gododdooooooad
JSAI Technical Report
SIG-Challenge-B202

Dooodddoon ([]D[][])
Proceedings of the 36th Meeting of Special Interest Group on AI Challenges

CONTENTS

o 0000000000000 00000DDboOo00DD00000000 veeeeiiinnnnnnnnnnnns 1
0000 (NTTOOOOOOOOOOOOooooO)

S I 6
0000 (HRI-[JP/OOOO)0OO0OO0OD (HRILJP)OOOO (DO0O0O0)

S I I AR 14
00000000 (0000)

S I I I I U 19
0000000000000 0 (DODODDOoooo)

R T T 25
00000000 (0000000)00000 (HRILJP)OOOO (0000000)

o 0000000000000 00000000000000000 ettt eteeeeeesesssssssnnnnnns 31
0000 (NTTOOOOODOODODODODODODOooO)

S O 39
000000000U00UDOUD (oooooooo)

o 0000000000000 00000000000000000000000 ceeeeeeeeeennnnnns 45
0000 (000000)00000 (000000 /HRI-JP)

S I AU AU 51
0000 (0000)000000000 (NTTOOODOOODOODODODOODOO)OOD O (booD)

¢ Multi-modal sound localisation from a mobile platform ............. ... ... v, 58
Jani Even, Nagasrikanth Kallakuri, Yoichi Morales, Carlos Ishi, Norihiro Hagita (ATR-
IRC)

o 0000000000000 0000000000000000000000 veeeeeeeetennnnnnnss 64

000000000 Jani Even0 O OO0 (ATROODOOODOODOOO)

o A Two Microphone-Based Approach for Multiple Speaker Localization on the SIG-2
Humanoid robot ...ttt ittt ittt ittt ttititeeenenenenns 70
Ui-Hyun Kim, Hiroshi G. Okuno (Kyoto University)

O 0O 20120 110 150 0O 0O 000000 0000000 ooo oooobooooood
Keio University, Kanagawa, Nov. 15, 2012

.’ili 0000 000000
Japanese Society for Arti cial Intelligence




FEEREAN N THIREA S
Japanese Society for
Artificial Intelligence

AN LHIRe AR =R
JSAI Technical Report
SIG-Challenge-B202-1

MERBEEDKALIEA D X L~ADLDEYEFENT TO0—F
Psychophysical approach to understanding interaural-time-difference processing
in the brain

AN (BAREBEEGFEHRLUSI NTT 22 2 =7 —3 3 U RHRRRF7ERT)
Shigeto FURUKAWA (NTT Communication Science Labs, NTT corporation)
furukawa.shigeto@lab.ntt.co.jp

Abstract—This paper reviews three types of psychophys-
ical experiments conducted in the author’s laboratory,
aiming at understanding interaural-time-difference (ITD)
processing in the human auditory system. The first ex-
periment, on the basis of the signal detection theory, in-
dicated that the process for ITD is different between high
and low frequency regions: In the low frequency regions,
there are partially independent processes for ITD and ILD
(interaural level difference), whereas in the high fre-
quency regions, a common mechanism likely processes
the two cues. The second experiment was concerned with
the hierarchy of ITD information processing and the
temporal limit that a mechanism at each level of pro-
cessing can track changes in ITD. The results indicated
that the ITD processor can track changes in ITD up to a
rate of 20 Hz and that the loss of tracking ability of the
auditory system for a rate slower than that is attributable
to a higher level mechanism, which might include a pro-
cess which integrates ITD and ILD information. In the
third experiment, listeners were trained in a pitch dis-
crimination task. The task required the listeners effec-
tively use the information of temporal fine structure of the
stimuli, the information being critically important also in
ITD processing. The pitch training deteriorated the lis-
teners’ performance in the (untrained) ITD discrimination
task. The result implies that the pitch and ITD processes
compete with each other for limited neural resources.

