in
which ϕi→k and θi→k indicate the azimuth and elevation of source k from the perspective
of microphone array i, respectively. Nϕ and Nθ are the azimuth bin and elevation bin,
respectively. Effectively, if αi→k = 1 indicates that the MUSIC spectrum generated by micro-
phone array i has a peak at the direction of the target source k, and thus Pnorm(ϕi→k, θi→k)
corresponds to the likelihood distribution for the kth target source. On the other hand,
αi→k = 0 indicates that the sound source k is not successfully detected by the ith array.
Thus, the entire spatial spectrum has an equal probability, since there will be no distinct
character from the MUSIC spectrum when there is no sound source. The probability of
observation p(αi→k|z) is calculated for all N microphone arrays for each sound source, and
when p(αi→k|z) is higher than a probability threshold pthre, microphone array i will be
added to a group Mk ⊆ {1, . . . , N} that is specifically used to track the sound source k.
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3.3.2. Drone Placement Optimisation

Following the probability of observation update and grouping drones to track their
designated sound source, the optimised drone (microphone array) placement for the next
time step t + 1 is calculated as

arg min
mt+1

f (mt+1) + λgg(mt+1) + λhh(mt+1) s.t. zt ≥ zlim , (23)

f⊥(mloc
t+1) = ∑K

k=1 ∑{i,j}∈Mk(i ̸=j)

(
mloc

i,t+1 − êk,t

)T(
mloc

j,t+1 − êk,t

)2∥∥∥mloc
i,t+1 − êk,t

∥∥∥
2

∥∥∥mloc
j,t+1 − êk,t

∥∥∥
2

, (24)

g(mloc
t+1) = ∑S

k=1 ∑i∈Mk

∥∥∥mloc
i,t+1 − êk,t

∥∥∥
2
, (25)

h(mloc
t+1) = ∑N

i=1 ∑i∈Mk

∥∥∥mloc
i,t+1 − mloc

i,t

∥∥∥
2
, (26)

where zi is the z coordinate of drone i to be limited to a minimum height of zlim, and
ek,t ∈ R3 is the 3D location of sound source k at time t. mi,t ∈ R6 is the 6D state of the
microphone array i at the time step t consisting of its 3D location mloc

i,t ∈ R3 and 3D posture
mloc

i,t ∈ R3:

mi,t =

[(
mloc

i,t

)T
,
(

mpos
i,t

)T
]T

. (27)

Here, f⊥(mloc) is the sum of squares of cosines, where the angles are two array-
to-source directions, thus meaning that f⊥(mloc) will be minimised when each pair of
directions is orthogonal to one other. g(mloc) is the sum of the distance from the array
to the target source, and thus, minimising g(mloc) will drive the drones to be close to
the designated sound source(s). h(mloc) is the sum of distances between mloc

i,t+1 and mloc
i,t

of the drones, which limits the amount of movement of the drone per time step when
minimised. Since f⊥(mloc) is a normalised quantity, its value is at most limited to S · NC2.
In contrast, g(mloc) and h(mloc) are simply a sum of 3D distances. Therefore, f⊥(mloc)
is significantly smaller than g(mloc) and h(mloc), and coefficients λg and λh for g(mloc)

and h(mloc), respectively, are required to balance the terms. These quantities are decided
heuristically. We note that, as shown in Figure 3, the microphone array is mounted at a
distance forward from the drone, which means that drone rotor noise primarily radiates
behind the microphone array. As such, the posture of the drones is updated so that it always
faces the estimated location of the source êk. In certain situations, microphone array i may
sometimes clearly record audio coming from multiple sound sources (i.e., p(αi→k) ≥ pthre
for more than one sound source). In such situations, its posture will be calculated as the
average (or midpoint) between the directions to the corresponding sound sources.

Figure 3. DJI Inspire 2 drone used for this study.



Drones 2024, 8, 266 10 of 25

3.3.3. Initialisation

At the first time step of the array placement planning algorithm, some parameters
required, such as the number of sources and the initial values for the probability of ob-
servation p(αi→k), are not known. To mitigate this, we assume that K is known and that
the initial value of the probability of observation p(αi→k) is 0.5 for all source–microphone
array pairs.

