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ABSTRACT same plane, Sato et al. im_proved the performance of a sound source
We propose a new direction-of-arrival (DOA) estimation methodlocallzatlon system by using both the distance between the sound

suitable for autonomous mobile robots. Autonomous mobile robot§o e andhthe ml;:ropl)_'hones an_? Fh%.?felgnt? of ti}e sc;untﬂ source and
have to meet physical constraints of signal processing devices, su ¢ microphonesi7]. However, itis difficult to estimate the source

X X i ight precisely while the robot is moving.
as a space-saving microphone arrangement and few computationa In a previous paper. we proposed a DOA estimation method
resources. In addition, DOA estimation of the robots needs to b% P paper, prop

. ; .~ Ihat was free from strict HRTF measurements, by using four-line
robust to noise around the robots. In order to cope with the physic irectional microphones mounted on a robot head[g]. This method

constraints, we used four-line omni-directional micro mechanica . . . h D
systems (MEMS) microphones. DOA estimation was conducted us{_equwed the use of directional microphones. However, it is difficult

ing statistical pattern recognition in which normalized spectral am:2 develop directional microphones using micro electro mechanical

; : stems (MEMS) technologies, which are necessary for the minia-
plitudes, which were free from sound sources, were used as DO, yster NN :
features. In the proposed method, strict head related transfer fun Irization and weight-saving of microphone systems of autonomous

tion estimation, which is not practically feasible, is not needed. In e?/?geesrgg&tj'n(;hgerer;?;?étm?zénd'zg;?ones and signal processing
addition, unlike many conventional methods, phase information iéj In the present paner. e bro oseazlew DOA estimation method
not explicitly used because the phase information is unreliable in present paper, we prop . :

the situation that we deal with, i.e., situations in which the micro-YSN9 omnl-dlrectlonal microphones, Wh'c.h are suitable for MEMS
phone spacings are small, or strong reflections and diffractions odgcn0logies. In the present study, four-line analog MEMS omni-
cur around the microphones. The feature vectors we used can cofs€ctional microphones were placed on the top of the robot head. In
with these problems. Effectiveness of the proposed method was e _etp;op(;st;ed {Pith\?v?q'i ?]OA?] a}r? esftlmalttfiedl b% partrgffer?nzacognltlon.
perimentally investigated in recognition of 19 DOASs in the presenc eature extraction, ch consists of muitiplé beamto 9, spec-

of diffuse noise: the proposed method achieved a DOA correct of & @mplitude normalization, temporal averaging, and filter-bank
approximately 99% at a SNR of 0 dB analysis, is performed, and static pattern recognition with Gaussian

mixture models (GMM) is then carried out. In this case, the nor-
malized spectral amplitudes of the outputs of multiple beamform-
1. INTRODUCTION ers, which correspond to directional microphone observations, are

We attempt to achieve high-performance direction-of-arrival (DOA)discriminative for each DOA, irrespective of sound source spectra.
estimation, which is a basis of robot audition, using the compac}t should be noted that the DOA features we used can cope with
and light-weighted devices, which can be mounted on autonomou&€ influences of the reflections and diffractions naturally, while the
mobile robots. conventional methods, using unreliable phase difference estimation,

The problems addressed in the present study are common ffgrade the performance of DOA estimation. In addition, the pro-
the research field of microphone array signal processing. Multipl@05€d DOA estimation method is consistent with the noise reduc-
signal classification (MUSIC) is frequently applied to sound source!on method we proposed in [9], which uses the same beamformer
localization and DOA estimation[1]. Although this method works CUtPUts as used in the present study. _ _
effectively in noisy environments, steering vectors from a sound _ The rest of the present paper is organized as follows: The mi-
source to microphones are required. If the microphones are placédoPhone system used is described in Section 2. In Section 3, we
on free-fields, we can easily compute these steering vectors witHeScribe a feature extraction method in detail. In Section 4, we de-
the characteristics of the delays between the designated source [$iPe @ method for estimating the DOASs using pattern recognition.
sition and the microphones. However, when the microphones aré Section 5, we present conditions and results of DOA estimation
placed on the robot head (or body), the effects of the reflections arféiPeriments. Finally, in Section 6, we present our concluding re-
diffractions induced by the robot cannot be ignored. In order to cop&arks.
with these effects, precise head related transfer functions (HRTFs)
of the robot were measured in all possible areas around the robot[2]. 2. MICROPHONE SYSTEMS
However, the measurement of such data is not practically feasibl . . . .
Nakadai et al. approximated the shape of the robot head by a sir&%ﬁ uriigst_:}ﬁ cgg?;cst a\}vnho: cp]gv?/t(;\r,éels%ri]tt:gl en:(l)czaoeprrﬁ)(?fr?te?jngnsét%_-
ple sphere for computing the HRTFs geometrically[3]. However, intonopmous mo%ile robot’s
most cases, robot heads are far from spherical. )

