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Abstract— A method has been developed for improving sound
source localization (SSL) using a microphone array from an
unmanned aerial vehicle with multiple rotors, a ‘“multirotor
UAV”. One of the main problems in SSL from a multirotor UAV
is that the ego noise of the rotors on the UAV interferes with
the audio observation and degrades the SSL performance. We
employ a generalized eigenvalue decomposition-based multiple
signal classification (GEVD-MUSIC) algorithm to reduce the
effect of ego noise. While GEVD-MUSIC algorithm requires a
noise correlation matrix corresponding to the auto-correlation
of the multichannel observation of the rotor noise, the noise cor-
relation is nonstationary due to the aerodynamic control of the
UAV. Therefore, we need an adaptive estimation method of the
noise correlation matrix for a robust SSL using GEVD-MUSIC
algorithm. Our method uses a Gaussian process regression to
estimate the noise correlation matrix in each time period from
the measurements of self-monitoring sensors attached to the
UAV such as the pitch-roll-yaw tilt angles, xyz speeds, and motor
control values. Experiments compare our method with existing
SSL methods in terms of precision and recall rates of SSL.
The results demonstrate that our method outperforms existing
methods, especially under high signal-to-noise-ratio conditions.

I. INTRODUCTION

Multirotor unmanned aerial vehicles (UAV) are a useful
and universal sensing platform because they have agility and
mobility regardless of the terrain conditions, and of indoor
or outdoor spaces. While recent research on multirotor UAV-
based airborne sensing has focused on visual information
[1]-[3], the visual modality is unsuitable for detecting hidden
and/or overlapping objects. In the research reported here, we
focused on the use of auditory information for sound source
localization (SSL), i.e., the detection of sound sources with
a microphone array and the estimation of the direction of
arrival (DOA) of the target sound with an algorithm.

Auditory detection using a UAV may be possible even
if obstacles hinder visual detection. Additionally, auditory
sensing is useful for detecting people and animals because
they emit vocal sounds to communicate with others. This
means that auditory sensing is beneficial in search and rescue
tasks and environmental monitoring and surveillance [4]-[7].
An example application is shown in Fig. 1.
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Fig. 1: Example application of SSL using a multirotor UAV. The best way
to find a person who fell into a hole may be to detect the cries for help.

The main problem in using a multirotor UAV for SSL is
that the ego noise degrades the SSL performance. This is
because the ego noise has two characteristics in particular:
(1) loudness and (2) nonstationarity. The ego noise of a
multirotor UAV is generated mainly around the motors and
rotors. Since the microphones have to be attached near these
noise sources to prevent a loss of thrust, the noise power is
high. The ego noise is nonstationary because the rotational
speed of each motor dynamically changes in response to
midair position control.

A generalized eigenvalue decomposition-based multiple
signal classification (GEVD-MUSIC) algorithm [8] reduces
the effect of ego noise. The GEVD-MUSIC algorithm uses
a spatial correlation matrix of the noise component to cancel
the noise signal during yielding the DOA spectrum. Since the
noise correlation matrix is assumed to be stationary, adaptive
estimation of the matrix is a critical issue for SSL under
nonstationary ego noise conditions.

There remain several drawbacks in existing SSL methods
using the GEVD-MUSIC algorithm, especially with respect
to estimating noise correlation matrix. The iGEVD-MUSIC
algorithm developed by Okutani et al. [9] regards the spa-
tial correlation matrix of preceding observation as a noise
correlation matrix. Since this algorithm is based on the
assumption that the target sound changes more dynamically
than noise, a stationary target sound might be incorrectly
regarded as noise. Ince et al. [10] proposed an SSL method
using a template database in order to suppress ego noise of a
humanoid robot that stems from its joint motion. A template
is composed of monitoring data from joint sensors and the
spectrum of the ego noise. The noise corresponding to the
joint sensor data that do not exist in the database may be
incorrectly estimated because each template is found using
a nearest neighbor search.
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Fig. 2: Our SSL method has two parts: 1) regression of noise correlation matrix using a Gaussian process
and 2) spatial whitening of ego noise using GEVD-MUSIC algorithm.

We propose a Gaussian process regression [11] of the
noise correlation matrix with the data collected by self-
monitoring sensors attached to a UAV body. Unlike iGEVD-
MUSIC method, our method can prevent the mis-suppression
of a stationary target sound because the matrix is estimated
from the training data of noise unmixed with the target
sound. Additionally, our model allows an interpolation of
matrices for a robust noise correlation matrix estimation.
This is important because a sensory measurement of the UAV
cannot be exactly the same as those in the database.