3.4. Rotor Noise Reduction

For the drone audition scenario, assuming a single target sound source is present, we
expect not only a sharp peak in P(ϕ, θ, f ) at the target source direction but also that of the
rotors. Since the rotor locations are fixed relative to the microphone array, the directions of
their corresponding peaks are also expected to be fixed and can be ignored. However, since
the rotors are loud and near the microphone array, it generally results in very low input
SNRs. In addition, due to the size of the propeller (i.e., the dominant contributor to rotor
noise), we cannot simply consider rotor noise as point sources [34]. Therefore, under very
low input SNRs, rotor noise can still dominate over the target sound source despite their
sounds arriving towards the microphone array in vastly different directions. Therefore,
this section describes approaches for reducing rotor noise influence prior to conducting
MUSIC. Specifically, we introduce a Wiener filter (WF) that is specifically designed to
minimise rotor noise from x(ω, f ) in Section 3.4.1, followed by an NCM designed based on
prior knowledge regarding the relative locations of each rotor to the microphone array in
Section 3.4.2.

3.4.1. Rotor Noise Reduction Wiener Filter

The study from [34] showed that a WF designed using accurate estimations of the rotor
noise’s PSD can greatly reduce the influence of rotor noise when applied to beamformer
output signals. However, in this study, retaining the spatial information of the observed
sound sources is desirable by preserving the relative time delays (i.e., phase information)
of the observed input across the microphone array for sound source localisation. Therefore,
we design a WF for each mth microphone input signal as follows

h(ω, f ) = [H1(ω, f ), . . . , HM(ω, f )],

Hm(ω, f ) =
ϕm(ω, f )− ϕ̂m,∑u(ω, f )

ϕm(ω, f )
, (28)

where ϕm(ω, f ) and ϕ̂m,∑u(ω, f ) are the rotor noise PSDs for the M microphone inputs. The
output signal y(ω, f ) is then calculated as

y(ω, f ) = h(ω, f )⊙ x(ω, f ), (29)

where ⊙ denotes the Hadamard product. Finally, we use y(ω, f ) to obtain the rotor noise
reduced correlation matrix for the MUSIC algorithm to perform source localisation as

R′(ω, f ) =
1

TR

f+TR−1

∑
τ= f

y(ω, τ)yH(ω, τ). (30)

Typically, the rotor noise PSD is an estimated quantity. However, as an evaluation for
the application of WF itself, we directly use the rotor noise recordings to calculate the rotor
noise PSDs, along with temporal smoothing across f and adding white Gaussian noise to
make the PSDs more representative of an estimated quantity.
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3.4.2. Noise Correlation Matrix

As mentioned in Section 3.4, in a drone audition setting, since the microphone array
is fixed to the drone itself (see Figure 3), the relative positions between the rotors and
the microphones are fixed and thus known. Therefore, apart from the WF, we can take
advantage of this property and apply an NCM Krot(ω) from the steering vectors that point
towards each of the U rotors au(ω) to spatially whiten their influence in the correlation
matrix R(ω, f ) as

Krot(ω) =
U

∑
u=1

au(ω, ϕu, θu)aH
u (ω, ϕu, θu). (31)

Upon obtaining Krot(ω), it can then be applied in a GSVD-MUSIC approach (see Section 3.1
and (8)) to spatially whiten the directions corresponding to the rotors. By doing so, we
expect the singular value decomposition process to more effectively cast the residual rotor
noise contained in the input correlation matrix (see Section 3.1) into the noise subspace,
thus revealing the target source more clearly in the MUSIC spectrum.

4. Numerical Simulation

In this section, we evaluate the SST performance of the PAFIM algorithms. First, we
outline the simulation details utilised throughout all simulations in Section 4.1. Following
that, simulation details for both single- and multisource scenarios (i.e., two sound sources)
are described in Sections 4.2 and 4.3, respectively.

4.1. General Simulation Details

This section outlines the general details used throughout the simulation. As mentioned
in Section 4, we evaluated PAFIM’s SST performance as a baseline reference. We also
evaluated PAFIM with array placement planning (described in Section 3.3.2) applied,
which we denote as active PAFIM (aPAFIM). Furthermore, we evaluated PAFIM with rotor
noise reduction techniques (described in Section 3.4) applied, which we denote as rotor
noise-informed PAFIM (rPAFIM). Finally, we evaluated PAFIM with both array placement
planning and rotor noise reduction applied, which is denoted as rotor noise-informed active
PAFIM (raPAFIM). Details about the audio recording and simulation parameters for MUSIC
are shown in Table 1, while simulation parameters for the PAFIM algorithm are shown in
Table 2.

Table 1. Audio recording parameters and simulation parameters for MUSIC.

Variable Value

Sampling rate 16 kHz
Audio resolution 16 bit

# of channels (for each drone) 16
STFT length (overlap shift) 512 (160)

ωL 200 Hz
ωH 4000 Hz

Table 2. Simulation parameters for PAFIM.

