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Abstract— We present a novel, robust sound source local-
ization algorithm considering back-propagation signals. Sound
propagation paths are estimated by generating direct and
reflection acoustic rays based on ray tracing in a backward
manner. We then compute the back-propagation signals by
designing and using the impulse response of the backward
sound propagation based on the acoustic ray paths. For iden-
tifying the 3D source position, we use a well-established Monte
Carlo localization method. Candidates for a source position are
determined by identifying convergence regions of acoustic ray
paths. Those candidates are validated by measuring similarities
between back-propagation signals, under the assumption that
the back-propagation signals of different acoustic ray paths
should be similar near the ground-truth sound source position.
Thanks to considering similarities of back-propagation signals,
our approach can localize a source position with an averaged
error of 0.55 m in a room of 7 m by 7 m area with 3 m height in
tested environments. We also place additional 67 dB and 77 dB
white noise at the background, to test the robustness of our
approach. Overall, we observe a 7 % to 100 % improvement
in accuracy over the state-of-the-art method.

I. INTRODUCTION
As robots become more widely available, it is getting more

imperative for a robot to understand environments for safe
and accurate operations. There have been many kinds of
research efforts to perceive the environments by acquiring
and using data from hardware sensors. One of the main
research topics for understanding the environments focuses
on identifying locations of a robot itself and other objects
in environments from collected data by vision cameras and
depth sensors. Departing from these approaches, an acoustic
data measured by acoustic sensors has recently attracted
attention as an important clue for localizing various objects.

The problem identifying the location of a sound source
from collected acoustic data is widely known as the sound
source localization (SSL). There has been a significant
amount of efforts to localize a sound source by estimating
direction of arrival (DOA) of sound waves. There have been
fundamental methods for estimating DOA based on time
difference of arrival (TDOA) of a microphone array [1],
[2], [3], and the beamforming algorithms are widely used
to enhance desired signals at the specific directions from the
sound source [4], [5], [6].

Thanks to the advantage of the spherical configuration,
many DOA estimation methods focus on using the spheri-
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Fig. 1. Our approach generates direct and indirect acoustic ray paths
and localizes the sound source while considering back-propagation signals
on generated acoustic ray paths. The back-propagation signals are virtually
computed signals that could be heard at particular locations and computed
by using impulse responses. When two back-propagation signals of acoustic
ray paths are highly correlated, we treat them to be originated from the same
source.

cal microphone arrays. Rafaely [7] presented a theoretical
framework of spherical harmonic array processing, and the
delay-and-sum beamformer is extended to process on the
spherical harmonics domain. Many advanced beamform-
ing techniques [8], [9], [10] were proposed by using the
minimum variance distortionless response (MVDR) power
spectra on the spherical harmonics domain. Li et al. [11] pre-
sented a MUSIC (Multiple Signal Classification) based DOA
estimation algorithm, which uses orthogonality between a
noise-only subspace and a signal-plus-noise subspace on the
spherical harmonics domain.

Unfortunately, these methods were designed for detecting
DOA, not the 3D location of a sound source in an arbitrary
environment. Especially, when a sound source is occluded
by an obstacle, most prior approaches cannot specify the
location of the source generating the sound signal.

To address this issue, recent techniques were proposed to
find a 3D source location even if the sound source is in the
non-line-of-sight state [12], [13]. These techniques estimate
sound propagation paths from the source to microphones as
acoustic rays, generated by the ray tracing technique, and
identify the 3D source location by using generated acoustic
rays. However, the accuracy of these methods decreases
in environments with background noise and imperfect re-
construction of the 3D environments. This low accuracy is
caused mainly because several errors, like background noise
and imperfect 3D reconstruction, are accumulated along each
acoustic ray for estimating the source location.
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Main Contributions. To robustly identify the sound source
location, we present a novel, sound source localization
algorithm using back-propagation signals (Fig. 1). Using a
beamforming algorithm, we first compute DOA of the sound
wave and separation signals corresponding to those specific
DOAs (Sec. II-A). We then estimate sound propagation paths
by generating acoustic ray paths in the reverse direction
to DOAs of the sound (Sec. II-B), and compute the back-
propagation signals using the impulse response of the acous-
tic ray path from the separation signal (Sec. II-C). Intuitively
speaking, back-propagation signals are virtually computed
signals that could be heard at a particular location on acoustic
paths from the measured signals at the microphone array.