Methods using time delays or phase differences between mis .
crophones (e.g., crosspower-spectrum phase (CSP)) were also f?e-l MEMS microphone
quently applied to sound source localization and DOA estimation[4We used four-line analog MEMS microphones manufactured by a
5, 6]. However, phase differences cannot be precisely estimatexbmiconductor integrated technology; they were significantly com-
when the microphone spacings are small as in the case of the presguatct and light-weighted. We used SPM0208HD5 as the micro-
study. In addition, when the microphones are mounted on the robophone. The width, depth, and height of this microphone is 4.72 mm,
precise phase difference estimation is difficult because of the re8.76 mm, and 1.25 mm, respectively. We made 1.5-cm-square sub-
flections and diffractions induced by the robot. In the case of nearstrates. Each of these substrates comprises a MEMS microphone
field, where sound sources and microphones do not exist on thend peripheral circuits with a pre-amplifier. These substrates were
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Figure 4: Directivity patterns of subtractive beamformers.

were transfered via Ethernet to a laptop PC mounted on the robot.

Figure 1: Robot and microphone substrates. LT ’
DOA estimation was then carried out on the laptop PC.

Sound source 3. FEATURE EXTRACTION IN DOA ESTIMATION
DOA estimation was carried out by pattern recognition. We at-
tempted to extract DOA features that were free from sound source
spectra (i.e., speech utterances). Figure 3 shows a schematic dia-
gram of the feature extraction method. This method consists of four
stages of signal processing as follows: 1) multiple beamforming
for developing directivities, 2) spectral amplitude normalization for
0°/’ eliminating the influence of the sound source spectra on the DOA
i K features, 3) temporal averaging for improving reliability of DOA
estimation, and 4) filter-bank analysis for reducing dimensionality
o ; of feature vectors.
0 4cm
3.1 Multiple beamforming
In the present study, we developed four subtractive beamformers
— using the microphone observations as follows:
Frontal direction B1(w, k) X1 (w, k) — X3(w, k) 1)
Ba(w,k) = Xa(w,k)—X(w,K) @
B3(w7 k) = X3(w7 k) - XZ(w7 k) (3)
Figure 2: Microphone arrangement. This figure shows the top view Bs(w,k) X3(,K) — Xg(w,K) (4)

of the robot.

where w denotes the discrete frequendy;denotes the discrete
frame; X;(w, k) denotes the spectral component of the observation
received by Mick, andBj(w,k) denotes the spectral component of
the j-th beamformer output. The directivity patterns of these beam-
formers are shown in Figure 4.

placed on the top of the robot head, as shown in Figure 1.

2.2 Microphone arrangement

Figure 2 shows a microphone arrangement. The microphones were . o
placed in a squared form, where the spacing between adjacent mi:2 SPectral amplitude normalization

crophones was 2.8 cm and that between diagonally opposite micr@ve assume the situation where a sound source exists and a sound
phones was 4 cm. The microphone channels are labelled as showisld is observed by the microphones. In this case, microphone ob-
in Figure 2. In the present study, the front, right, and left direc-servations are described as follows:

tion of the robot are defined as zero, positive, and negative degrees,

respectively. Ma(e.k)] = [Gi(w.0)]:|S(wK) ®)
2.3 A/D conversion system Yo(w,K)] = [Ga(w, )] |S(w,K)| (6)
Four-channel analog signals received by the microphones were con- Xa(w, k)| = |Gs(w,0)|[Kew;K)| @
verted into digital signals using a compact embedded device. The Xa(w,K)| = [|Ga(w,B)][S(w,K)| (8)

device consists of SUZAKU-V.SZ310 and SID00-U00. SUZAKU-

V.SZ310 is an universal embedded device platform, which is basewhere S(w, k) denotes the spectral component of a sound source;
on the combination of FPGA and Linux (with a PowerPC405 CPUG; (w, 8) denotes the HRTF from the sound source to Miand 6
core) with a 10 BASE-T/100 BASE-TX Ethernet connector. SID00-denotes the DOA.

