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Autonomous Robot Navigation Functions with Auditory Environmental Mapping
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Abstract—This paper describes autonomy navigation
functions for mobile robots including auditory functions
that authors are working on. Mapping, localization, static
obstacle finding, moving human finding & prediction,
path planning, path following, and sound source mapping
are denoted.
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Fig.1. Mobile Robot Peacock equipped with LIDAR
and microphone array
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Fig.2. 3 Floor Plan of National Museum of
Emerging Science and Innovation (up) and obtained
map using LIDAR (bottom)

Fig.3. Localization result of about 2.5km run(up),
detected static obstacle map(center), and detected
walking human trajectories of 120,000 people.
(bottom)
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Noise-robust Acoustic Event Identification Based on a Nonparametric Bayesian Model
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Single-channel Input Acoustic Signal
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Table : OO0 O0O0O0ODOOOOODO

Dataset : ATR dataset

(216 words by 5 male and 5 female speakers)
# of cls : 2 (male and female)

Dataset : RWC-MDB-G [28]

(32 genres of music for approx. 5 minutes)

# of cls : 32 (ex. popular, ballad, etc.)
Dataset : RWCP [29]

(92 kinds of sounds for approx. 4 minutes)

# of cls : 92 (ex. phone ring, clap, etc.)
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Abstract—In this paper we present two methods in address-
ing the changes in radial position and azimuth, respectively,
relative to the robot and speaker. In the case of the former, room
transfer function (RTF) estimation is employed via waveform-
level compensation to reflect the change in power caused
by the change of radial position to the RTF. In addition,
acoustic model-level compensation is also used to complement
the effect of robustness to changes in radial position. Finally,
equalization is utilized to mitigate the effects of the change
in the azimuth. All of the processes in the two methods are
in accordance to maximizing the automatic speech recognition
(ASR) performance for effective human-robot communication.
Experimental evaluation in real environment condition confirms
the robustness in recognition performance when used in hands-
free human-robot communication.

I. INTRODUCTION

Automatic speech recognition (ASR) is one of the most
important component in hands-free human-robot communi-
cation. Before robots execute any speech-based command,
the speech acoustic signal has to be converted into text using
the ASR and then, processed by an intelligent system for
machine understanding. As the acoustic speech signal travels
through free space inside an enclosed room, the observed
signal at the microphone is distorted due to reflections known
as reverberation. Late reverberation leads to a significant
deterioration of the ASR performance. Dereverberation is
therefore needed in a robust ASR system. In robot appli-
cations, this problem is further complicated since we cannot
control the position of the speaker. When a speaker changes
its radial position relative to the robot (7] to r» and vice versa)
as shown in Fig. 1, the reverberant speech power observed
at the microphones also changes, resulting in a mismatch
to the acoustic model used in the ASR system. Thus, the
dereverberation algorithm should adapt by estimating the
change in location 7 and RTF A to minimize the effect of
mismatch.

We have previously proposed an enhancement algorithm
that automatically detects the reverberation time (RT) inside
the room, then synthetically generate a new RTF from
the pre-measured one [1][2]. The estimated RTF is used
to enhance the reverberant speech by removing its late
reflection component in conjunction with our ASR-based
dereverberation scheme [1][2]. Although this method works,
the assumption is very conservative. First, it assumes that
only RT plays a significant role in describing the RTF.
This assumption is only valid in symmetric rooms with no
occlusions (i.e., chairs, tables, etc.). In real environments
where robots are dispatched, it is fair assumption that the
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I" Actual radial position (robot and the speaker) A’ Actual room transfer function (RTF)
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@ Azimuthal change between robot and speaker

Fig. . Room scenario: Change in speaker’s radial and azimuthal position.

room will be filled with objects and speakers. Second, it
does not take into consideration the change in speech power.
It assumes that the speaker is stationary, which is unrealistic
because we cannot control the speaker’s radial position.
Lastly, it is not immune to changes in the angular position
(azimuth) of the speaker relative to the robot. These causes
a major problem as the ASR system is very sensitive to
the change in speech power (mismatch). We define radial
position as the absolute distance between the speaker and
the robot while the azimuth is the angle from a reference
position (robot) to the speaker.

First, we will show a method that significantly improves
the RTF estimation of our previous work [1][2]. The new
method is capable of compensating the change in speaker’s
radial position through room RTF compensation. In effect,
the variation in speech power which is crucial in ASR is
also considered in the new RTF estimate. As a result, we can
achieve a robust ASR performance in realistic environments
where robots are deployed. The proposed compensation is
done in two-way synergetic processes, accounting for both
the waveform and acoustic model aspects that affect ASR
performance. In the waveform level, the RTF is compensated
in a manner that reflects possible changes in speaker’s
radial position. This focuses on the impact of the speaker’s
power variation to the RTF waveform. Consequently, the
acoustic model-level compensation connects the waveform-
level compensation to the ASR, by adopting the criterion
used by the ASR system in estimating the RTF. This guar-
antees that the estimated RTF translates to ASR performance
improvement, when used in conjunction with our ASR-based
dereverberation scheme. Secondly, we will show the method
in addressing changes in the azimuth via equalization.
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Fig. 2. Proposed RTF estimation for ASR-based dereverberation.