Finally, we use the Monte Carlo localization algorithm
estimating a location of the sound as a converging region
of computed acoustic ray paths. In particular, we utilize the
computed back-propagation signals of different acoustic ray
paths for robust estimation of the sound location, under the
intuitive assumption that acoustic paths coming from the
same sound source should have similar back-propagation
signals at the estimated location (Sec. II-D).

II. SOUND SOURCE LOCALIZATION USING
BACK-PROPAGATED SIGNALS

Our work is built upon ray tracing-based sound source
localization (SSL) [13]. In a real environment involving
moving sound sources, obstacles, or noise, acoustic rays
generated naively by the prior ray tracing based SSL may
converge to a position other than the actual location of the
sound source.

To solve this problem, we aim to generate and utilize
back-propagation signals to a candidate 3D location along
each acoustic ray. This back-propagation signals at a location
can be computed by simulating the reverse process of sound
propagation, i.e., by reversely performing ray tracing.

A. Beamforming

To generate acoustic rays, we estimate DOAs of the
sound waves at the spherical microphone array using a
EB-MVDR (Eigenbeam-minimum variance distortionless re-
sponse) beamformer [8], [9], [10]. Note that our input signals
are measured by almost uniformly sampled microphones
on a rigid sphere (32 channel microphone positions), but
each microphone signal is, in fact, a mixture of signals
from different directions. We therefore aim to extract signals
from different DOAs, and for this purpose, the EB-MVDR
beamformer is utilized.

The array signal, x = [x1(k), · · · ,xQ(k)]T , measured by
Q microphones of the spherical array consists of sound
pressure signals p = [p1(k), · · · , pQ(k)]T and noise signals,
n = [n1(k), · · · ,nQ(k)]T :

x = p+n, (1)

where k = 2π f/c is the wavenumber determined by the
frequency f and speed of sound c. Note that the measured
sound signal p is the consequence of sound propagation and
reflections through a direct or indirect propagation path. We

apply the spherical Fourier transform (SFT) to the array
signal x [7], which yields the spherical harmonic (SH)
coefficients xνµ defined over different orders ν and degrees
µ of spherical harmonics. For the SH coefficients measured
up to the order ν = ν ′, there are (ν ′+ 1)2 coefficients in
total. Since the SFT is a linear operation, we also have the
following relation:

xνµ = pνµ +nνµ , (2)

Our objective is to identify DOAs and extract the sound
signal coming from each DOA. The beamformer does this
by multiplying a beamformer weight vector wνµ(Ω) defined
for a specific pair of zenith and azimuth angle Ω = (θ ,φ)
to the measured signal xνµ . The output of the beamformer
S, therefore, can be written as the inner product of wνµ(Ω)
and xνµ :

S(Ω) = wνµ(Ω)Hxνµ , (3)

where (·)H is the Hermitian transpose. Among many beam-
formers, we adopt the EB-MVDR that is known to provide
a good spatial resolution and signal separation performance.
With the EB-MVDR beamformer, DOAs are estimated from
the beamforming power defined as:

βMV (Ω) =
1

vνµ(Ω)HR−1
xνµ xνµ

vνµ(Ω)
, (4)

where Rxνµ xνµ
is the covariance matrix of which elements are

cross-spectral densities of measured signals xνµ , and vνµ(Ω)
denotes a steering vector given by the wave propagation
model. In this work, we use the plane wave model to define
the steering vector vνµ . Fig. 2 shows the beamforming power
calculated for every direction Ω; all directions correspond to
10242 grids on the unit sphere that is based on the recursive
subdivision of an icosahedron [14].