Variable Value

a 0.9
b 0.3
IP 500

Initial σ2
pos 2.5

Initial σ2
vel 2.5
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As mentioned in Section 4, this study evaluated SST performance for single- and
two-target source scenarios. The target source was 40 s of male speech randomly selected
from the Centre for Speech Technology Research VKTS (CSTR VKTS) corpus [41], with their
locations simulated at each Tk = 0.5 s time step. Drone noise was recorded directly from a
DJI Inspire 2 drone (see Figure 3) in flight, with a 16-channel microphone array attached
(see Figure 4 for details). Details regarding the audio recording parameters are shown
in Table 1. We evaluated the input SNR conditions between −30 dB and 20 dB in 10 dB
increments for both scenarios. This is to cover both scenarios that reflect what is expected
in a realistic flight [34], but they are also ideal recording scenarios to evaluate the validity
of the methods themselves. For all scenarios, the flight time was 40 s, thus resulting in
80 time steps. Realistically, drone scenarios have an input SNR of ≤0 dB. However, we also
included input SNRs up to 20 dB for feasibility evaluation of the methods.

(a) (b) (c)

Figure 4. Geometrical details of the microphone array used in this study. Microphone positions are
shown in (a) top view, (b) bottom view, and (c) front view.

We note that for the majority of the simulations, we omitted the rotor noise emitted
from the neighbouring drones (see Section 2). This was done not only to simulate the input
scenarios similar to previous studies but also to assess sound source tracking performance
more progressively. This way, the input conditions where SST performance falls short
for each technique applied towards PAFIM could be isolated. However, a performance
evaluation, which includes the noise from the neighbouring drones, is included in the
single source scenario as a separate assessment (see Section 4.2).

4.2. Simulation Detail: Single Sound Source

This section describes the simulation details for single-source scenarios. Specifically,
we considered the scenario shown in Figure 5, which consists of a single target sound source
moving at constant velocity in a circular trajectory 10 m in radius on the x–y plane. The
sound source was tracked by four DJI Inspire 2 drones (i.e., N = 4) flying at a fixed height
of 5 m. In practice, before the sound source’s rough location is known, the sound source is
often outside the drone’s coverage. Therefore, the initial location of the sound source is
placed a distance from the drone swarm. Details regarding the exact initial locations of the
sound sources and the drones (microphone arrays) are shown in Figure 5.

In more realistic scenarios, each drone will receive not only the noise emitted by its
own rotors but also the noise emitted by the neighbouring drones. Therefore, to evaluate
how PAFIM and the technique applied (described in Sections 3.3 and 3.4) fare against these
additional noise sources, the single source scenario also considers a simulation setting that
includes neighbouring drone noise. Here, we assume that each neighbouring drone is
distant enough to assume that their rotor noise is collectively a far-field point source.

Finally, the optimal array placement algorithm’s scaling coefficients for the optimisa-
tion cost function were λg = 0.2 and λh = 0.1.
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MA2
(2,0,5)

MA1
(−2,0,5)

MA3
(−6,4,5)

MA4
(6,4,5)

S
(0,0,0)

Figure 5. Simulation setup for single sound source scenarios. The x and y labels are the locations on
the x axis and y axis in world coordinates. The z axis location for the sound source and microphone
arrays MA1 to MA4 are 0 m and 5 m, respectively. The red line indicates the true trajectory of the
sound source. The blue arrow indicates the direction in which the sound source moves, while the red
arrows indicate the initial orientation of the microphone arrays. The blue square indicates the initial
location of the sound source.

4.3. Simulation Detail: Two Sound Source

This section describes details regarding numerical simulation for the two source
scenarios. Namely, we considered two scenarios shown in Figure 6, which consist of two
target sound sources moving at a constant velocity. For scenario (a), one source moves in
a circular trajectory 10 m in radius, while the other is a square trajectory with an edge of
7 m, with both on the x–y plane. Given that, in practice, it is very common to encounter
situations where the two sources are far from each other, evaluating SST performance
under such conditions is also of interest. As such, for scenario (b), we considered two
sources placed further apart than scenario (a). Similar to scenario (a), we considered one
sound source moving in a circular trajectory 4 m in radius on the x–y plane, while the
other is a square trajectory with an edge of 4 m, again both on the x–y plane. Since the
two source scenarios mean that some drones will concentrate their tracking on one of the
two sound sources, fewer drones are tracking each sound source compared to the single
source scenario. As such, here, the sound sources were tracked by six DJI Inspire 2 drones
(i.e., N = 6) flying at a fixed height of 5 m. Similar to the single source scenario, we
considered an initial sound source location placed a distance away from the drone swarm.
Details regarding the exact initial locations of the sound sources and the drones (microphone
arrays) for scenario (a) and scenario (b) are shown in Figure 6a and Figure 6b, respectively.