The organization of the paper is as follows; in Section II,
the background of RTF estimation for ASR application is
introduced. Then, in Section III, we show the method of our
proposed RTF estimation with radial compensation, followed
by equalization scheme for azimuthal change in Section IV.
In Section V, we discuss the experimental set-up, together
with recognition results using real reverberant data collected
in a human-robot communication environment in Section VI.
We will conclude this paper in Section VII.

II. BACKGROUND

A number of dereverberation approaches use readily avail-
able RTF through room impulse response measurement [3]
[4]. Due to the dynamics inside the room, the generalization
of the RTF becomes unrealistic in real environments. This
arises the need of physically measuring several RTFs inside
the room, which is impractical. Thus, RTF estimation be-
comes an interesting research topic. There are a number of
RTF estimation techniques focusing on waveform accuracy.
Although this is important, the requirement for RTF estima-
tion is different when used in hands-free ASR applications.
For example, when RTF is used in dereverberation for ASR,
we are not interested in accurately modeling the reverberant
speech but in estimating the late reflections, in which RTF is
not the sole-determining factor. In ASR, we convert speech
waveform to models (i.e., Hidden Markov Models (HMMs)).
This process requires a conversion of a rich signal infor-
mation to a more watered-down representation. Each phone
HMM represents a short speech segment with a duration
of 30-100 msec, and each state captures information about a
distribution of spectral parameters. With this perspective, the
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HMMs’ description of speech is of low resolution, compared
to the RTF, with respect to time and frequency. Thus, for
ASR application, it may be sufficient to use an RTF estimate
instead of the accurate RTF [6]. In our previous work [1][2]
we adopted an RTF estimator based on the premise that the
multiple reflections of sound can be described by a decaying
acoustical energy [5] given as,

Az(l) ~ 6(6 In (10)/RT) 17 (1)

where [ is the discrete time sample, and RT is the re-
verberation time. From Eq. (1) we can easily derive the
RTF’s frequency domain equivalence A(®), where @ denotes
frequency domain. We note that this RTF estimate does
not take into consideration the distance between the speaker
and the robot. This model is applicable only if there is not
much perturbation inside the room. Moreover, it fails when
the speaker moves along the radial axis or changes angular
position relative to the robot because it does not model the
variation in speech power as a function of position change,
which the ASR is very sensitive to. Thus, we need a new
RTF estimation method that takes care of the change in the
power of the reverberant speech to minimize mismatch in
the ASR system.

There is no guarantee whether an estimated RTF (even
using the most accurate ones) would result to an improve-
ment in the ASR performance when used in conjunction
with any dereverberation scheme for hands-free human-robot
communication [1][2]. RTF estimation should be based on
the practical requirements for which it is to be utilized. In the
case of hand-free human-robot ASR application, the design
criterion should not be based on the waveform accuracy
of the RTF estimate. It is prudent to adopt the criterion
used by the ASR system (i.e., acoustic model likelihood
criterion) as part of the RTF estimation criterion, which is
the fundamental objective of this paper.

III. ROBUSTNESS TO RADIAL POSITION

The proposed RTF estimation method is shown in Fig. 2.
First, the microphone array signals are processed resulting
in 4(®). Then, RTF is estimated by compensating the
pre-measured RTF A(w,r) together with the curve fitting
function derived offline fya(?). The step-size increment kA
generates a set of RTFs {Aﬁ(w,f)} . Using these RTFs,
together with an arbitrary clean speech utterance s(w), a
set of synthetic reverberant data are generated {sﬁ(a),ff)}.
Consequently, the clean acoustic model 7 (Gaussian Mixture
Model (GMM)) is adapted using the generated reverberant
data resulting to adapted models {ﬂ["rA}. Then, the optimum
RTF is selected by evaluating the likelihood scores using
the features i of the separated reverberant signal 4(w). The
corresponding k that maximizes the likelihood score is used
to select among {A’ﬁ(w, #)} the optimal RTF A (@, 7). This
optimal RTF is then used in conjunction with the ASR-based
dereverberation scheme.

A. Acoustic Waveform Compensation
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1) Microphone Array Sound Separation: Suppose that
there are N sources and M (> N) microphones. Let u(w)
denote the input acoustic signals of N sources in fre-
quency domain, described as u(®) = [u(®),--- ,uy(®)]”,
where T represents the transpose operator. x(®) =
[x1(®), - ,xp(@)]T is the vector containing the signals
received by M microphones. The model for microphone array
signal processing is described as follows:

x(0) = A(w)u(o) +n(o), 2)

where A(w) € CM*N is a Transfer Function (TF) matrix
between a microphone array and sound sources; n(®) de-
notes an additive noise, which is assumed to be statistically
independent of u(®).