Local maxima of the beamforming power can represent
the direct and indirect DOAs of the propagation paths. That
is

[d1,d2, · · · ,dN ] = Fmax{βMV (Ω)}, (5)

where dn = (cosφn sinθn,sinφn sinθn,cosθn) denotes a di-
rectional vector of the n-th local maximum of the beam-
forming power among N different local maxima in a frame,
and Fmax{·} is a function for finding local maxima of the
beam energy function. In practice, we identify top-four local
maxima on average in our tested experiments.

We then extract sound signals, called the separated signal
Sn, coming from a specific direction Ωn with the directional
vector dn. The beamformer weight wνµ(Ωn) of the EB-
MVDR beamformer is given by:

wνµ(Ωn) =
vνµ(Ωn)

HR−1
xνµ xνµ

vνµ(Ωn)HR−1
xνµ xνµ

vνµ(Ωn)
, (6)

which minimizes the total beamforming power while sat-
isfying the distortionless-response constraint to the looking
direction Ωn

(
wνµ(Ωn)

Hvνµ(Ωn) = 1
)
. This beamformer

weight is used in Eq. 3 for computing four separated signals
Sn.
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Fig. 2. A beamforming power is computed by a beamforming algorithm,
where the horizontal axis is the azimuth angle and the vertical axis is the
zenith angle of the unit sphere. Local maxima of the beamforming power are
treated most significant directions of arrival (DOAs) of sound. The sound
signal impinging from each DOA is extracted by applying the EB-MVDR
beamformer to the signals measured by microphones.

The separated signals are then back-propagated to the
directions dn by reconstructing acoustic rays to the true
source positions.

B. Acoustic ray tracing

We explain how to generate acoustic rays from estimated
directions [d1,d2, · · · ,dN ] that are the reverse directions of
incoming sounds. We want to estimate propagated paths
(e.g., direct and reflection paths) of the sound from its source
location to the microphone array location using the acoustic
rays. We generate such acoustic rays considering direct and
reflection paths based on the RA-SSL algorithm [13].

Unlike the prior work of RA-SSL, we use a mesh rep-
resentation of the surroundings captured from sensors. We
construct the mesh that is robust to minor noise, and use
it for acoustic interactions between the surroundings and
generated acoustic rays. Starting from the point cloud
collected by the depth sensor, i.e., Velodyne VLP-16, we
apply the voxelization in order to reduce the sensor noise,
and then reconstruct the environment in the form of a mesh
map from the voxelized point cloud using the Poisson surface
reconstruction algorithm [15].

For the n-th acoustic ray path, denoted by Rn, its primary
acoustic ray, r0

n, is created into the n-th direction vector
dn, as shown in Fig. 3. If the acoustic ray collides with
an obstacle, its secondary, reflection ray is generated by
assuming the specular reflection, and is denoted by r1

n, where
the superscript represents the order of the acoustic ray path;
refer to [13] for the detailed process on ray generation. When
Rn is propagated until a (D− 1)-th order, it indicates that
the acoustic ray path Rn consists of D acoustic rays: i.e.,
Rn = [r0

n,r
1
n, · · · ,rD−1

n ].

C. Back-propagation signals

We introduce how to compute back-propagation signals
based on the generated acoustic ray paths [R1,R2, · · · ,RN ]
and separated signals [S1,S2, · · · ,SN ]; there is a tuple of

Triangle d

Triangle 1

: Back-propagation
signal

: Separation 
signal Origin of 

the microphone array

Fig. 3. An example of generating an acoustic ray path Rn and its back-
propagation signal. The primary acoustic ray, r0

n , of the n-th acoustic ray path
Rn is generated to the direction vector dn that is the reverse direction of the
n-th incoming sound. When the acoustic ray r0

n hits an obstacle represented
by Triangle 1, its reflection acoustic ray r1

n is generated according to the
specular reflection based on the normal vector n1 of Triangle 1. The back-
propagation signal Pn is computed by using the impulse response of Rn at
a specific point, Πn, on the path from the separated signal Sn.

