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ABSTRACT

A method for obstacle detection using the sound that a drone nat-
urally emits is proposed. The sound emitted from a vehicle, ego-
noise, is often considered a complicating factor for mission fulfil-
ment, without purpose. The idea in this paper is to utilise this ego-
noise for obstacle detection, being the first to perform practical ex-
periments of this. Adding a few microphones to the vehicle, the ego-
noise is utilised as the sound source for echolocation. The method
consists of auto-correlating the received signals to estimate echo de-
lays, using the known array geometry and signal propagation speed
to relate delays to distances, and then beamforming to position tar-
gets. A proof-of-concept has been constructed, and promising results
are presented for experiments in a controlled environment.

Index Terms— Multi-rotor, Drone, Echolocation, Ego-noise,
Obstacle

1. INTRODUCTION

Drones, and specifically multi-rotor aerial vehicles (MRVs), are ever
more present in society. From autonomous delivery to inspection and
more, MRVs see further use for many industrial and commercial ap-
plications. As use increases, further requirements are put on safety.
A crucial part of MRV safety is obstacle avoidance, and many such
methods exist. Obstacles range from small debris to brick walls, and
to be able to avoid an obstacle, one must be able to locate it.

Most commonly, light detection and ranging (LIDAR) or tra-
ditional cameras are used for the task of obstacle localisation, but
using multiple approaches is of interest when there are requirements
for resiliency and redundancy. Audio-based solutions are of interest
as they mitigate some of the shortcomings of light based solutions,
such as the problem of occlusion and detecting transparent objects.
However, the strong influence of ego-noise on measurements make
MRVs a difficult platform for auditory methods and many existing
methods have focused on characterising and limiting the effect of
ego-noise [2—4].

Alternatively, the ego-noise can be used as a sound source for
echolocation, something that has yet to be explored in practice. Be-
yond the merit of already being an intrinsic part of a MRV, ego-
noise also circumvents the problem of strong ego-noise influence as
this becomes an asset. An ego-noise-based approach can be advan-
tageous when compared to other active approaches as the MRV does
not emit any additional signature when compared to a MRVs normal
operation.

*This work has received funding from the European Union Horizon 2020
program (grant agreement no. 101021957 — NIGHTINGALE).
TThis work is based on the author Nilsson’s master’s thesis [1].

The problem of locating an obstacle can, e.g., be solved by find-
ing the position that maximises the likelihood of the obstacle being
at that location. In this formulation, the localisation task boils down
to an optimisation problem. In the context of beamforming, this is
known as steered response-power (SRP). In the SRP beamforming
framework, the localisation problem is usually solved by doing grid
search over a set of positions.

We show that locating obstacles using ego-noise from a MRV is
possible using an auto-correlation SRP beamforming approach. The
main contribution of this paper is the proposed solution to the local-
isation problem, circumventing the problem of low signal-to-noise
ratio (SNR) due to ego-noise, along with the first practical valida-
tion of ego-noise echolocation.

1.1. Related work

The ideas used in this work are at this point well established in the
literature. In the field of radar, the presented setup mirrors that of
multi-static radar [5]. Beamforming has been used as a term since
the 1960s and many techniques are summarised in [6]. Relying on
the auto-correlation of a signal to determine the echo distance is not
a new idea, being part of patent [7] and used in many works. Gen-
eralised cross-correlation (GCC) was formalised in [8], describing
previously used techniques in terms of a weighting function, such as
the smoothed coherence transform (SCOT) and the phase transform
(PHAT) introduced in [9]. DiBiase built upon these techniques in
[10], combining SRP with PHAT (SRP-PHAT) and showing that it
is a natural generalisation of GCC-PHAT.