1. [FL®IC

HizJg < & o il B [ FE 72 (interaural time  differ-
ence, [TD){3 7 H ] L /L Z=(interaural level difference,
ILD) & 72 5 AT, BIRENM D EERTNND TH D,
BASNEAETIFERE T, BET 25 2M &I
HECH, ZOITD [TEE e &KE 2 R-TE2 5
nNTng, ZhETIAVYy 770y, Fa, AFX%
AIpEOEBMET NV E W AERTERIZLY
HETERIZISIT 2 ITD ALBERE DML & 2 FREER &
Mo TETWD (Bl xiE[1-3]) &
LLNE, BRI boEYET L EIL.
FRDOTIR, FIHEE R AR . AR PRI 2R L& D
NEIR S TND, MR NEIRN, AR 7 5
WZHRbE Tl - BELIDZEEEXDLE, Th
SCEMWMET ANLEONTREREEZOEEE MO
HATEDLIIRE 20, B FEXRIZ LEER T,
KT L TO X D IRERN R EBERAITY 2 &
MTERRW, F72, BEFOMEREA A —2 v 7V Fik
. ZEfE] - R ERE N4 T2 <. ITD ALBRMT
AL D FREE N DR N 7e ik k% DIGEY & B 5 M2 3 %

ZEIETER,

ZOX )RR T, DEYERZRN T 7 a —F I,
ERDOITD A D= R L 5D 5 2 THYDTH 5,
ARG TILITD ORI X 51 = X L OfFI D 7= |
BRI ML E 2 = — L DRSSO 125 H LT
FEE OMER CEM S 3 FEO LY PLER A
T A

2. ITD & ILD OB A H =X LD - B
HBEIDIELV4]

BET NV E AW ARERICELD  HERIZIXE
NZENITD & ILD OAERIZHEHAL L 7=#hikks (<
. EA Y —T7 NI X OYMIAIEZ ; medial superior
olive (MS0)¥3 & O lateral superior olive (LSO)) 23 {77E
THZEDRSINTWVWDH[2], ZAX, ITD & ILD A3
ST U7 HERE T SN TW A REME 2 T 5 b
DTH 5,

LU, EBRice FORERRIZEWT, ITD & ILD
DALEEDS & OFRFEIMSZNETI S TIE R, S BT,
ITD B X OV ILD OfEHRI AW E R E Rk IZ 7=~ T
FICA D= A LTI I TWS LTS 7220, K
WFZECIE ITD 38 X OVILD ALEE I B A AR 72 T
YU ERGE L, G5 ERER[S] O M AT HE
STTF ¥ U RIVOERY - SIVEEFEG L. Bk
I T L7,

FamtEEisCIE, &£F v 3ot 15
T (FERY ORI L2 {FEh &) & il
Mz THNE ) A X O 2 SOEHIT L - THEMT
oS, LEMEERIC L > TEHIIENS, HIIK
FORHKRE (EARE)NHEHEIND d #H) 13,
TOEER A R LS THREIND EEZ S,
ITD £ 72X ILD A Z N E M TE(L L72GA 1T,
FNENUCKT AR EEE d' B8 X ONd ik, ®HST
HF ¥ U RNVTOREG ) A R TREND EE X
%, ITD & ILD MEEEC (FAMC) 2T 5 & &
DI d' AT, F ¥ o RV OMNIVERET 5, &%F
¥ RO AN, B OREICHA G D E
N5 ERETDHEL d el

d. =+/di* +d” +2pd.d!

TTHlIERS (Fig. 1) [6, 7, Z TpldF ¥ v R/LD
B VREEZRTIEE (N A XDF v 1 [H
FEBILRE) T, EAKRZWVIEEF ¥ XL DERY
MRKEL, 0 (Fr R VELENFRITIMN) D 1



nakadai
タイプライターテキスト
社団法人 人工知能学会　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　　人工知能学会研究会資料
Japanese Society for                                                                                                                                                                                                         JSAI Technical Report
Artificial Intelligence                                                                                                                                                                                                       SIG-Challenge-B202-1