(Rn,Sn) for the reverse direction vector dn of the n-th
incoming sound. We want to compute the back-propagation
signal Pn from the separated signal Sn by designing and using
an impulse response of backward sound propagation based
on the acoustic ray path Rn. The impulse response describes
the reaction of any linear system as a function of time-
independent variables; the input is the separated signal and
the output is the back-propagation signal in our approach.

In this work, we utilize the impulse response for the
backward propagation to improve the accuracy of the sound
source localization. In forward sound propagations [16], [17],
[18], [19], the impulse response of an acoustic ray path
is described by sound attenuations according to the travel
distance of a ray path and reflection. For example, the
travel distance attenuation represents the decrease of sound
pressure inversely proportional to the travel distance of the
ray path, because the sound is propagated according to the
spherical wave in 3D environments; similar for the reflection
attenuation.

On the other hand, for the backward propagation problem,
the attenuation of travel distance and reflection becomes an
amplification of the sound pressure. Suppose that we aim
to compute the back-propagation signal from the starting
point to a specific point, Πn (Fig. 3), on an acoustic ray
path using the backward impulse response, where there is
the n-th tuple (Rn,Sn) and the acoustic ray path Rn consists
of D acoustic rays [r0

n, · · · ,rD−1
n ]; r0

n is a primary ray and rd
n

is the d-th reflection ray (1 ≤ d ≤ D−1). In the frequency
domain, the backward impulse response, HΠn

n , is described
by amplifications because of the travel distance l and the
reflection until the d-th order reflection ray rd

n :

HΠn
n [k] = exp

(
ikl
c

)
·AT [l] ·AR[Rn,d,k], (7)

where the term inside the exponential function is for shift-
ing the back-propagation signal to the time delay of the
sound propagation at the specific point Πn and i is the
imaginary unit. AT is a coefficient of the travel distance
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Fig. 4. Examples of determining the point of the acoustic ray path
for computing the back-propagation signal. For the particle of x2

j , the
perpendicular foots πd

2 on all d-th order acoustic rays of the n-th acoustic
ray path are computed. We then decide the representative perpendicular foot
Π2

n satisfying the shortest distance from x2
j to Rn.

amplification, and is defined by a function of the travel
distance l: AT [l] = 4π(1+ l). Also, AR is a coefficient of
the reflection amplification, and is defined by considering
specular reflections until the d-th order reflection ray:

AR[Rn,d,k] =
d

∏
δ=1

[
1

Γδ [k]

]
, (8)

where Γδ denotes the reflectivity (reflection coefficient) of
the triangle hit by the (δ − 1)-th order ray; the reflection
coefficient is a function of wavenumber k and we refer to
coefficient values reported by [20].

The back-propagation signal PΠn
n at the specific point Πn

on the acoustic ray path Rn is finally computed by the product
of the backward impulse response HΠn

n and the separated
signal Sn in the frequency domain:

PΠn
n [k] = Sn[k] ·HΠn

n [k]. (9)

D. Estimating a source position

Our estimation process of localizing the sound source is
based on the Monte Carlo (MC) localization method. The
MC sound source localization identifying the convergence
region of acoustic ray paths was suggested in the prior work
(RA-SSL) [13]; the convergence region means the area where
acoustic ray paths gather.

However, the accuracy of MC localization can decrease
in real environments. When there are background noises of
sound or complex scene configurations causing uncertainty
of the reconstructed environment, they can trigger to gen-
erate many arbitrary or incoherent acoustic ray paths. By
considering back-propagation signals, we aim to identify
those arbitrary and incoherent acoustic ray paths and cull
away acoustic ray paths with different back-propagation
signals indicating that they are from different sound sources.
Intuitively speaking, if there are two acoustic ray paths
caused by the same source, their back-propagation signals
should be similar near the location of their sound source. In
other words, when back-propagation signals of two acoustic
ray paths are different at a location, the location is unlikely to
be a candidate for a converging region of the sound source.