Saqib and Jensen (along with others) have explored auditory
range sound for mapping and localisation in a series of works [11-
15]. [11] proposes an expectation maximisation (EM) method for
time of arrival (TOA) and direction of arrival (DOA) estimation of
acoustic reflectors using an active approach. [12] gives another ac-
tive TOA estimation approach using a model of early reflections re-
sulting in a statistically optimal nonlinear least squares (NLS) esti-
mator. Further building upon this, they perform real-world tests of
their solution on a robot platform (as opposed to their previously
simulated result) [13]. With their latest work [15], they implement
a complete simultaneous localisation and mapping (SLAM) solution
for acoustic reflector localisation.

Inspiring this work, in [14], they present a method for using
ego-noise echo to sense an acoustic reflector, which is the only pre-
vious work to propose using ego-noise for localisation known to
Saqib et al. and the authors of this work. The proposed time dif-
ference of echo (TDOE) estimator achieves (in simulation) accurate
distance estimates for distances up to around two meters. However,
the authors assume the direct path component of the ego-noise to be
known, an assumption that is non-trivial to realise in a real system.
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Fig. 1. Signal processing chain.
2. METHOD DESCRIPTION

Sound is recorded using an array of microphones and auto-correlation
is applied. By evaluating the auto-correlations over a set of posi-
tions, i.e. using SRP beamforming, the location of obstacles can
be extracted. Here, the assumptions are presented, and then the
localisation solution in detail.

The signal processing chain is illustrated in Fig. 1, the nodes of
which correspond to the operations described below. This can be
viewed as an SRP beamformer with PHAT, which resembles SRP-
PHAT proposed by DiBiase in [10], though the computational ap-
proach is different. Using the auto-correlation makes this technique
a TOA instead of a time difference of arrival (TDOA) solution.

2.1. Signal Model and Assumptions

Throughout this paper, we assume a single echo-inducing obstacle.
The scenario is depicted in Figure 2, where there may be multiple

source signals s;, 7 = 1,..., N,, and multiple microphones m;,
it =1,..., Np. The signal for each microphone m;(t) is given by
1 dum,j
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Here, d. oy is the distance between microphone ¢ and source j, d, ;
is the distance between the obstacle and source j, d., is the distance
between the obstacle and microphone i. Further, c is the speed of
sound in air (¢ = 343m/s) and the measurement noise v is dis-
tributed according to some prior v ~ p,. The sound sources are
approximated as point sources. The signal is thus modelled as the
sum of a direct path and a time-shifted component of the source ego-
noise signals s; () .

2.2. Audio Processing

The audio is processed in frames, batches of length T'. Each frame is
a rectangular window of the continuous audio signal, processed in-
dividually and later combined. The frames are overlapping, denoted
as a percentage of the overlap to total size ratio, e.g., 60 % overlap.
Frame 2 is denoted as
FO) =m0 +1), telo,T) )
where oY is the start offset of frame (2.
The auto-correlation of each frame is given by
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Fig. 2. Conceptual image of distances used in signal model.

The correlation is normalised such that the maximum is equal to 1,
signifying perfect auto-correlation. The signal is also halved, we

only look at cl(-m (t),t > 0. Assuming no significant difference be-
tween the echo and direct path components (except the shift in time
and signal attenuation), the auto-correlation of the signal according
to (1) should show a spike at a time shift that corresponds to the
travel time of the echo, along with the implicit spike at a time shift
of zero. Any spikes that seem to originate from within the bounds
of the array are of no interest, as with the implicit spike at time zero.
For these reasons, this region close to the array is suppressed by ze-

roing the auto-correlation signals according to some threshold ¢,.
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The auto-correlation CEQ)
PHAT [9],i.e.,

(t) is whitened through the use of
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2.3. Position Estimation

The whitened auto-correlation signal wEQ) (t) is an indicator of how
self-similar the audio signal is at time delay ¢t. Assuming the speed
of sound c to be known, the distance from the microphone to the
cause of the echo can be estimated. We evaluate the auto-correlation
signal for a set of time delays that correspond to a set of positions
P = {p = (x,y) : (z,y) € R?*}. For this, we must calculate
the distances d,; , d, , dm; ; for the position. Each position, or time
delay, can then be mapped to an echo intensity by

tr = (dv; +de; — dm, ;) /c ©)
0 (p) = wi (t,). %)

Here, O§Q> : R? — R, maps each position p to an echo intensity.
Using the same coordinate system for all Oﬁm, the delay calculation
of the canonical delay-and-sum (DAS) beamformer is incorporated
in this step. Note that this technique generalises to three dimensions,
but since the proof-of-concept microphones all lay in the same plane
only two dimensions are considered here.