The sound sources are spatially separated by a hybrid al-
gorithm of beamforming and blind separation called Geomet-
rically constrained High-order Decorrelation based Source
Separation (GHDSS). The input vector x(®), @(®) is used
to define by &t(®) = V(w)x(®) in frequency domain, where
V(w) stands for the separation matrix. GHDSS updates
V(w) so that it can correctly estimate u(®) in Eq. (2) by
it(w). In order to estimate V (®), GHDSS introduces two cost
functions, that is, separation sharpness (Jgs) and geometric
constraints (Jge):

Jss (V (@) = [0 (a(@))i (©) — diaglo (i())i ()]
Joc(V(0)) = ||diag]V (w)A(w) —1]|
where |- ||* indicates the Frobenius norm, diag[-] is the
diagonal operator, and H represents the conjugate transpose
operator. For a nonlinear function, ¢ (@t(®)), we selected a
hyperbolic-tangent-based function [7] in this paper. Since
the best V(®) is always changing in the real world, V(o)
is adaptively updated as described in [8]. Consequently,
the separated signal 4i(w) that satisfies all the criterion is
achieved from the vector @(®) in the same manner in [8].
2) Radial Compensation of Room Transfer Function:
Let A(®,r) denote pre-measured RTF between any of the
microphones in the array and sound sources. Here, r is
the distance between a microphone in the array and the
sound sources. Our objective is to estimate A(w, 7) by radial
compensation, where 7 is the radial distance of an estimated
point. The following conditions are assumed:
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a) The sound sources are in a far field. This implies that
the phase of the RTF is static with respect to the change
in distance.

b) The amplitude of |[A(®,#)| decays exponentially with 7.

Under these assumptions, RTF of unknown distance can be
estimated as follows:

Ap(o,7) = f(HA(0,r) , (3)

where A[r] (o, 7) is an estimated RTF at 7 using pre-measured
A(w,r). f(?) €R is the exponential gain function of 7. Since
f(7) is unknown, f(7) is obtained as a priori information
based on a nonlinear curve fitting using measured RTFs.
Specifically, f(7) is described by

f7) =S+, @

where o and o are the estimated fitting parameters.
The steps for the radial compensation are as follows:

1) Measure a limited amount of RTFs along the radial axis
with the microphone array with different r, denoted as
A(a),r[,-]), where r; is a measured point, and i, is the
number of measured points.

2) Obtain mean amplitude of RTFs over frequency bins of
A((J),rm) by

Arg) = ——— ¥ )| . ©)
0= gt & Al

where p;, and p; are the indexes of the maximum and
minimum frequencies respectively.

3) Obtain ¢; and oy through nonlinear curve fitting as
follows:

1 —
T An(ry)

F.=

"ir]

—1
[0, 00]" = (F]Fy)  F|Fy (6)

4) Select a reference RTF A, (®w,r) among the pre-
measured RTFs.

5) A[,](a),f) is estimated by Eq. (3) with ¢ and oy in
Eq. (6).

For practical reasons, it is desirable to allow more degrees
of freedom for the compensated RTF, Eq. (4) is allowed to
deviate within a close neighbourhood in a discrete step-wise
manner kA for k =1,..,K. This covers the uncertainty of the
RTF estimate which proved to be effective in our previous
work [1][2]. Thus, Eq. (4) becomes

o
fin(F) = kA 7‘ + o,

where k is an integer and A is a constant value derived
experimentally. Thus, Eq. (3) is rewritten as

A’ﬁ(a),f) = fia(PA(@,r) .

By introducing kA, we are able to generate a set of RTF es-
timates {Aﬁ(a), 7)} within a close neighbourhood A, (@, 7).



The selection of the most probable (optimum) RTF is done
through acoustic model likelihood score evaluation discussed
in Sec III-B-3.

B. Acoustic Model-level Compensation

1) Reverberant Speech Generator: Using an arbitrary
speech utterance s(®) and transfer function Aﬁ(a),f), we

synthesize reverberant speech data
st (@,7) = s(0)Af} (@, 7). (7)

For a set of transfer functions {Aﬁ(w,?)}, we generate
the corresponding set of synthetic reverberant utterances
{s’[‘r?(a),f)}. The synthesized reverberant speech is used for
acoustic model adaptation.

2) Acoustic Model Adaptation: Prior to acoustic model
adaptation, a Gaussian Mixture Model (GMM) 7 is trained
using a clean speech database (i.e., the database used in our
ASR). The GMM is composed of four states which guarantee
that the temporal smearing caused by the reverberation is
captured by the model (i.e., in the states). Since we are
only interested in the reverberant effects of the sound and
not its phonetic meaning, the GMM is designed to be
phoneme, speaker and gender independent. Thus, we can
use any arbitrary utterance. Model adaptation is implemented
through Maximum Likelihood Linear Regression (MLLR)
which is effective when dealing with small amount of data
[9]. MLLR can adapt the means and covariance of 7. Using
the synthesized reverberant speech {sﬁ(w7 7)} as adaptation
data, the MLLR adapted mean for every r is expressed as

pt =Wy, (®)
refers

where W, is the transformation matrix while § me
to the extended mean vector. The subscript m, denotes the
mixture m at class c. The adapted covariance is given as

=2 = B! H.B,, 9)

where B, is the inverse of the Choleski factor

B, =C,'.

me

(10)

Both the transformation matrix W,,. and the linear transfor-
mation H . are calculated using the adaptation data s’ﬁ(w, ?)