Our SSL method consists of two parts, as shown in Fig.
2. The first part is regression of the noise correlation matrix
using a Gaussian process. The other is an ego noise reduction
with spatial whitening using a GEVD-MUSIC algorithm and
the noise correlation matrix. We first describe how we use the
Gaussian process regression to estimate the noise correlation
matrices from the self-monitoring data. Then, we introduce
an ordinary MUSIC algorithm, and extend it to the GEVD-
MUSIC algorithm that uses the noise correlation matrices so
as to suppress the effect of the noise signal.

II. REGRESSION OF NOISE CORRELATION MATRIX

We use a Gaussian process regression to estimate a noise
correlation matrix because a complicated dependence be-
tween self-monitoring data and the matrix makes it difficult
to obtain a parametric model. A Gaussian process [11],
which is a stochastic process over continuous space, is
used for regression because it describes the distribution over
functions:

F(x) ~ GP(m(x),k(x,x)), (1)

where m is the mean function, and %k is the covariance
function or kernel. The mean value of function f(x) at
location x is m(x), and the covariance is k(x,x'), i.e., the

distance between x and x’ through the kernel. The parameters
for the Gaussian process are learned from training data
collected beforehand.

We use the self-monitoring data of a multirotor UAV, uy,
as the features and the vectorized noise correlation matrix,
V:,7, as the dependent variables:

g 10, 2)

Ver =gt

u = [1/[[71, N
Ve pmM1)] s (3)

where subscript 7 is the time frame index, f is the frequency
bin, and M is the number of microphones.
Each feature vector comprises the following elements:

o U 1,...,U 3: pitch-roll-yaw angles,
o Urd,... U 6! XyZ speeds,
o U7,...,u 10: pulse width modulation (PWM) values.

Pitch, roll, and yaw represent 3D rotation in the Euler angle
coordinate system. Pitch is the up and down motion of the
nose of the UAV. Roll is the left and right tilt, and yaw is the
orientation of the head, as illustrated in Fig. 3, which also
shows the XYZ axes. The PWM, a motor control value, is
the ratio of the pulse width and pulse period of the motor
input. As we used a quadrotor UAV, the PWM values had
four elements.

The noise correlation matrix needs to be vectorized be-
cause a Gaussian process regression is unable to directly
handle a matrix. Though a noise correlation matrix has
Hermitian symmetry, this redundant structure is incompat-
ible with the Gaussian process assumption that dependent
variables have a Gaussian distribution. First, we perform
Cholesky decomposition on noise correlation matrix Q, r. We
obtain an upper triangular matrix L; ¢ to reduce redundancy:

Qi =LL, . “4)
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Fig. 3: Coordinate system of 3D rotation describing UAV’s attitude.

Next we take the square roots of diagonal elements of
L;; and concatenate the upper triangular elements of the
column vectors into an M (M + 1) /2-dimensional vector, v; ¢.
Taking the square roots ensures positive semi-definiteness of
Q;,r. We assume that the mean of the prior distribution of
Q;,r is the identity matrix because using the identity matrix
means the absence of directional noise in the GEVD-MUSIC
algorithm. The relationship between L; s and v; ¢ is given by

2
Vera Ver2 Vi fdy—(M~1)
Vif3 Vi fody—(M~2)
L s= . —Iy, (5
2
0 Vi.f.dy

where dy = M(M +1)/2.

We compute as the regression result the mean of the
conditional distribution of the dependent variable vriir
given the training data D and a newly observed feature ur;:

p(vr+1|D,ury1). (6)

The training data set D is {(w;,v; f)}=1,.7, Which is
collected beforehand in the absence of target sound sources.
We obtain the mean, m(vr1 ), as

-1
m(vri1,r) =kp (Kr +p*Ir) V;f, (7)
VT,f:[Vl.f7"'7VT,f]7 (8)

where p? is the variance of the additive noise in the feature
vectors. In (7), kr and K7 are given by
k17T+1 kl,l kl,T
kr=| @ |, Ke=|: . . ©
kr.r+1 kr1 kr.r

We abbreviate k(u;,u;) as k; j. K7 is a Gramian matrix. We
use with a little change the Mahalanobis kernel [12], which
is based on a radial basis function kernel:

IR e
k(u,.,u,.>:exp<_ y(u; —u;)TZ ! (u; u,>>’ (10,

dim(w;)

where £~ ! is a matrix that has variances on the diagonal. We
normalize the scale of each element of the feature vectors
by using a Mahalanobis kernel.