U00 is an eight-channel A/D conversion system, which isused asan We define the observation at Mic-3 as a reference signal.
extension of the SUZAKU board. A resolution of the SID00-UOO The spectral amplitudes of the beamformer outpii(w,k)]|,

was refined from its original 12 bits to 16 bits. The digital signalswere normalized by the spectral amplitude of the reference signal,
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Microphone STFT STFT Spectral Normalized Temporal-averaged Filter-bank Feature

observation coefficient coefficient amplitude spectral amplitude spectral amplitude coefficient vector
X, (@K) B (@k) B (@) N, (@k) N, (@) ¢, &
x (t)—>[DFT—— o Temporal Filter-bank C,
—s{ Normalization averaging analysis C;
X,(t) —E N lizati Temporal Filter-bank Cy
Beam- p—sf NOrmalization averaging analysis Vector
%,(t)—>[DET} forming |——[} N lizati | Temporal Filter-bank concatenation
p—»] NOrmalization | averaging analysis
x,(t) —[DFT] (T Normalization | Temporal Filter-bank
> | averaging analysis
X3(w,K) o \Xa(w,k)\
Figure 3: Schematic diagram of feature extraction method.
|X3(w, k)|, as follows: 3.4 Filter-bank analysis
In order to reduce dimensionality of feature vectors, filter-bank
Ni(,K) = Bi(w.K)| _ |Ci(w.6) —Ga(w,0)) (9)  analysis was conducted. A filter bank that consists-@hannel
[X3(w,K)| |G3(w, 6)] triangular filters arranged on the frequency axis at regular intervals
IBo(w,K)|  [Ga(w,8) —Ga(w,6)] was applied td\; (w), N2(w), N3(w), andNg(w). Each spectral
Nz (w,k) = X3(@,K)| = Ga(w, 6)| (10)  amplitude was multiplied by the corresponding filter gain, and the
3\ S\ results were then summed in the filter. Therefore, each filter-bank
Na (@, K) = [B3(w,K)| _ |Gg(w, 8) — Ga(w, 6)] 1) coefficientci (1) holds a weighted sum of the normalized spectral
A\ [Xs(w, k)| |Gs(w, 8)] amplitudes in that filter-bank channej(l) is described as follows:
N4((J) k) _ |B4(O), k)' _ |G3(w7 6) — G4(O), 6)| (12) hi
T Xa(w, k)] |Gs(w, 6)] i)=Y W(wl)-logNj(w), (I=1,L) (14)
W=Wo

whereN;(w,k) denotes the spectral component of the normalized
spectral amplitude of the output of thth beamformer. In this case,

features used in DOA estimation should have only the DOA infor- w—ao(l) (@o(l) < @< ax(l)
mation, and should be free from the sound source spectra. Spectral w(l)—wo(l)” oV =" =
amplitude normalization described in Equations 9, 10, 11, and 12W(wil) = (15)

aims at removing the influence of the sound source spectra on the
DOA features. In this case, HRTFs are functions of DOAs. |de-

ally, the normalized spectral amplitudes are determined by only th ) . )
DOAs, irrespective of the observed speech utterances, because t ﬁlh:r:iygélzﬁeﬁ)-ct(rpﬁl?gf ;:ﬁﬂ)cﬁfnﬁg Iolvr\]/, t%?: t(?;s:l,??wr;l%l\'l]age

are expressed with only the HRTFs as described in Equations 9, 1 ; i ; e :
11, and 12. Therefore, the normalized spectral amplitudes are su ompressed into &-dimensional vectoe; using Equation 14 as