discussed in Sec. III-B-1. The adapted GMM 7#*® has the

[’]

corresponding means [.tf,ﬁ and variance ijfc, respectively.
3) Optimum Transfer Function Selection: This process
shown in Fig. 3 is crucial as it takes into consideration the
overall contribution of the different variables/processes oper-
ating in the entire system in the selection of the optimal RTFE.
It connects the different modules, such as the waveform-level
compensation, the ASR mechanism and the reverberant sig-
nal #i(w) altogether. As a result, the RTF choice guarantees
optimal ASR performance when used in conjunction with
the ASR-based dereverberation scheme. Using the GMM
adapted models n["rA discussed in Sec III-B-2, we identify
the corresponding k associated with each model that best
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u(w)
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(Separated signal)
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Equalization 9( )
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l(w)—

Late reflection
(Separated signal)

Fig. 4. Robustness to azimuthal change via equalization.

matches the actual reverberant signal #(®). The spectral
features i of 4(w) is extracted and used to evaluate the
likelihood scores based on the acoustic likelihood criterion,
which is identical to the one used in the ASR system. The
corresponding k that results in the highest likelihood score
is used to select the optimal RTF.

The ASR-based dereverberation in [1][2] is adopted. In the
offline training mode (left figure), we replaced the previous
RTF estimator based on RT (see Sec II) with the proposed
method discussed in Sec III. After selecting A(m,?)°", we
extract the late reflection component of the RTF A;(w, #)°”
[11[2]. Then, the reverberant signal #(w) is simulated using
A(w,7)°P" and the clean speech database c(®) in which we
extract the late reflection approximation /(@). In the same
manner, using A;(®,#)°”" and c(®) we can simulate the real
late reflection /(®). Consequently, {J,...,0p} is optimized
with the objective of minimizing the error between /()
and /(). The optimized weighting parameter {3, ..., 53}
guarantees the actual dereverberation (right figure) to work
even when using only the /(@) and not the actual [().
Dereverberation through the modified SS [2] is obtained
through

|a()* — &|i(w)

if |a(®)]> — &|l(@)> >0

le(o)|* = (11)

Blia(w)> otherwise,

where 0, is the multi-band weighting parameters optimized
through an offline training scheme. The multi-band treatment
improves error minimization as opposed to single-band. In
the actual dereverberation, these parameters are used together
with 4(®) to recover é(®) for ASR.

IV. ROBUSTNESS TO AZIMUTH CHANGE VIA LATE
REFLECTION EQUALIZATION

In theory, multiple unique RTFs are needed to match the
corresponding change in azimuthal orientation 6 for each
channel (i.e., Ag(®)). This is because when 6 changes,
the acoustical dynamics inside the room is perturbed as the
concentration of speech power changes as a function of 6.
In short, the late reflection also varies with 0 in reverberant
environments like the one in our work in [15]. However,
it is impractical to measure all possible 6 variations since
it requires a corresponding RTF measurement for all M
microphones. To mitigate this, we employed an equalization
scheme, by dealing with the source-separated late reflection
I(w) instead of the multi-channel RTF characteristics. This
scheme simplifies the supposed complicated analysis of



TABLE I
AVERAGED WORD RECOGNITION RATE (%) (RT= 240 MSEC AND ROOM 2 RT = 640 MSEC)

Methods (Room 1) 0.5 m 1.0 m 1.5m 2.0m 2.5 m
A. No processing 79.1% | 73.2% | 57.6% | 35.3% 20.6%
B. Blind Dereverberation 80.3% | 76.9% | 65.6% | 49.6% 37.7%
C. Previous Method (Sec II) 81.2% | 783% | 71.3% | 55.7% 46.1%
D. Waveform Compensation (Sec III-A) 81.6% | 79.4% | 73.1% | 57.2% 50.8%
E. Waveform and Acoustic Model Comp. (Sec III-A&B) 823% | 81.2% | 75.8% | 60.7% 55.4%
E. Waveform and Acoustic Model Comp. + Equalization (Sec III-A&B + Sec IV) | 82.9% | 82.3% | 77.5% | 62.7% | 57.8%
Methods (Room 2) 0.5 m 1.0 m 1.5m 2.0m 25 m
A. No processing 31.8% | 15.6% | 0.40% | -8.10% | -20.2%
B. Blind Dereverberation 41.9% | 33.4% | 20.6% | 10.0% 0.90%
C. Previous Method (Sec II) 45.0% | 383% | 269% | 16.1% | 7.40%
D. Waveform Compensation (Sec III-A) 46.3% | 41.1% | 32.5% | 23.5% 16.5%
E. Waveform and Acoustic Model Compensation (Sec III-A&B) 48.4% | 43.8% | 36.7% | 28.4% 22.1%
F. Waveform and Acoustic Model Comp. + Equalization (Sec III-A&B + Sec IV) | 50.1% | 46.4% | 389% | 30.7% | 25.9%

the effect of the azimuthal orientation with respect to the
multi-channel RTFs into simple single channel filtering. The
equalized late reflection signal becomes

le((l)) = l((D)He.

where /(@) is the separated late reflection using a generic
(unmatched) RTF while Hy is the equalizer.

Hy is a filter derived experimentally during the offline
mode by analyzing the response of the late reflection as
a function of the actual azimuthal change 6. Suppose that
lg() is the actual late reflection with a corresponding multi-
channel RTF Ag(®). The filter design involves the poles
positioning method on a logarithmic frequency grid based
on [12][13]. The target response is set to lg(®w) and Hy for
{61,...,6q,...,0} are derived by properly positioning the
poles to achieve the target response lg(w) [14]. Note that
the target response lg(®w) was preprocessed via smoothing
to avoid direct inversion problems [14]. With an effective 6
selection procedure similar to that in Fig. 3 the equalization
process [15], azimuthal change is compensated via filtering.