Finally, the optimal array placement algorithm’s scaling coefficients for the optimisa-
tion cost function were λg = 0.24 and λh = 0.01.
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MA2
(2,0,5)

MA1
(−2,0,5)

MA5
(−6,4,5)

MA6
(6,4,5)

MA3
(−4,2,5)

MA4
(4,2,5)

S1
(0,0,0)

S2
(13.5, −3.5,0)

(a)

MA2
(2,0,5)

MA1
(−2,0,5)

MA5
(−6,4,5)

MA6
(6,4,5)

MA3
(−4,2,5)

MA4
(4,2,5)

S1
(−11,10,0)

S2
(12,3,0)

(b)

Figure 6. Simulation setup for two sound source scenarios, where (a) the sound sources are relatively
close to each other at some point and (b) the sound sources are a distance away from each other. The
x and y labels are the locations on the x axis and y axis in world coordinates. The z axis location
for the sound source and microphone arrays MA1 to MA6 are 0 m and 5 m, respectively. The red
and orange lines indicate the true trajectories of the sound sources S1 and S2, respectively. The blue
arrows indicate the direction in which the sound source moves, while the red arrows indicate the
initial orientation of the microphone arrays. The blue square indicates the initial location of the
sound sources.

5. Results and Discussion
5.1. Single Sound Source Scenarios

Tables 3 and 4 show the evaluation results in terms of the Euclidean distance be-
tween the true and estimated locations for the single source scenario without and with
neighbouring drone noise accounted for, respectively.

Table 3. Mean Euclidean distance between the estimated and true source trajectory for the single
source scenario (in meters), without accounting for the noise arriving from adjacent drones. The
lowest distance measures are highlighted in bold.

Method
Input SNR (dB)

−30 −20 −10 0 10 20

PAFIM (Baseline) 36.35 31.72 18.44 31.34 17.78 14.39
PAFIM w/WF [32] 8.69 7.17 8.01 8.48 7.42 6.53

PAFIM w/NCM [32] 27.15 20.43 18.76 33.19 28.03 22.11
rPAFIM [32] 15.27 12.99 14.62 6.00 14.38 8.70

aPAFIM [30] 41.89 36.43 41.11 28.67 14.81 2.19
aPAFIM w/WF [30,32] 2.96 1.98 2.14 3.03 1.98 1.72

aPAFIM w/NCM [30,32] 28.32 27.79 25.07 32.28 25.40 32.66
raPAFIM [30,32] 8.99 6.31 6.22 4.54 4.24 3.19

We first considered the case without neighbouring drone noise (i.e., Table 3), with
Figure 7 showing an example of the estimated trajectories at an input SNR of −10 dB. Similar
to the results shown in the previous study [32], the PAFIM baseline showed a dramatic
improvement at input SNRs above −10 dB (despite the sudden drop in performance at
0 dB). However, with errors between the ground truth and the estimation reaching beyond
15 m for most input SNRs, it is clear that the performance of PAFIM alone was insufficient.
This is expected, as most of the target sound source’s travel is outside the vicinity of
the drones and sometimes relatively far away from them, which can easily create and
accumulate SST estimation errors over time. Coupled with the fact that PAFIM relies on
its previous sound source location estimate as part of the location estimation for the next
time step, if the general trajectory deviates, the modelling of the statistical distributions
for particle filtering becomes increasingly skewed towards the erroneous trajectory, thus
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leading to poorer subsequent location estimates [32]. As such, the influence of rotor noise
on the SST performance was highly apparent.

Table 4. Mean Euclidean distance between the estimated and true source trajectory for the single
source scenario (in meters), with drone noise from adjacent drones accounted for. The lowest
distance measures are highlighted in bold.

Method
Input SNR (dB)

−30 −20 −10 0 10 20

PAFIM (Baseline) 35.04 24.16 28.21 35.19 29.91 13.96
PAFIM w/WF [32] 20.58 23.58 23.73 15.37 15.07 7.80

PAFIM w/NCM [32] 21.26 21.79 24.92 33.36 25.59 16.74
rPAFIM [32] 26.52 25.04 22.42 27.48 23.81 13.32

aPAFIM [30] 41.67 40.34 22.50 32.68 8.11 1.66
aPAFIM w/WF [30,32] 25.21 32.85 43.87 26.04 2.24 1.27

aPAFIM w/NCM [30,32] 36.88 25.73 28.22 31.57 31.62 27.64
raPAFIM [30,32] 21.48 18.79 46.89 20.27 4.53 2.19