The MC localization consists of three parts: sampling,
computing a weight of particles, and resampling. The main

differentiation of our approach over the prior technique is
that our method improves the localization accuracy based on
a novel module for computing weights of particles based on
our back-propagation signals.

Suppose there are i-th particles, xi
j, representing hypothet-

ical locations of the sound source at a j frame. We compute
how close the particle is to acoustic ray paths. For this, we
define a specific point Πi

n, which is decided to be the point
satisfying the shortest distance between xi

j and any point
on the n-th acoustic ray path; i.e., Πi

n = argmin
πd

i
||xi

j−πd
i ||,

where πd
i is the perpendicular foot on the d-th order acoustic

ray from the xi
j position (Fig. 4). We then compute our back-

propagation signal according to Eq. 7 at the shortest point
Πi

n on the n-th acoustic ray path from the particle xi
j.

From the back-propagation signal PΠi
n

n [k] in the frequency
domain, we compute the back-propagation signal pΠi

n
n [t] in

the time domain signal. We then calculate a particle weight,
wi

j, representing the probability of being a convergence
region of the sound source, based on two factors: a distance
weight, wd , representing how away the particle is from the
n-th acoustic ray path and a similarity weight, ws, indicating
how similar between pΠi

n
n [t] and other signals given acoustic

ray paths:

wi
j = P(O j|xi

j) =
1
nc

N j

∑
n=1

[wd(xi
j,Rn) ·ws(xi

j,Rn)], (10)

where N j is the number of acoustic ray paths at the j

frame, O j is the observation containing [P
Πi

1
1 , · · · ,P

Πi
N j

N j
] and

[R1, · · · ,RN j ], and nc is a normalizing constant.
The distance weight wd is calculated by using the Eu-

clidean distance between the particle location xi
j and the point

Πi
n:

wd(xi
j,Rn) = G(||xi

j−Π
i
n|| |0,σw), (11)

where G is the Gaussian distribution function with the zero
mean and a standard deviation σw. wd is maximized when
the particle xi

j is on the perpendicular foot Πi
n. The similarity

weight ws(xi
j,Rn) measures the similarity between the back-

propagation signal pΠi
n

n from the n-th acoustic ray path and
ones of other acoustic ray paths:

1
ns

N j

∑
m=1,m 6=n

{
L−(1−α)·lcc(n,m)

L , if acc(n,m)> ath

0, otherwise,
(12)

where ns is the normalizing constant, L is the length of the
back-propagation signal, acc(·) is the peak coefficient in a
normalized range of −1 to 1, lcc(·) is the peak coefficient
delay, α denotes a parameter for adjusting the similarity
weight, and ath denotes the threshold value of acc(·). Both
variables of acc(·) and lcc(·) are computed by applying the
cross-correlation operation between n-th and m-th signals:

acc(n,m) = max{(pΠi
n

n ? pΠi
m

m )[τ]},

lcc(n,m) = argmaxτ{(pΠi
n

n ? pΠi
m

m )[τ]},
(13)

where ? is the cross-correlation operator.
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Fig. 5. An example of computing the peak coefficient acc and the peak
coefficient delay lcc by using the cross-correlation operation. Given two
back-propagation signals, pΠi

n
n and pΠi

m
m at Πi

n and Πi
m, respectively, we

perform the cross-correlation operation between two signals. The maximum
coefficient becomes the peak coefficient acc and the time delay from the time
origin, 0, to the time realizing the maximum coefficient becomes the peak
coefficient delay lcc.

As shown in Fig. 5, acc(·) represents how much both
back-propagation signals are correlated, and lcc shows the
time difference of occurrence between both back-propagation
signals. As both back-propagation singles are from the same
sound source, ideally acc and lcc become one and zero,
respectively.