Dereverberation based on [2] is given as

12)

|i()|* — Hy ()

eé(w)‘ZZ if |ﬁ(w)|2_HA(w)

ly(w)?
l(@)]> >0

(13)

Bli(w)> otherwise.

where 7i|(®,t)|? is the power of the separated reverberant
signal (4] (®,1)|* ~ r|(w,7)|*) and l;|(w,1)|? is the separated
late reflection power. We note that the equalization process
is key to the hybrid approach as it eliminate & in the Eq.
(13). In our previous method [16], the dependence on the
0 parameter was the stumbling block towards the utilization
of multi-channel processing since the optimization of J is
computationally expensive for multi-channel signals. This
limitation is rectified in the proposed method.

V. EXPERIMENTAL SET-UP
A. Training and Testing Database for ASR

The training database is from the Japanese Newspaper
Article Sentence (JNAS) corpus. The open test set consists
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of 200 test utterances coming from 24 speakers. Recogni-
tion experiments are carried out on the Japanese dictation
task with 20K-word vocabulary . The language model is
a standard word trigram model. The acoustic model is a
phonetically tied mixture (PTM) HMMs with 8256 Gaus-
sians in total. Test experiment is conducted using actual
human-robot communication set-up. The microphone array
is embedded on the head of the robot. In the experiment,
we used different occlusions such as table, chairs, etc. (real
environment setting).

Real reverberant data are recorded inside two different
reverberant rooms (Room 1 and Room 2) with RT of 240
ms and 640 ms respectively. Six different radial axes at
different azimuth 6 selected randomly. We considered five
radial location points r; = {0.5m,1.0m,1.5m,2.0m,2.5m},
1 <i<i.=35 are for testing. Each location point consists
of 200 test utterances. These are then processed with our
proposed methods (i.e. Sec. III and Sec. IV).

VI. ASR RECOGNITION RESULTS

In Table I, the method (A) shows the performance when
the reverberant test data are not processed (no dereverbera-
tion), together with an acoustic model matched on the test
data condition. Method (B) shows the performance using a
blind dereverberation scheme that does not require any RTF
estimation to carry out dereverberation [11]. The method (C)
is the performance when using our previous RTF estimation
[1][2]. (D) is the result when using the proposed RTF
estimation method discussed in Sec III-A where only the
waveform-level compensation is in effect. The method (E)
shows the result when both the waveform-level and acoustic
model-level compensation are in effect in estimating the RTF
(both Sec II-A&B). Lastly, the method in (F) shows the
performance when equalization in Sec. IV is implemented
on top of the radial compensation method in Sec. III.

Although the method (B) performs better than method (A),
it is less effective than methods that use RTF information.
We note that (B) operates blindly (no RTF is required). It
is confirmed in (D) that the proposed waveform-level RTF
estimation outperforms the previous method in (C). This is
due to the fact that in the proposed method (Sec III-A),



we are able to address the variation of speech power as a
function of the speaker’s position. Moreover, the proposed
RTF estimator performs best when optimal RTF selector
through acoustic model likelihood criterion (Sec III-B) is
employed together with the waveform-level compensation
(Sec III-A) in (E).

The recognition performance disparity between Room 1
and Room 2 is attributed to the different RT. The latter has
larger RTF with more occlusions inside. Also, we emphasize
that we experiment on a large vocabulary continuous dicta-
tion task and not on isolated word recognition. Unlike the
latter, continuous dictation is more susceptible to reverber-
ation due to long-duration utterances which generates more
reflections. Moreover, isolated word recognition task has a
very small vocabulary (hundred words) and does not consider
insertion and deletion errors. In our case, we used 20K-
words. Thus, recognition rate is always higher in isolated
word recognition task compared to the continuous dictation
task. The negative recognition values are attributed to the
insertion and deletion errors.

VII. CONCLUSION

We have presented a method that compensates the vari-
ation of the speaker’s radial position and azimuth relative
to the robot, respectively. In the case of compensation the
effect of the change in the radial position, we have shown
the effect of designing the RTF estimator in conjunction with
the ASR system. This results in an RTF estimate that is more
tailored to achieving optimal ASR performance. In the case
of azimuthal change, we have shown a method based on
equalization which further mitigates the effect of mismatch.
Currently, these two methods are implemented independently
and in the future, we will consider the joint optimization of
the two methods.
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Figure 1: AV 7 A V=7 M7~ F—=)LECTOEFICE T
L ATE DR ¥ A4 F = 7 A, Black-headed Grosbeak
(Pheucticus melanocephalus), WETA: Western Tanager
(Piranga ludoviciana), Black Phoebe (Sayornis nigri-
cans), Chipping Sparrow (Spizella passerina), Nashville
Warbler (Oreothlypis ruficapilla), Black-throated Gray
Warbler (Setophaga nigrescens), Mountain Quail (Ore-

ortyx pictus).
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Abstract — We are developing a dialogue behavior
recognition platform, which is able to detect who is
talking, where and when, based on 3D sound direction
estimation by multiple microphone arrays, and human
tracking technologies. We installed the developed system
in a science room of an elementary school, and collected
data including real science classes during a period of one
month. In the present paper, we present preliminary
analysis results on the sound activities of the science
room.
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Abstract— This paper presents a framework for building 3D
map of sounds. The environment is scanned by using a mobile
platform equipped with a microphone array and a 3D LIDAR.
A steered response power algorithm gives an angular distribu-
tion of the sound power at the mobile platform’s position. This
angular distribution is combined with the distances estimated
by the 3D LIDAR in order to generate the spatial distribution of
the sound’s power. The fusion of the successive measurements
obtained while the platform explores the environment results
in the creation of the 3D sound map.