Applying array placement planning to the PAFIM algorithm (i.e., aPAFIM) showed
a significant change in performance. Under lower input SNRs, the aPAFIM method is
outperformed by the PAFIM baseline (as shown by the higher errors in Table 3). However,
when the input conditions start to suit aPAFIM (i.e., input SNR above −10 dB), a dramatic
performance improvement, similar to that shown in the previous study [30], is shown.
This is expected since with array placement planning under lower input SNRs, the drones
follow the estimated trajectory of the target sound source. Therefore, when the estimation
is erroneous, the subsequent placement of the drones will also be erroneous, causing the
subsequent sound source location estimation to be increasingly less accurate. Nevertheless,
at higher input SNRs (e.g., 20 dB), aPAFIM outperformed most compared methods (see
Figure 7). However, the input SNR, where aPAFIM showed decent performance, was much
higher than in [30]. The difference in performance shown here to that from [30] was most
likely caused by a combination of two reasons: (i) in [30], sinusoidal tones of 1000–2000 Hz
range were used as the target sound, which is continuous and has less spectral overlap
with major components of drone noise compared to speech, and (ii) the initial placement
of the drones were already relatively optimal compared to that of this study, which did
not impose this assumption. However, despite the higher input SNR required for aPAFIM,
the results suggest that aPAFIM can improve SST performance. However, to leverage the
performance improvement, rotor noise reduction is required.

In contrast to the array placement planning algorithm, the rotor noise reduction
methods generally showed consistent improvement in SST performance across the input
SNRs. Overall, the WF showed significant improvement over the PAFIM baseline and was
relatively consistent across most input conditions, similar to that of the previous study [32].
Furthermore, this performance improvement was apparent in PAFIM with or without the
array placement planning algorithm. Therefore, it is unsurprising that PAFIM delivered
the best tracking performance with WF and array placement planning. On the other hand,
while the NCM showed some improvement over the PAFIM baseline, the error was still
significant such that the results would not resemble the actual trajectory of the ground truth
(see Figure 8, where PAFIM with WF showed tracking that resemble the ground truth. At
the same time, PAFIM with NCM failed to follow any parts of the true trajectory). In fact,
at input SNRs above 10 dB, the PAFIM baseline outperformed PAFIM with NCM. This also
explains why rPAFIM had larger error figures than PAFIM with only WF applied, which is
a result that is slightly different to that from [32]. However, overall, for the single sound
source case (without taking into account adjacent drone noises), aPAFIM with WF delivered
the highest level of improvement in tracking performance, and along with PAFIM with WF
and raPAFIM, are the only cases that showed strong performance even under realistic (i.e.,
low input SNR) conditions. This indicates that both array placement planning and rotor
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noise reduction techniques complement each other well and can significantly improve SST
performance and each other’s shortcomings.
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Figure 7. Example sound source trajectory at input SNR of −10 dB in 2D world coordinates (x–y
plane) for the single sound source scenario, without accounting for noise arriving from adjacent drones.
The blue circle indicates the initial location estimate.
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Figure 8. Example sound source trajectory at input SNR of −20 dB in 2D world coordinates (x–y
plane) for the PAFIM with WF and PAFIM with NCM methods. The blue circle indicates the initial
location estimate.

However, as mentioned in Section 1, due to the high levels of rotor noise in a mul-
tidrone setting, the influence of their noise towards one another should not be overlooked.
As such, we also compared the performance with these noises considered. Table 4 shows
the evaluation results in terms of the Euclidean distance between the true and estimated
locations for the single source scenario (in meters), with adjacent drone noise taken into
account. As shown, the neighbouring drone noise significantly influenced the overall SST
results, with most methods below an input SNR of 0 dB showing errors beyond 15 m.
Again, the PAFIM method with WF delivered better SST improvement. Similar to single
source scenario results, above an input SNR of 0 to 10 dB, the SST performance showed a
significant increase. This was the case for PAFIM with or without rotor noise reduction,
as well as array placement planning. However, above the 0 to 10 dB input SNR boundary,
methods with array placement planning significantly outperformed methods without it.