To produce the final position estimate, we first fuse the echo
intensities from multiple microphones. DAS gives,

Ohs(m) =Y 0V (). @®)
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Fig. 3. Proof-of-concept array setup.

Note that other examples such as delay-multiply-and-sum (DMAS)
exist, see e.g. [16]. For the sake of brevity, only DAS is presented
here, but more alternatives are explored in [1]. To improve the SNR,
multiple frames are averaged, i.e.,

1
Opas(p) = Ne > OS5 (p), )
o

where Ngq are the number of frames. Finally, the maximum correla-
tion is used as the position estimate, i.e.,

g = argmax Opas(p). (10)
peP

3. EXPERIMENTAL EVALUATION

The presented method is evaluated in an experiment campaign with
scenarios of increasing realism. Firstly, a stand-alone microphone
rig is used as a proof-of-concept, followed by experiments with a
prototype system mounted on an MRV. Here, the most relevant re-
sults are provided along with a summarisation in Table 1. See [1] for
more results.

3.1. Experiment Setups

The proof-of-concept experiments were conducted using pro-grade
recording equipment with microphones placed in a grid as shown in
Fig. 3, where the placement of the sound source is also displayed.
The microphone placement is assumed be advantageous. Four sets
of recordings were collected for offline processing, each consisting
of six recordings of 60 s, each with a different obstacle location. For
the proof-of-concept, the obstacle was a 6060 cm wooden board.
The two first datasets were collected in an anechoic chamber with a
loudspeaker playing a clean recording of a hovering MRV (Set 1) and
an actual quadcopter with 6” rotors performing throttle modulations
emulating flight as sound sources (Set 2). The procedure was then re-
peated in a conference room (Set 3 and 4, respectively), presumed to
be a more challenging environment. Ground truth was provided by a
Marvelmind Precise (&2 cm) indoor positioning system. The frame
size was set to 2'3 = 8192 samples (0.085 s) with 90 % overlap be-
tween frames. The minimal distance was set to 1.2 m (g, = % s).

For the prototype, a 16SoundsUSB kit [17] was used to record
sound. The 16 microphones were mounted on two concentric circu-
lar carbon fibre frames (radius 0.7 m), offset in height (0.2 m) and in
angle. The array was mounted to a custom quadcopter with 14” ro-
tors, see Fig. 4. One dataset consisting of three recordings around
30s long were collected for offline processing, during which the
quadcopter hovered in front of a wall of corrugated metal. As in
the proof-of-concept experiments, the frame size was set to 212 =
8192 samples (0.085 s) with 90 % overlap. However, the minimal
distance was set to 2.4m (tn = %2 5).

Fig. 4. The prototype drone.

Table 1. Number of localisations with error <0.6 m and the respec-
tive average error.

Set Succ. loc.  Avg. error (succ.)
Set 1 6/6 ~ 0.087m
Set 2 4/6 ~ 0.398 m
Set 3 6/6 ~ 0.129 m
Set 4 3/6

~0.133m
Prototype 0/3 —

3.2. Proof-of-Concept Results

The results from the proof-of-concept experiments are visualised in
Figs. 5-7, where Op a5 (p) for a uniformly spaced grid is visualised.
Note that the peaks in the auto-correlation of each respective micro-
phone gives rise to the bright ellipses in the figures. For true echo
peaks, the most likely obstacle position is the intersection of several
of these ovals. In each figure, green pluses (+) denote microphones,
red crosses () the sound sources, blue stars (x) the ground truth
positions and purple circles (o) the estimates 4.