I. INTRODUCTION

In acoustical signal processing, knowing the locations
from which sounds are emitted is a very important task
referred to as sound source localization (see [5]). Steered re-
sponse power (SRP) algorithms are among the most effective
methods that have been proposed [5], [4]. In particular, the
SRP with PHase Transform (SRP-PHAT) [4] is well suited
for robotic applications [1].

When the microphone array used for acquiring the audio
data fed to the SRP algorithm is mounted on a mobile robot,
the operational range of sound localization is extended as
the robot can explore the environment. A natural framework
for using the robot’s mobility for sound source localization
is to use a conventional sound source localization algorithm
at different locations and combine the results from all these
different locations [14], [8], [10], [11], [7].

In this paper, we present a framework for building a 3D
map of sound using an autonomous mobile robot equipped
with a microphone array and a 3D LIDAR (see Fig.1). The
resulting 3D maps, referred to as sound maps in the re-
mainder, can be exploited for sound source localization. The
proposed method is a multi-modal approach that combines
the bearing and power estimates from the SRP algorithm with
the range estimates given by the 3D LIDAR. The 3D map is
a 3D grid of voxels (3D cubes) that fill the space. Each of
the voxel contains the information about the presence of an
object at its location but it also contains the probability that
this object emits sound. In order to build a precise map by
fusing audio and LIDAR data, the platform has to localize
itself in the environment. It is possible to proceed to local
maxima search on the 3D grid in order to find the locations
of the sound sources in the environment.

This research was funded by the Ministry of Internal Affairs and Com-
munications of Japan under the Strategic Information and Communications
R&D Promotion Programme (SCOPE).

The authors are with ATR Intelligent Robotics and Communication
Laboratories, Kyoto, Japan. even at atr. jp
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II. MAP BUILDING

To precisely localize itself in the environment, the mobile
robot requires a map describing the environment, referred to
as the geometric map.

The geometric map is built in advance using the 3D
Toolkit library framework [3], [12]. To build the geometric
maps, a mobile platform is driven through the environment.
During this drive, the wheel encoders provide odometry
data and the 3D Lidar provides scan data. Then the scans
are aligned by correcting the trajectory of the platform
using iterative closest point based simultaneous location and
mapping (SLAM) [2]. Rather than using the aligned point
cloud, an octree representation of the environment is created
[6]. The geometric map refers to the voxels at the lowest level
that are occupied (the edge length of the voxels composing
the geometric map is 0.05 m). In Fig.2, a view of an indoors
environment and the corresponding view in the associated
geometric map are juxtaposed. Note that the voxels that
compose the octree are clearly visible.

A. ROBOT LOCALIZATION

In this paper, it is assumed that the ground is flat and that
the platform’s pitch and roll are negligible. Consequently,
the pose of the platform is composed of its 2D location
{z,(t),y-(t)} and its orientation 6,.(t). The altitude is as-
sumed constant z.(t) = zo and the pitch and roll null
{¢T(t) = Oa’)/r(t) = 0}

Since the localization is reduced to a 2D problem, laser
range finders (LRFs) scanning in the horizontal plane at a
height hyrp are used to localize the mobile platform in a 2D
map. The 2D map is created by taking an horizontal slice
of the geometric map at the height {hLgrr — €, hLrr + €} and
flattening it. Then the referential in the 2D map coincide
perfectly with the one in the geometric map. Fig.3 gives
the naming conventions for the pose {z,(t), y-(t), 0, (t)} in
the referential of the 2D map. The green arrows shows the

Fig. 1.

3D LIDAR (left) and microphone array (right).
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Fig. 2. Photo of the indoor environment and the corresponding view in
the geometric map.

Fig. 3. Mobile platform localization in the 2D map created from the
geometric map.

orientation of the mobile platform. This map correspond to
the environment depicted in Fig.(2).

The localization algorithm is a particle filter (see [13]
and references herein). In the prediction step, the particles
are propagated accordingly to the odometry data. In the
correction step, the likelihood of the particle is computed
by using the ray tracing approach to match the LRFs scan
to the 2D map. Resampling is performed when the number
of effective particles is too low.

The number of particles is 200 and correction is performed
when the platform moved by 0.1 m or rotated by 5 degrees.

I1I. STEERED RESPONSE POWER

In this paper, we use an SRP-PHAT algorithm to process
the signals from the microphone array mounted on the mobile
platform. The audio processing is done in the frequency do-
main. The frequency domain signals are denoted by X, (f, t)
where n is the microphone index, f the frequency bin index
and t the frame index. They are obtained by applying a
short time Fourier transform (STFT) to the audio signals.
The analysis window is W points long and the shift of the
window is W/2.