Getting back to Eq. 12, we treat that two back-propagation
signals are similar, when their peak coefficient is bigger than
the threshold, i.e., acc > ath. In this case, we assign a higher
weight according to the relative time delay of the length of
the signal, (L−(1−α)·lcc

L ) that becomes a value in a range of
α to 1; i.e., we give the highest weight when two signals are
matched without any delay, under the assumption that those
two signals are originated from the same sound source. If
there is no back-propagation signal satisfying the condition,
acc > ath, the signal similarity weight ws has a constant value
α that is the smallest value of (L−(1−α)·lcc

L ).

III. RESULTS AND DISCUSSION

The yellow disk in Fig. 1 represents a 95% confidence
area for the sound source location estimated by our method.
We also compare distance errors of our approach to the
prior work (RA-SSL) that does not use the similarity of
back-propagation signals, to demonstrate the effectiveness of
considering the back-propagation signals.

The hardware platform consists of Eigenmike, the 32-
channel microphone array of the mh acoustics, and the i7
CPU computer. As mentioned in Sec. II-B, we use Velodyne
VLP-16 and build a mesh map as the reconstruction of
tested indoor environments. The reflection coefficients are
appropriately assigned to the triangles by referring to the
reported values in [20].

We report values of parameters used for our algorithm: α

for controlling the influence of each weight is 0.5, the stan-
dard deviation σw of the Gaussian distribution function used

Goal
Sound 
source

Starting point

Trajectory

Microphone
array

White noise

(a) The environment without the obstacle.

Invisible area Obstacle
Microphone

array

Trajectory

Sound 
source

Starting 
point

Goal

White noise

(b) The environment with the obstacle.

Fig. 6. The test environments w/ and w/o an obstacle that can make the
sound source non-line-of-sight one. We use the clapping sound in the sound
source. We put an additional noise (67 dB and 77 dB white noises) as the
distractor in the the back of the test environments.

for computing the distance weight is 0.5 that is determined by
the consideration of the size of the indoor environment (about
one-tenth of the room width 7m), and the threshold value
ath for checking the correlation between back-propagation
signals is 0.15.

We use 1024 samples for the separation signal, where
the sampling frequency is 12 kHz; 1024 audio samples
(85 ms) are a sufficient length for covering direct and first-
bounce reflection signals as indicated in [21]. We set our
algorithm to estimate the source position every 256 ms in
order to respond appropriately to the movement of the source.
Specifically, beamforming and generating acoustic rays take
50ms and 0.54ms respectively on average, which are less
than the audio length (85ms), and estimating the source
position based on the particle filter takes 200 ms on an
average that is less than the iteration period 256 ms.

A. Benchmarks

Different experiments were conducted in two scenes: the
moving sound without and with an obstacle. In both environ-
ments (Fig. 6a and Fig. 6b), a robot equipped with an omni-
directional speaker moved along the red trajectory, and the
32-channel microphone array recorded the audio signals, and
these data are used for various tests with the ground truth
information on the sound source locations. In Fig. 6b, we put
an obstacle made by paper boxes, to cause the robot invisible
along the robot’s trajectory for the microphone array; at the
invisible area, the sound source becomes the non-line-of-
sight (NLOS) source.

Handling the NLOS source was reported a quite difficult
problem in prior methods [13], because direct sound propa-
gation paths are blocked by the obstacle and we have to rely
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TABLE I
THE AVERAGE DISTANCE ERRORS W/ DIFFERENT NOISE LEVELS.

NUMBERS IN THE PARENTHESES SHOW THE IMPROVEMENT.

An moving source w/o white 67 dB white 77 dB white
w/o an obstacle noise noise noise

SNR 20.64 dB 15.74 dB 9.35 dB
Our approach 0.57m (7%) 0.58m (18%) 0.56m (38%)

RA-SSL 0.61m 0.69m 0.78m
An moving source w/o 67 dB 77 dB

w/ an obstacle white noise white noise white noise
SNR 20.83 dB 17.33 dB 9.65 dB

Our approach 0.51m (64%) 0.54m (75%) 0.53m (100%)
RA-SSL 0.84m 0.95m 1.08m

on indirect sound paths that are incoherent and sensitive to
noise. Furthermore, the number of indirect acoustic ray paths
passing near the ground truth is usually small, and thus the
accuracy of the localization algorithm tends to deteriorate.