% (ax(l) < 0 < wni(l)

able for the DOA features. It should be noted that these features can”ows'
with the influen f the reflection and diffraction in
fr?gsob;t gegd Orugog}(/a.o the reflection and diffraction induced by ¢ = (ca(D),-c(l) (16)
The influence of the sound sources can be eliminated even when 2 = (c2(1),-,c2(L)) (17)
the omni-directional microphone observations are used instead of cs = (c3(1),---,c3(L)) (18)
the beamformer outputs. However, the features extracted from the _
Cs = (Ca(1),---,ca(l)) (19)

directional microphone observations (i.e., beamformer outputs) are
expected to be more discriminative as compared to those extract g : s
from the omni-directional microphone observations[8]. In addition%gtzzqgfgrtlyhtfgra;gémens'onal VECtor(Cy, Cz,C3, C4) WaS €x
the performance of DOA estimation can be improved by using ad- y )
ditional beamformers that are different in directivity frdsa, By,

By, andB,, 4. DOA ESTIMATION USING PATTERN RECOGNITION
) Pattern recognition was carried out under the maximum likelihood
3.3 Temporal averaging (ML) criterion. In the present study, a DOA was regarded as a cate-

The normalized spectral amplitudes were extracted every framdlorical class, and a statistical model was trained for each DOA.
For the case in which these amplitudes are used as DOA features, In the training stage, parameters of a Gaussian mixture model
DOA estimation can be more reliable by integrating these ampli{GMM) were estimated with speech utterances coming from the
tudes over multiple frames. Therefore, the normalized spectral anforresponding DOA. A likelihood of the DOA class given to a
plitudes were averaged over all frames covered by a speech uttdgature vectox,, which was extracted from theth speech utter-

ance as follows: ance, was computed as follows:
18 i c i e .4,C sC
Nj(w) =1 > Nj(wk) (j=1,,4) 13) PXnl.27) = 5 W A (X Hm,Zm)  (20)
k=1 m=1
- N (s 1S, 28 = (2m)2|z8 2.

whereK denotes the number of frames in a speech utterance. In (%n; Hm Z) - = m
this case, speech parts were detected with signal powers and zero- _
crossing rates. exp| (% — MG T (Z5) (X — M) (21)
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59m Table 1: Setup of feature extraction.

< - > sampling frequency 16 kHz
frame length 128 ms
Q = = Q frame shift 32ms
analysis window Hamming window
Sound source number of filter-banks 24
analysis range of frequencigs1500-6000 Hz
1M  Robot
6°/ X 100 - . N
42m D] \ Iﬂ o |
23m =
S
22m S oy
S 96
2 o
2 =) 1%
a) 94
RT =240ms
93
) ) ) 92
Figure 5: Recording environment. 5 0 5 10 15 clean

SNR [dB]

whereC denotes the DOA class)denotes the mixture component;

Mcdenotes the m{mber of mlxtures In GMM’#‘{ ‘/V_(')’_ “fT!’ and Figure 6: DOA corrects as a function of SNRs, averaged over all
2, denote the mixture weight, the probabilistic distribution func- poas.
tion, the mean vector, and the covariance matrix imtkith compo-

nent of the GMM with a DOA class @, respectively;#C denotes

iR C
the parameter assemb'¥ of th? GM_M’ which mcluqh% 2, and on the robot head was then superposed on the word utterances so
W; andD denotes the dimensionality &. that the SNR of the word utterance to the diffuse noise would be -5,
In the classification stage, likelihoods of all DOA GMMs to a g 5 10, and 15 dB.
speech utterance were computed using Equations 20 and 21. The
best matching clas€, which gave the highest likelihood for all 55 Experimental condition

classes, was determined as the DOA of the speech utterance as fol- N o )
lows: Experimental conditions of feature extraction is shown in Table 1.