On the contrary, for input SNRs below this boundary, it is apparent that the array
placement planning algorithm was heavily impacted and could not function as desired,
thus leading to higher errors than methods without array placement planning (see Table 4).
This was particularly the case for methods with array placement planning, where, due to
the influence of rotor noise, the drones seemed to draw into each other under lower-input
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SNR cases. With the inclusion of rotor noise from other drones, the noise from adjacent
drones will sometimes be accidentally recognised as the sound source, of which the array
placement planning algorithm will instruct the drone to navigate towards it. Therefore, the
drones within the drone group start to pick up each other’s rotor noise, thus resulting in the
drones drawing into each other. In a spiralling effect, the closer the drones get, the louder
the drone noise becomes between each other, thus creating a heightened likelihood of the
adjacent drone noise being treated as the target sound source while losing the true target
source and leading to their eventual collapse (see Figure 9). While the rotor noise reduction
methods (in particular the WF) could reduce the tracking error to some degree, it was still
not enough for the tracking results to be meaningful, as shown by the high errors shown
in Table 4 at input SNRs below 0 dB. This is expected even with the rotor noise reduction
WF applied, since the WF only accounts for noise radiated from the drone’s rotor noise
but not those around it. Therefore, a means to explicitly reduce the influence of rotor noise
arriving from drones other than itself is necessary. Alternatively, a policy that will force the
drones to not arrive at some threshold distance closer to each other is needed. This distance
would ultimately be a trade-off between the separation of the drones and the closeness
to the target sound source (all factors that would eventually determine the input SNR).
While it is desirable to separate the drones far enough to minimise the exposure to adjacent
drone noise, doing so may increase the distance between the drones and the target source,
thus decreasing the input SNR or its likelihood of detecting the target. Therefore, a means
of monitoring this balance would be beneficial. This may also help with the placement
planning process for each drone, as there is a possibility that the optimal positions planned
may cause drones to cross paths, thus leading to collisions between the drones.
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Figure 9. Example sound source trajectory at input SNR of 0 dB in 2D world coordinates (x–y
plane) for the aPAFIM with WF and raPAFIM methods with adjacent drone noise accounted for. The
blue circle indicates the initial location estimate. The black dashed lines are the travel paths of the
four drones.

5.2. Two Sound Source Scenarios

Tables 5 and 6 show the evaluation results in terms of the Euclidean distance be-
tween the true and estimated locations for the two sound source scenarios (a) and (b)
(see Section 4.3), respectively. Examples of the estimated trajectory for all methods are
shown in Figure 10 and Figure 11 for scenario (a) and scenario (b), respectively.
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Figure 10. Example sound source trajectory at an input SNR of −10 dB in 2D world coordinates
(x–y plane) for two-source scenario (a) (without accounting for noise arriving from adjacent drones).
The blue circles indicate the initial location estimates. Trajectories from PAFIM and aPAFIM are not
shown due to the methods failing to complete the simulation (see Table 5).
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Figure 11. Example sound source trajectory at input SNR of −10 dB in 2D world coordinates (x–y
plane) for two source scenario (b) (without accounting for noise arriving from adjacent drones). The
blue circles indicate the initial location estimates. Trajectories from PAFIM and aPAFIM are not shown
due to the methods failing to complete the simulation (see Table 6).
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Table 5. Mean Euclidean distance between the estimated and true source trajectory for two source
scenario (a) (in metres). Note that the results here did not account for the noise that arrives from
adjacent drones. The lowest distance measures are highlighted in bold. N/A indicates that the
simulation failed to complete.

Method
Input SNR (dB)

−30 −20 −10 0 10 20

Source 1 (S1)

PAFIM (Baseline) 36.10 28.77 36.78 37.82 37.26 20.40
PAFIM w/WF [32] 23.63 23.29 24.67 22.23 20.45 22.08

PAFIM w/NCM [32] 24.88 26.34 27.31 23.74 25.73 28.75
rPAFIM [32] 19.21 14.80 19.00 13.17 22.30 14.17

aPAFIM [30] N/A N/A N/A N/A 8.93 29.55
aPAFIM w/WF [30,32] 2.99 22.53 15.08 18.66 2.88 12.00

aPAFIM w/NCM [30,32] 36.94 33.17 30.05 27.77 27.37 21.19
raPAFIM [30,32] 21.31 21.79 20.35 20.78 18.87 21.11

Source 2 (S2)

PAFIM (Baseline) 25.21 33.12 25.97 24.34 21.36 11.20
PAFIM w/WF [32] 14.11 5.80 9.53 5.11 6.84 11.00

PAFIM w/NCM [32] 27.12 24.68 23.12 22.92 21.22 22.37
rPAFIM [32] 29.24 13.39 10.24 12.98 9.00 10.97

aPAFIM [30] N/A N/A N/A N/A 12.99 0.48
aPAFIM w/WF [30,32] 2.66 1.79 1.61 1.71 1.39 0.75

aPAFIM w/NCM [30,32] 27.92 24.33 15.24 24.14 10.97 0.84
raPAFIM [30,32] 2.13 1.89 1.87 2.11 1.37 0.79

Table 6. Mean Euclidean distance between the estimated and true source trajectory for two source
scenario (b) (in metres). Note that the results here did not account for noise arriving from adjacent
drones. The lowest distance measures are highlighted in bold. N/A indicates that the simulation
failed to complete.