Fig. 1. Illustration of the working model used for evaluating cue
interaction [4]. The model assumes channels for ITD and ILD
processing, that overlap each other to various degrees. Each
channel has internal noise, which is added to the signal that is
related to cue strength. The magnitudes of the internal noise and
the signal in the ITD and ILD channels depend on the input ITD
and ILD, respectively. The outputs from the channels are added
linearly. The decision device was assumed to base its judgments
on changes in the weighted linear sum. It was also assumed that
the weights on the channel outputs are chosen to optimize the
performance. a. An extreme case in which the two channels are
completely independent. Each of the channels has independent
noise sources. In this case, the dimensions for ITD and ILD are
thought of as orthogonal, and the d’ value for simultaneous and
consonant changes of ITD and ILD would be the root mean
square sum of the d’ values for individual changes. b. The two
channels partially overlap. Fractions of the signal and the noise
in one channel are added mutually to the other channel. The de-
gree of channel overlap can be expressed as the angle of the ITD
and ILD dimensions, € (see the vector diagram of solid-line ar-
rows). The cos & value is equal to the correlation coefficient p
for the noise at the outputs of the two channels. c¢. ITD and ILD
information is combined linearly in a single channel, in which
the common internal noise is added to the signal. Equivalently,
ITD and ILD are represented by a single dimension. The d’ val-
ue for combined ITD and IID changes is the simple sum of the
d’ values for individual changes.
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Fig. 2 The p values estimated for the three stimulus types. For
each stimulus type, individual p estimates for 4 AITD/AIID
combinations and 2 ITD/IID change directions are shown by the
symbols. A bar indicates the mean of the eight p estimates. The
10, 25, 50, 75, and 95th percentiles of the p estimates pooled for
all listeners and conditions are shown by the box-and-whisker
plots.
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Fig. 3. The d' for detecting ITD and/or ILD modulations. The
data are sorted according to the modulation rate (horizontal axis)
and the relative phase of the ITD and ILD modulations, when
the ITD and ILD were modulated simultaneously (connected
symbols; relative phases of 0, 90, 180, and 270 degrees from left
to right at each rate). Cases with statistically significant effects
of relative phase are marked with asterisks above the plots
(one-way repeated measures ANOVA; *: p <0.05; **: p <0.01;
and ***: p < 0.001). The gray curve with each listener and rate
is a cycle of sinusoid fitted to the mean data across the combi-
nations of AITD and AILD.
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Fig. 4. Comparisons of post-training and pre-training thresholds.
Filled and open symbols indicate thresholds obtained 1 week
and 1 month after the pitch training, respectively. Each symbol
represents one listener.
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Abstract

This paper investigates Three-dimensional Sound
Source Localization (3D-SSL) for a robot. 3D-
SSL by a robot mainly requires: 1) robustness
against high power noise such as robot’s ego-noise,
2) sufficiently-high resolution for a 3D space, 3)
real-time operation for searching for sound sources
in a 3D space. For these, we propose: 1) multiple
signal classification based on generalized singular
value decomposition (GSVD-MUSIC), 2) transfer
function interpolation based on integration of linear
interpolation in frequency- and time-domain (FT-
DLI), 3) optimal hierarchical sound source local-
ization (OH-SSL). These techniques are integrated
into an SSL system using a robot, and the experi-

menral result showed 3D-SSL in real-time.
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Figure 1: 1D SSL Result with the Variation of Heights
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Table 1: Comparison of computational cost

Condition G(K)

dy | dy || H1I | H2 | H3 | SG | Os
360 | 100 36 | 11 | 9 [11] 8
360 | 1.0 || 360 | 36 | 21 | 17 | 12
360 | 0.1 || 3600 | 120 | 45 | 25 | 16
360 | 0.01 || 36000 | 1200 | 213 | 37 | 26
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Abstract

Humanoid robots need to head toward hu-
man participants when answering to their ques-
tions in multi-party dialogues. Some posi-
tions of participants are difficult to localize
from robots in multi-party situations, when the
We

present a method of identifying who is speak-

robots can only use their own sensors.

ing more accurately by integrating the multiple
sound source localization results obtained from
two robots. This method employs two robots
and places them so as to compensate for each
other’s localization capabilities and then inte-
grate their two results. Our experimental eval-
uation revealed that using two robots improved
speaker identification compared with when only
one robot was used. We furthermore imple-
mented our method using humanoid robots and

constructed a demo system.
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b 0.49 0.65 0.56 0.00 0.00 - 0.40 0.50 0.45
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Abstract

In Real-World Auditory Scene Analysis concern-
ing human-robot interaction, three types of infor-
mation are essential and need to be extracted from
the observation data — WHO speaks WHEN and
WHERE. This paper presents such a system that is
used to accomplish the resolution of these objects.
To evaluate such a system, we formulate the use
of evaluation indicators which are precision rate,
recall rate, localization error and speaker ID error
rate. Multiple Signal Classification (MUSIC) is a
powerful method used for analysing WHEN and
WHERE, more specifically, voice activity detection
(VAD) and direction of arrival estimation (DOA).
In this paper, we describe our system and compare
its performance in VAD and DOA with MUSIC
method.
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oobOO0oz2000000000,0000000000A0
gobooobooooooooobooo.oboogoo
Oo0oo0o0oDboOOooooo AOooObOOoOooooooboo
000000000,0000000000AMy)OOOO
gbooobO.0obooboooobobooboobooboog:

e N0y, 0000 LUDODOOODOODOODOODOODO
Poisson()\fttl2 A(t)0DO.

lobooooooobobooooo,obooog«00n
oobooobooooo,bocoboooobooooboooon
gooooob,0oboboooboobobooooboon.
boooobooobooboboobooooooooan
o,00000,00000,00000000000A0O
gboooooboooooboon.