In this case, 96-dimensional feature parameters were extracted be-
A c cause each dfl; (w), N2(w), N3(w), andNs(w) was analyzed with
C=arg max[log P(Xn|-# )} (22)  24-channel filter-banks.
¢ A statistical model for each DOA was represented by a 2-
mixture Gaussian distribution with diagonal covariances. Evalu-
5. DOAESTIMATION EXPERIMENT ation was carried out by 10-fold cross-validation tests: 90 words
In the present study, DOA estimation systems were evaluated i(spoken by nine male speakers) were used for training the DOA
terms of their automatic DOA estimation performance, which ismodel, and the remaining 10 words (spoken by one male speaker)
based on the DOA correct, in noisy environment. The DOA cor-were used in evaluation, for each DOA. As a result, a total of 100
rect was calculated by using a well-known formula, as follows: words were used in the evaluation. It should be noted that this ex-
periment was conducted under the “open” conditions in terms of
-S speakers and vocabularies, i.e., both the speakers and vocabularies
% 100(%) (23)  used in the evaluation were different from those used for training
the models in each fold.

whereN andSdenote the number of utterances we used in evalua- )
tion and that of utterances misestimated in DOA, respectively. 5.3 Experimental result

. Figure 6 shows DOA corrects of the proposed method, averaged
5.1 Speech materials over all DOAs, as a function of SNRs of speech utterances to diffuse
Figure 5 shows the recording environment. Speech utterances weneise. In this figure, “clean” denotes the quiet environment where
100 phonetically-balanced isolated word sentences, which werenly the speech utterances are observed. Figure 7 shows DOA cor-
spoken by 10 male speakers. Each speaker uttered 10 words. Tteets for each DOA in the cases of SNRs of -5, 0, and 5 dB. In
speech data were played on the loudspeaker, and recorded by tis experiment, we arbitrarily determined the microphone spacings
microphones placed on the head of the robot involved in converfi.e., 4 cm in a diagonal position), the number of filter-bank chan-
sation, “ROBISUKE”[10]. In this recording, the distance betweennels used in feature extraction (i.e., 24), the analysis range of fre-
the sound source and the robot was 100 cm, and the height of tiggiencies (i.e., 1500-6000 Hz), and the number of mixtures in DOA
loudspeaker was 125 cm. In this experiment, 19 DOAs were radimodels (i.e., 2) so that the best performance could be achieved.
ally placed every 10 degrees from -9@o 90° around the robot. Figure 6 shows that the proposed method can estimate DOAs
The speech data of 100 words were recorded for each of 19 direprecisely under the noisy condition: the proposed method achieved
tions. Diffuse noise was simulated as follows: noise from a largeDOA corrects of 100% when diffuse noise was observed at higher
air-conditioning machine was played on 10 loudspeakers place8NRs than 10 dB, a DOA correct of approximately 99% at a SNR
around the room. The diffuse noise recorded by the microphonesf 0 dB, and a DOA correct of approximately 93% even at a SNR

DOA correct= N
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Figure 7: DOA corrects for each DOA.

of -5 dB.

As shown in Figure 7, the performances of DOA estimation
were degraded in the DOAs of -6@0°, and 60: the sound sources
of the diffuse noise (i.e., loudspeakers) exist in around those DOAs.
In order to improve the performances, we can carry out adaptation
of DOA models to noise. The DOA features we used are suitable
for such adaptation, which should be carried out with few speech
utterances, because the proposed DOA features are free from sound
source spectra.

In contrast, the performance of the CSP-based method was eval-
uated using the microphone observations of Mic-2 and Mic-4 under
the assumption of the near-field[8]: this method gave a DOA cor-
rect of approximately 26% at most even in the quiet environment.
Therefore, phase differences cannot be estimated precisely, when
the microphone spacings are small and the reflections and diffrac-
tions induced by the robot occur around the microphones.

6. CONCLUSION

We proposed a new DOA estimation method that does not need
estimation of strict HRTFs, using the compact and light-weighted
MEMS microphones, which were suitable for autonomous mobile
robots. In the proposed method, statistical pattern recognition was
carried out using normalized spectral amplitudes as DOA features.
These features were irrespective of sound sources, and could cope
with the reflections and diffractions induced by the robot naturally.
The experimental results in the presence of diffuse noise showed
the effectiveness of the proposed method: it achieved the DOA cor-
rects over 99% when the SNRs were higher than 0 dB, and a DOA
correct of approximately 93% at a SNR of -5 dB.
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