Method
Input SNR (dB)

−30 −20 −10 0 10 20

Source 1 (S1)

PAFIM (Baseline) N/A N/A N/A N/A 27.06 17.07
PAFIM w/WF [32] 8.69 13.43 22.22 8.68 6.56 3.33

PAFIM w/NCM [32] 27.84 27.39 17.14 21.90 21.51 27.83
rPAFIM [32] 22.45 24.02 23.98 21.86 17.54 25.11

aPAFIM [30] N/A N/A N/A N/A 3.32 1.09
aPAFIM w/WF [30,32] 17.24 15.27 14.75 18.18 8.67 12.04

aPAFIM w/NCM [30,32] 29.03 14.41 29.24 17.22 32.76 19.62
raPAFIM [30,32] 20.27 20.38 3.09 21.65 2.60 1.44

Source 2 (S2)

PAFIM (Baseline) N/A N/A N/A N/A 5.13 2.20
PAFIM w/WF [32] 3.10 4.52 1.92 2.33 2.28 5.45

PAFIM w/NCM [32] 26.75 25.56 24.03 27.13 29.04 4.02
rPAFIM [32] 15.23 7.57 7.46 8.03 5.20 3.01

aPAFIM [30] N/A N/A N/A N/A 9.80 0.56
aPAFIM w/WF [30,32] 1.16 0.98 1.26 0.93 1.10 0.80

aPAFIM w/NCM [30,32] 33.59 19.04 25.93 22.60 25.67 1.15
raPAFIM [30,32] 2.10 2.21 3.00 1.67 2.74 1.87

Similar to the single-source scenario results, PAFIM with WF showed the highest
tracking performance improvement over the baseline for scenario (a). However, it is also
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apparent that source S2 was tracked much more accurately than source S1. This result is
consistent with or without array placement planning. For methods without array placement
planning, this is expected, as with the true trajectory of S2’s travel being much smaller than
that of S1 for most times, the sound source was relatively close to the drones (microphone
arrays), thus leading to better tracking performance. On the contrary, while methods with
array placement planning generally outperformed methods without them, the contrast
between the tracking performance of S1 and S2 was greater. This is due to the fact that
the probability of observation update (see Section 3.3.1 relies on the sound source being
apparent for the MUSIC method to recognise. When the sound source becomes far away
relative to another sound source, the more apparent sound source will gradually cause
the drones originally designated to track another sound source towards it. For example,
as reflected in Figure 12a, drone MA1, which originally tracked S1, gradually transitioned
its flight path towards S2, which became a less optimal placement for S1 and caused its
tracking accuracy to decrease. This phenomenon was apparent in many methods assessed
in this study (see Table 5). In fact, several cases showed that all drones, after a certain
time step, started to track only one of the sources, and it can be seen that the trajectory,
which originally followed that of one sound source, transitioned to follow another part way
through the tracking process (see Figure 13a). This transition from one source to another
seemed to be influenced significantly by the input SNR between the two sound sources in
relation to the drone during their respective positions at the time. For example, in a special
case using raPAFIM, where S1 was 15 dB louder than S2 (at 0 dB input SNR, see Figure 14)
relative to when both sound sources were both at 0 dB input SNR (see Figure 13), the almost
immediate transition in the sound source was eliminated. It was only until the end that
S2 transitioned into the S1 path, which was likely due to the two sound sources arriving
close to each other. This is expected, because the triangulation process of PAFIM relies
on the MUSIC spectrum calculated from each microphone array, which is influenced by
the SNRs relative to each target source. This phenomenon is also reflected in the previous
study [30], although to a much lesser degree, and the reasoning behind this difference is
likely similar to that discussed with the single sound source scenario. Therefore, to ensure
robust tracking of multiple sound sources, a way to enable the algorithm to fare against
different levels of input SNRs between sound sources is necessary.
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Figure 12. Example sound source trajectory at an input SNR of 0 dB in 2D world coordinates (x–y
plane) using aPAFIM with WF for two-source scenarios (a,b). The blue circles indicate the initial
location estimates. The black dashed trajectories are the travel paths of drones MA1 and MA3, with
the black circles indicating their starting positions.
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Figure 13. Example sound source trajectory at an input SNR of 0 dB in 2D world coordinates (x–y
plane) using raPAFIM for the two sound source scenarios (a,b). The blue circles indicate the initial
location estimates. The black dashed trajectories are the travel paths of the six drones.