The anechoic chamber provided an ideal environment for this
application, with minimal reverberations and ambient sound. Un-
der these circumstances, and using the prerecorded hovering sound
(Set 1), the introduced obstacle was easily identified in the result-
ing auto-correlation as illustrated in Fig. 5. Hence, under optimal
circumstances, the results are very promising. Substituting the loud-
speaker for a MRV (Set 2) yielded the results in Fig. 6. Even though
a slightly worse SNR was observed, the localisation results are good,
though slightly biased.

The environment in the conference room was more challenging,
with plenty of surfaces that reflected the sound of the MRV. These
less ideal circumstances had little impact on the ability to locate the
obstacle using the prerecorded sound (Set 3) even though the SNR
was worse. However, the results using the MRV as sound source
(Set 4) was more impacted. See Fig. 7, where a spurious incorrect
peak can be found in front of the array even though the true obstacle
is located to the side. Nevertheless, these results were promising
enough to motivate pursing the prototype.

3.3. Prototype Results

The results from the experiments with the prototype are exemplified
in Fig. 8, and are annotated the same way as the proof-of-concept
illustrations. The results this time are worse, and it is difficult to
locate or even detect the obstacle.

The results of the prototype experiment were less encouraging
than the proof-of-concept results. There could be many reasons for
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Fig. 5. Echo intensity plot from the proof-of-concept anechoic
chamber, speaker source (Set 1) experiment with the obstacle at po-
sition (2,0).
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Fig. 6. Echo intensity plot from the proof-of-concept anechoic
chamber, drone source (Set 2) experiment with the obstacle at po-
sition (3,0).
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Fig. 7. Echo intensity plot from the proof-of-concept conference
room, drone source (Set 4) experiment with the obstacle at position
(2,-1).
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Fig. 8. Echo intensity plot from the prototype experiment with the
obstacle approximately at position (-1,2.5).

this: e.g., the SNR is lower than in the other datasets, the quality
of sound is slightly worse, corrugated metal wall provided a less
optimal reflecting surface and the environment was less ideal. Still,
some correlations can be seen, and an improved physical design in
combination with more advanced signal processing could potentially
improve the results substantially.

4. CONCLUSION AND DISCUSSION

We show that localisation of obstacles using ego-noise is possible,
for the first time in practice. The proposed method for obstacle
echolocation using drone ego-noise was shown in proof-of-concept
experiments to locate obstacles accurately enough to be useful for a
MRV, especially in the more idealised cases (Sets 1-3). The more
challenging Set 2 and 4 sometimes failed by indicating the obstacle
on the opposite side of the array, at the boundary of the region close
to the MRV in which detections were suppressed. This could be a
bias resulting from the design of the proof-of-concept array. Increas-
ing the dead zone might alleviate this issue, but at the price of not
being able to locate obstacles close to the MRV.

In general, the sets that used a real MRV as a sound source
(Set 2 and 4) were more challenging. Reasons could range from
prop-wash to the MRV is not well approximated as a set of point
sources, smudging the results, as well as poor measurement of mi-
crophone/rotor location. With the presented setup, extrapolating
from the achieved results, the limit of useful range seems to be close
the the maximum tested, say 3—5 meters.

There are multiple areas of future studies that were left as out
of scope for this work. For example, firstly, improvements are to
be expected with optimised array design. The approach could also
be made much more computationally efficient by making a more in-
telligent choice of positions to evaluate, for instance combining the
presented approach with a particle filter as with steered beamform-
ing (SBF) [18]. Thirdly, a characterisation of what sound qualities
constitutes good noise for these purposes would help with rotor se-
lection and more.

Further work is needed to have a fully functional system as the
prototype failed to locate the obstacle. Further analysis of the rea-
sons for this is required, but it is probably a combination of the
hardware used and a need for more advanced signal processing to
suppress real-world phenomena such as background noise and prop-
wash.
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