First the PHAT transform is applied to the frequency
components

Xn(f,t)
N AT M

Then the power of the received sound is estimated for a
set of candidate directions {0;, ¢;};c[1,7). The green dots in
Fig.4 represent a set of candidate directions.
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Fig. 4. Set of candidate directions (green dots) and conventions for the
angles {0, ¢} in the array referential.

For each of the candidate directions, the frequency domain
processing is decomposed in 3 stages. First the response
is steered in the candidate direction {6;, ¢;} by applying a
delay and sum spatial filter

Vl (fa t)
VN (fa t)

Y(9i5¢iaf?t) =

with
1 . .
H(gi, b, f) _ ~ 6—371(9¢7¢¢7f)7 . ,e_JTN(9i7¢i7f)i| &)

where 7,,(0;, ¢i, f) is the phase delay at the microphone n in
the frequency bin f for a signal coming from the direction
{0, ¢; }. Assuming that the sound sources are in the far field,
the filter is entirely characterized by the angles {6;, ¢;} and
the microphone positions.

Then the power of the beamformer output is estimated by
a K frame averaging

K

1 -1
S YO £ E=1) @
t=0

S(ela¢laf’k) =

=

Note the introduction of the index & to show that the power
has a different rate (the period is KW/2 samples).

Finally, the steered response power in the direction
{0, ¢;} is obtained by selecting a limited band of frequen-
cies

Sinax
ST S04 ). ©)
f= Fiin

S(ela¢lak) =

In the remainder, the term audio scan refers to the set of
candidate directions {6;, ¢i}i€[1, 71 and their associated power
S(60;, @i, k) computed at a given frame k. The kth audio scan
is denoted by S(k) = {S(61, p1, k), ,S(0r1,b1,k)}.

An audio scan is represented as a colored portion of a
sphere in Fig.5 (left). The color is function of the power for
each of the candidate directions. This audio scan clearly ex-
hibits an area of higher power on the top left side indicating
the presence of a sound source.

IV. AUDIO LIKELIHOOD

In order to fuse the sound source localization results
of different audio scans together, the power S(6;, ¢;, k) is



Fig. 5. Transformation by the thresholding function of the power (left)
into a likelihood (right).

first transformed in a likelihood L(6;, ¢;, k). This likelihood
L(0;, ¢i, k) expresses the belief of having a sound source in
the candidate direction {6;, ¢; }.

From the sound source localization literature and the idea
behind the SRP approach, it is expected that a large power
should correspond to a strong belief. For example in [9], [7]
a scale version of the power was used as likelihood. In audio
source tracking, creating a likelihood by scaling the power
is also common [15].

In this paper, rather than using a scaled power, a nonlinear
function is applied in order to create the likelihood. The
selected nonlinear function is a double thresholding function

Pmin if £ < T1
F(z) = pmax, ifx>1Th (6)
Pmed; else

Fig.5 shows the transformation of an audio scan with the
nonlinear function (the parameters are set to 77 = 20, Th =
30’ Pmin = 0.1, Pmed = 0.5, Pmax = 09)

Consequently while the mobile platform is navigat-
ing the environment for each audio scan S(k) =
{S(01,b1,k), - ,S(0r,¢1,k)} a likelihood scan L(k) =
{L(01, ¢1,k), - ,L(01,1,k)} is create by applying the
nonlinear function. Each of these likelihood scans contains
the likelihood of having a sound source for one of the
candidate directions {6;, ¢; }.

V. AUDIO MAP BUILDING

To understand the creation of the sound map, let us
first discuss about the structure used to store the audio
information. The sound map is an octree representation [6].
At the finest level of decomposition, the edge length of the
voxels is 0.05 m and the voxels centered at the position
{z,y, 2z} is denoted by cy.. The voxels of the sound map
have some fields to store the audio information:

o L(cyy-) denotes the log-odds of having a sound source

within the voxel ¢y,

o M(czy-) counts the number of times the voxel cgy.

was updated during sound map creation,

o U(cyy.) contains the last time the voxel cgy, was

updated.
Initially, all the voxels at the lowest level in the sound map
are considered not occupied.

The candidate directions {6;, ¢;} are defined in the ref-
erential centered at the microphone array depicted in Fig.4.
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This referential is rigidly attached to the mobile platform.
The axis directions coincide with the platform’s ones but
the array origin is at the position O, = (24, Ya, 2a)r (the
subscript r denotes coordinate in the robot’s frame).

A scan of the 3D LIDAR is composed of ) points M; =
(x,9;,2;)r in the robot’s frame. The range in the direction
{6;, ¢:} is obtained by finding the point M the closest to that
direction. For this purpose, let us define the audio direction

cos(0;) cos(¢;)
sin(6;) cos(¢;) |,
sin(¢; )

Ua (i) =

and the LIDAR direction

B) = 22
L = .

[M;O4|
Then the index j; of the closest point M to the direction %
is selected by finding

Ji = argmin; 1 — T1(j) - U4 (i).