III. MUSIC AND GEVD-MUSIC ALGORITHMS

The multiple signal classification (MUSIC) algorithm [13]
is a subspace-based DOA estimation algorithm. It decom-
poses an observed noisy signal into the signal subspace
and noise subspace to obtain the spatial spectrum of DOA,

the MUSIC spectrum. A MUSIC spectrum has peak values
corresponding to the directions from which sounds are com-
ing. The noise used here is diffuse noise; directional noise
might create peaks in the MUSIC spectrum. To remove any
peaks created by directional noise, we use a GEVD-MUSIC
algorithm [8] with additional information for noise: a noise
correlation matrix. Let’s take a look at these algorithms in
detail.

We assume the situation is one in which we observe N
target sounds z, y with M microphones. We consider the
observed signal to be a time-frequency representation, X; r,
which is obtained by short-time Fourier transform (STFT):

(1)
12)

X f = [xt,f,lwnaxt.f.,M]Ta
Zip = a1, aZt,f,N}T-
We can write observed noisy signal x, y with additive diffuse

noise ny r as

Xip = Az ptn g (13)

Let A be an M x N steering matrix containing prior knowl-
edge of the microphone array geometry:

Af: [af_rgl,...,af,@N}. (14)

Each column vector of the steering matrix is called a steering
vector and describes the process of signal arrival from a
particular direction. The spatial correlation matrix of the
observed signal, R; ¢, is given by

15)
(16)

Rt,f == IE [XtﬁfX}_If} = St,f + G‘/%IM,
Sty =Asz A}

where szv is the variance of the noise, and I,; is the M x M
identity matrix. The superscript H is the adjoint operator.
The E[x, ;x;'] is calculated as the time average of x, ;x;';.

Let Ar,; be the i-th largest eigenvalue of matrix R, f,
and eg; be the corresponding eigenvector. The eigenspace
of R, s is decomposed into two orthogonal subspaces: the

signal subspace span(egr,i,...,ery) and the noise subspace
span(eR7N+1,...7eR7M). The latter is written as
1
Span(eS,N+1 yeee 7eS,M) = Span(afﬂ] PR 7af,9}v) : (17)

We define the spatial spectrum, p; s, based on the orthogo-
nality of these subspaces as

Prs=[Prfors-Prro,] (18)
||a¥,e,-afyel- |
M b)
YNt |an-'I,6,-eR.i|2

where A is the number of steering vectors. In this definition,
as the denominator reaches zero when the direction of the
steering vector and the DOA of the target sound are the
same, we obtain the peak value in the spectrum. Since target
sounds ordinarily cover a wide frequency range, we use the
weighted sum of p;  in a certain frequency band:

Pr.f.6; = (19)

Pr = Zwt,fpt,f, (20)
f
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where w;y is a weight, which is typically the principal
eigenvalue Ag ;.

In the MUSIC algorithm, directional noise can be in-
correctly identified as the target sound because noise is
assumed to be relatively small and diffuse. To enable target
sounds to be distinguished from directional noise, we use
a GEVD-MUSIC algorithm. Instead of standard eigenvalue
decomposition (SEVD) as used in the MUSIC algorithm,
generalized eigenvalue decomposition (GEVD) of R,y is
used with noise correlation matrix Q; s:

R, sep; = Ag Qi reR ;; 21

where 7Ll'17i is the i-th largest generalized eigenvalue of matrix
R, and eki is the corresponding generalized eigenvector. In
most cases, since Q;,; is Hermitian and positive definite, Q; ¢
is decomposed as

Q. f =P, (22)

Equation (21) is identical to the eigenvalue decomposition of
RL  after spatial whitening of directional noise using D

M
—H —1 H
Rb:QﬁRMQJ:Z%w%¢Mr (23)
i=1

The way this whitening works is as follows.
When noise n, ¢ in (13) is directional, spatial correlation
matrix R, s is obtained as

Ri =8 7+Quy

instead of as shown in (15). Substitution of (24) into (23)
yields

(24)

—H —1
R;,f = ¢l‘,f St,f¢t,f +IM (25)
Since the rank of the first term, <I>; }{St, fd>; }, is N, we obtain
the spatial spectrum using generalized eigenvectors ey ; in a
manner similar to that discussed above. Thus, we verify the
spatial whitening using GEVD.

IV. EVALUATION

We conducted several experiments to evaluate the perfor-
mance of our SSL method. We used acoustic signal and
monitoring data as input data, and we obtained MUSIC
spectra and DOA estimations as output.