Additionally, these scenes are not free from noise (e.g.,
various noise from outside the room and moving sound of
the tested sound source), naturally occurring in a typical
environment where the signal-to-noise ratios (SNRs) of both
scenes containing the moving sound without and with an
obstacle are 20.64 dB and 20.83 dB. To further test the
robustness of the proposed method, we expose these scenes
additional white noise, whose average sound pressure levels
are 67 dB and 77 dB. These noises can cause to trigger many
incoherent acoustic ray paths, hindering them to converge in
a single location.

B. A moving sound source

We first show how our approach has the advantage com-
pared to the prior method in a simple scene with a moving
sound. In Table I, the accuracy of RA-SSL in the moving
source scene gradually deteriorates, as the power of noises
increase, where the SNRs containing 67 dB and 77 dB noises
are 15.74 dB and 9.35 dB, respectively. On the other hand,
the accuracy of our work is rather robust with different power
of noise. This shows that our method is robust even in noisy
environments, thanks to considering the back-propagation
signals on estimated source locations; the similarity weight
improves the robustness of the source localization algorithm.
To show the positive effect of back-propagation signals on
the 3D sound source localization, we append a description
on coherence among back-propagation signals compared to
separation signals on the video submission.

Fig. 7a shows the distance errors of RA-SSL and our
approach, where there is 77 dB white noise. The average
distance errors are 0.7839 m for RA-SSL and 0.5678 m for
our approach; the accuracy of the sound source localization
is improved about 38% based on our approach.

C. A moving sound around an obstacle

We now show results with the more challenging environ-
ment including an obstacle between the source trajectory and
the microphone array (Fig. 6b). Fig. 7b shows graphs of the
distance errors of RA-SSL and our approach with the 77 dB
white noise; SNR in this scene is 9.65 dB. The average
distance errors of RA-SSL and our approach are 1.083 m
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(a) Accuracy of moving sound w/o the obstacle containing a 77 dB
white noise (Fig. 6a).
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(b) Accuracy of moving sound w/ the obstacle containing a 77 dB
white noise (Fig. 6b).

Fig. 7. The distance errors between the ground truth and the estimated
source positions. In this scene, there is the additional 77 dB white noise,
on top of natural occurring noise.

and 0.5364 m, respectively. Especially, where the sound
source is in the NLOS state from 90 to 180 seconds, the
accuracy of RA-SSL decreases drastically, because blocking
the direct sound propagation paths makes the convergence
of acoustic rays weak near the ground truth. On the other
hand, even in this challenging case, we get a stable result,
100% improvement compared to RA-SSL, by considering
the similarity between back-propagation signals of indirect
acoustic paths.

As we have stronger white noise (Table I), SNRs in the
moving source scene w/ the obstacle decrease, which are
20.83 dB, 17.33 dB, and 9.65 dB, and the accuracy of RA-
SSL then dramatically deteriorates. However, the accuracy
of our approach is stable even with different noise energy,
demonstrating the robustness and usefulness of our approach.

IV. LIMITATIONS AND FUTURE DIRECTIONS

While we have demonstrated benefits of our approach, it
has several limitations and opens up many interesting future
directions. When the white noise is larger than 87 dB (sound
level like a truck noise [22]), we found that our approach
did not work properly because of the relatively weak energy
of the sound source (77.34 dB). Other sound propagation
phenomena such as scattering and diffraction that are fre-
quently observed at low frequencies are not handled yet. The
acoustic material properties such as reflection coefficients of
triangles of objects are not automatically assigned, and recent
deep learning approaches showing promising results can be
employed to solve this problem [20].
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