The point is considered valid if 1 — 7, (5) - Ua(¢) < €, where
€ is a small threshold, and the range associated to {6, ¢;}
) —
1§ p; = |Mj0a|'

Then to relate the likelihood L(6;, ¢;, k) to a geometric
structure in the environment, the candidate direction has to
be combined with the estimated pose of the platform. For
the likelihood scan L(k), the pose {x.(t),y,(t),0,(t)} of
the platform with ¢ the closest to k is considered.

This combination is illustrated in Fig.6. For simplicity, a
top view is presented and the elevation angle ¢; is omitted.
The circles represents the points M; of the LIDAR scan.

For each of the candidate direction, a ray is casted
from the array origin O, in the referential of the sound
map. Namely a ray of length p; is casted from the point
(2a(t), Ya(t), za(t))w in the direction {6,(t) + 0;, ¢; }. Note
that the coordinate of the array origin is a function of ¢ in the
world frame (denoted by subscript w) as the robot moves.
Thus the end point falls in a voxel ¢,y of the sound map.
Then the likelihood L(6;, ¢;, k) is used to update the log-
odds of having a sound source in this voxel.

The rationale behind the use of ray casting is to trace back
the sound until its sources as in [7]. Contrary to [7], in this
paper, the range of the sound source is given by the 3D
LIDAR and not estimated from the position in the geometric
map.

In practice, the ray casting is limited to a maximum range
Rpax as sound intensity decreases rapidly with the distance.

The audio related fields of the voxel are updated as follows

) 1060
Lleaye) = Llezys) +log 7= p 5 =0
M(Cmyz) = M(CzyZ) +1

u(cmyz) = ﬁka

where t; is the time corresponding to the frame k. At
initialization L(cgy.) = 0, M(czy-) = 0 and U(cyy.) is
undetermined. The choice £(czy,) = 0 means that a voxel
has equal chance to emit or not sound.
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Fig. 6. Ray casting from the mobile platform pose {zr(t), yr(t), 0r(t)}
in the direction {6;, ¢;} with a range p; that falls in the voxel cgzy- (in
red).
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Fig. 7. Top view of the grills placement in blue and the estimated positions
in red.

The log-odds L£(csy.) is no longer updated when it goes
out of the interval [Lpmin, Lmax]. Meaning that the odds of
having a sound source at the voxel ¢, is considered high
or low enough to stop updating it.

The voxels having a count M(c,,y.) > €c are considered
occupied.

VI. EXPERIMENTAL RESULTS

This part reports the results of the experiments conducted
to detect sound sources by using the sound map framework.

The experimental setting corresponds to the indoors envi-
ronment depicted in Fig.2. At the time of the experiments,
the sound sources in this environment are the grills of the
air conditioning system. The grills are in the ceiling of the
room and have a square shape (0.5 m edge). Fig.7 shows a
top view of the room with the grills in blue.

To build the sound map, the mobile platform was driven
three time around the table in the center of the room in a
clockwise manner (see the 2D map in Fig.3). The parameters
of the methods are set to W = 400, K = 10, fmin = 1000
Hz, fmin = 3000 Hz, Ly, = —40 and L,,x = 40. The
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Fig. 8. Top view of the 3D sound map, the color represents the probability
of sound source presence (ec=0).

parameters of the nonlinear function are set to 77 = 20,
T5 = 30, pmin = 0.1, Pmed = 0.5, Pmax = 0.999. The angles
of the candidate locations for the SRP algorithm are limited
to 6 € [—45,15] and ¢ € [075]. The maximum range is set
to Rmnax = 6 m.

Fig.?? shows part of the sound map creation while the
robot is moving. Fig.8 shows the top view of the sound
map generated. Areas of high log-odds are visible around
the location of the grills. The localization of the sound
sources is estimated by clustering the voxels with positive
log-odds (probability of having a sound source larger than
0.5). The clustering method is a kmeans method seeded with
the positions of the local maxima of the log-odds. Each
obtained cluster is assigned to the closest grill, then that
grill is marked as detected and the distance to this grill is
computed. In fig.7, the red circles indicate the positions of
the detected sound sources (note that only a few sources are
detected).

The sound source detection is evaluated in term of lo-
calization error E for these detected sources. The average
error is 0.49 m with a standard deviation of 0.22 m. The
errors are relative to the centers of the grills that have a 0.5
m edge. As a comparison, the maps presented in [8], [7]
exhibit localization errors in the 0.2~0.3 m range for the
2D case.

The undetected grills are the ones that were not for a
long time in the aperture of the SRP while the platform
made three loops around the table in the center of the room.
The threshold e~ for the count of the number of time a
voxel was updated affects the number of occupied voxels.
By plotting only the voxels ¢y, . of the sound map such that
M(cgy=) > €c, it is possible to refine the map as illustrated
in Fig. 10. The delimitation of the map and the areas of
higher likelihood appear more clearly when the voxels with
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Fig. 10. Top view of the probabilistic 3D sound map for different count
threshold €.

few update are filtered out.

VII. CONCLUSIONS

This paper introduced a framework for creating a 3D
description of the environment that contains the probability
that a structure to emit sound. It is a multi-modal approach
that combines 3D SRP with 3D LIDAR scans. Experimental
results in an indoors environment showed that using the
proposed approach it is possible to detect air conditioning
grills and associate them with geometric features in the
environment. The future work is to experiment in more di-
verse environments in order to determine the best parameter
settings for different situations.
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