A. SSL System Construction

We constructed the SSL system as shown in Fig. 4. We
used an AR.Drone! as the multirotor UAV. It has several
kinds of built-in sensors: a 6-degrees of freedom inertial
measurement unit, ultrasound telemeters, and cameras for
ground speed measurement. The data collected by these
sensors are called navigation data, which is abbreviated as
navdata. We equipped the AR.Drone with a microphone
array and a RASP-24? signal processing unit, as shown in
Fig. 5. The microphone array had eight MEMS microphones

lardrone.parrot.com
2www.sifi.co.jp

Sensing Unit (UAV and Sensors) 1 i !E

&5 il

Built-in Sensors of AR.Drone: RASP-24 and 8 Microphones:
Angles, Speeds, PWM Synchronized Recording
| |

A 4
Synchronizing Unit HARK-ROS:
(ROS and HARK) Acoustic Signal to ROS topic
y
{ ROS: Synchronization and Data Format Conversion ]

Analysis Unit (MATLAB)

MATLAB Scripts:
GPR of Noise Correlation Matirx and SSL with GEVD-MUSIC

Fig. 4: SSL system used for evaluation.

Fig. 5: Sensing unit consisting of an AR.Drone, a RASP-24 signal
processing unit and a microphone array, which had eight
microphones at the locations marked by red circles.

facing outward that were equally spaced in a circular frame-
work. We reduced the weight of the AR.Drone by removing
unneeded components because it originally lacked the ability
to carry the signal processing unit and microphone array.
We used as the recording system the HRI-JP Audition
for Robots with Kyoto University (HARK)? and the Robot
Operating System (ROS)*. HARK is a collection of modules
for robot audition that enabled us to publish a ROS topic
containing a multichannel acoustic signal recorded using
the signal processing unit. ROS is used as a platform for
operating many kinds of robots. Using this software, we
collected the acoustic signals corresponding to the navdata.

B. Experimental Conditions

We recorded the noise of the AR.Drone for approximately
200 s during hovering and 400 s during moving in an
anechoic chamber. We used one-fifth of each flight for test
data and the rest for training data. The test data, which
contained the target sound and noise, was made by using a
simulation mixture. As prior knowledge of the microphone
array geometry, we computed 72 steering vectors using a
time-stretched pulse response.

The sampling rate of the acoustic signals was 16,000 Hz,
and the navdata was obtained per 60 ms on average. As we
obtained a time frame of the acoustic signals per 16 ms after
STFT, the navdata were linearly interpolated to fill the gaps
of these sampling rates. The STFT frame length was 512
samples, and the shift length was 256 samples. We used a
Hann window.

3

*www.ros.org

winnie.kuis.kyoto-u.ac.jp/HARK/
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Fig. 7: F-values at equilibrium points under each condition of SNR
and target sound frequency.

The spectrogram of the AR.Drone noise shown in Fig.
6 revealed that the noise energy was unevenly distributed
across the frequency zones and tended to be concentrated in
the low-frequency zone.

C. Frequency Response

First we evaluated the SSL performance by changing the
signal to noise ratio (SNR) and the frequency of the target
sound, which was assumed to be a pure tone. The perfor-
mance was evaluated by using the F-values at the equilibrium
point, which is defined as the point where precision equaled
recall. The precision and recall of the MUSIC spectra P,
which has p; as column vectors, were calculated using

#{(t,0) | pro>¢& and p; g =1}
Prel®) = 0 ezl
#{(1,0) | pro > & and p g =1}

0 g=11

where & is the threshold for P, and p/ , is an element of a
reference spatial spectrum that has 1 in the correct DOA of
each target sound. The # denotes the number of elements in
a set.

Fig. 7 shows that the lower the SNR, the more difficult
it was to detect a target sound with a low frequency. This
result agrees with the spectrogram of the noise shown in Fig.
6 and thus suggests that noise likely masked target sounds
that had a low frequency.

(26)

Rec(P) = Q7
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Fig. 8: F-values of equilibrium points under various SNR conditions.
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Fig. 9: F-values of DOA estimations by VBHMM-based thresholding
under various SNR conditions.

D. Performance with Simulated Data

We experimentally compared the performance of our
method with those of the existing methods. We generated two
sets of test data by simulation using both the hovering noise
and the moving noise. These sets contained three kinds of
target sound data: human speech, pure tone, and white signal.
Here, white means having a constant power spectral density
in the frequency domain, not spatially. These target sounds
arrived from different directions repeatedly. We compared
our method to three existing methods. One uses an ordinary
MUSIC algorithm, without spatial whitening of the noise.
One uses the GEVD-MUSIC algorithm with a constant noise
correlation matrix, which is the time average of the test data.
The other uses the iIGEVD-MUSIC algorithm, which regards
the preceding observation as noise.
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Fig. 10: MUSIC spectra and DOA estimations for each method of constructing noise correlation matrix. (“reg.” denotes proposed method,
“SEVD” denotes method using ordinary MUSIC, “const.” denotes method using GEVD-MUSIC with constant noise correlation
matrix, “iIGEVD” denotes method using iGEVD-MUSIC, and “ref.” denotes method using correct noise correlation matrix.)
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