The trend shown in the results for scenario (a) was also apparent in scenario (b)
(see Table 6 and Figure 11), where again PAFIM with WF (with or without array placement
planning) showed overall the best SST performance, which is consistent with that shown
in [32]. Furthermore, the issue of some drones shifting towards tracking another sound
source was also apparent in scenario (b). Therefore, regardless of the distance separation
between the two sound sources, there is still a high possibility that drones that were to track
one source may be driven towards another. As such, means to mitigate such shortcomings
are vital in allowing the array placement planning to consistently track multiple sound
sources successfully, which is a main component for future work.
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Figure 14. Special case example sound source trajectory in 2D world coordinates (x–y plane) for
two source scenario (a) using the raPAFIM method. S1 has an input SNR of 15 dB and 0 dB for S2

(without accounting for noise arriving from adjacent drones). The blue circles indicate the initial
location estimates.

It should be noted that in contrast to the single sound source scenario (see Section 5.1),
aPAFIM failed to complete the simulation under lower input SNRs (as shown by the N/A
entries in Tables 5 and 6). It appears that over a certain time step, no drones were able to
achieve a probability of observation p(αi→k|z) ≥ pthre for either one or both of the sound
sources. This was the case for both two source scenario (a) and scenario (b), and is a result
that is very different to that from [30], where all simulations were completed without issues.
However, it is interesting to note that for scenario (b), PAFIM without array placement
planning also failed to complete the simulation for most input SNRs, which is different
from the results seen in most scenarios. Note that while the drones do not move in the
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baseline PAFIM method, the probability of observation update is required when tracking
multiple sources. In this case, it is the source S1 in which PAFIM eventually fails to track
due to no drones having a probability of observation that is above the pthres threshold.
Indeed, since S1 is effectively placed out of the drone’s vicinity and relatively far away,
tracking it becomes much more challenging. With PAFIM relying on past location estimates
to calculate the current sound source location, its tracking errors accumulate over time,
thus causing the method to lose track of the sound source (see Figure 12b. Note that drone
MA1’s flight path, like that in Figure 12a, transitioned from S1 to S2). However, in contrast
to scenario (a) for raPAFIM, the method managed to track both sources well in scenario
(b), as shown in Figure 13b. Therefore, the sound source being farther apart seemed to
help prevent the drones from drawing towards another sound source undesirably. It is also
interesting to note that while for scenario (a), PAFIM appeared to fail to track both sources
across most input SNRs, in scenario (b), S2 was well tracked at an input SNR of 10 dB and
above; this is a result that is similar to methods with array placement planning. This is
expected, since the probability of observation update process is required for multiple sound
sources, even if the drones remain static. Therefore, under low-input SNR conditions, the
observation of the sound source would shift from one source to another. Thus, ways to
allow more robust identification of sound sources are necessary.

Overall, it is apparent that similar to the single sound source scenarios, aPAFIM with
WF and raPAFIM are the two methods that showed decent performance consistent across
most input SNRs. This further emphasises that rotor noise reduction is crucial to ensuring
that the PAFIM-based algorithm functions under realistic (low-input SNR) conditions and
guaranteeing that the array placement planning’s effectiveness is maximised.

5.3. Summary

Overall, despite the simulation scenario being more challenging than those shown
in previous studies [30,32], both the array planning algorithm and rotor noise reduction
methods showed significant improvement in SST performance. In particular, the WF for
rotor noise reduction and the array placement planning algorithm are the more significant
components of performance improvement, and they performed well, even under low-input
SNRS in most cases. Therefore, based on the simulation results, a well-designed WF is
paramount to improve SST performance, especially with the array placement planning
algorithm. However, through the various scenarios tested, many aspects of the system
still require further improvement. We summarise those considerations and suggestions
as follows:

• A noise reduction WF that not only considers the rotor noise of its drone but also
considers noise from other drones is required.

• A policy (design criteria) is required to limit drones from getting too close to each other.
• In a multisound source scenario with more assertive means to enforce drones only

to track their designated sound source is required, especially when there is a sig-
nificant difference in the sound levels perceived by the drones between the target
sound sources.

6. Conclusions

In this study, we compared and performed a detailed assessment of the recent devel-
opments in multidrone sound source tracking algorithms, including a rotor noise reduction
method and an array placement planning algorithm to navigate drones to their optimal
recording positions. Both methods showed significant improvement in SST performance.
However, the methods only worked well under input SNRs and were not representa-
tive of actual drone scenarios. When evaluated under more realistic settings, such as
the consideration of noise from neighbouring drones and more challenging initial drone
placements, most methods struggled with SST accuracy. This resulted in a list of additional
design factors that require consideration to ensure a more robust sound source tracking
performance. Future work includes addressing the shortcomings discovered in this perfor-
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mance assessment and implementing the multidrone sound source tracking system in a
real-life system.
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