3 UDougooboobodd

oboooobooboooobooobooboboooboo
u0,00000000,n-gram0000000O0O00OO
ooboob,000000000000000o000a0
oobOo0o.0oo0obo0o2000000000000000
gooooobooooooboooooo.

3.1 00000

ubooboboobooboooooboooboobod
gbobgoobooo.ooboboobooooboobbobog
gobooooo,0oobooooooooboobo,bon
ooboboooobooooooboooobo. oooo
gbobogboboboboboooob,bobgobdg
gbooobooobooooobooon.
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NOODODOOOO y,4,...,yv 00000000, K
00000000000000000000000. 00
n000000y,00000000000000000
001,2,...,K0000000 2, 00000000.0
00000000000000 y,ys,...,yv 00000
0000000 KOOOOOOOOO 2, 20,...,2,00
0000000000000000(KO0O000000
00000000). 0000000000000000
00000,00000000000000000000
00.0000000000000000000000O0
00000000000000000000.

1. 0000 00000000000 0O0O0O0O 6, 0O
00000000 FO0O0OO0: 6, ~ F (k
1,2,...,K).

2. 00000 KOOOOOOoOoooouooooogo
0o0ooooooOooo (b0 1000 KOOoo
000) 00000000 7 = (m,...,7x)
Dirichlet(a/K, ..., a/K).

. Uiy, 0o nO00DODOOO 2,00
O000000: z, ~ Discrete(m) (n=1,...,N).
4. 0000 9,0 2z, 0000000 O00O0CODOO

9, 000000 £6,)0000000: v,

£0.) (n=1,...,N).

~

~

3.1.1 DOO00OOO0O0OODOOOOOO0n

cobooobooooooboooboooooooooon
ooooooooooocoooooooooooo,od
gbobooooooobo,boboboboooooao
O (Rasmussen, 2000). 0O 0000000O0000O0OO
00,0000000 (Ferguson, 1973) 00000000
gooo.

oo oogoa, g
00000000000 ~00000 (6,B)00000O
O FO0000D00OO0O,0000000000000O0O
0000 G~DP(y,F)0 G =37, m,, O ~ F, O
00o0oooooooooooo. 0o goooooon
0000000000 (Sethuraman, 1994)000000:
B =B IL= (1= B)), B; ~ Beta(1,7). (0000000
D[)'NGEM(V)DDDDDDDDDD)

goooooooooooboooooooooooo
goooooobooooo. oobobbboooog, oo
dooodoooooooooooooooooon, koo
0000000ooooooOoooooooooon o,
00000 FOOOOOOOO. OOO0OO0OO0OO0000O
Joodooooooobobobbbbooood 0,00
Joodoooooooooo e, 00000n0000on
gooo,0o0o0o0ooooooobbobobooooood



gboboooOobooooboobooooboooog:

G =Y mo, ~DP(y, F), 2y~ yo~ f(0:,). (1)
k=1

00,0000000000(0000000-0000)
0000 K—-ooOODOOOOOOODOODOOODODOO
000000000000 Ishwaran & Zarepour, 20020 .
0000000000 (000 Kenichi et al., 2007, Pais-
ley et al., 2011, Walker, 2007, Papaspiliopoulos, 2008) O
oo0ooooooooooooooo.

3.1.2 0O0O00OO0OO0OO0OO0OOOOOOOOOOOOO: O
gboooboboooobooooonog

0000000000000 0000000000O0
0000000000000000000000000,
00000000000000000000000000
0000000000000000000000000
0.0000000000000,0000000000
0000000000000 00000oooooooon
00,00000000000000000000000
00000000 (Miller & Harrison [5]).

000 Miller & Harrison [5|0 000000000, O
000000000000. 0000000000000
0000000000000000000000000
000000000000000000000,0000
0000000000000000000000000
0000000000000000000000000
0000000000000. 0000000000o0o
0000000000000000000ooon. .

3.1.3 OUOO0O0O4OObO:00b00o0oobogaaon

00000000000000000 (Beal et al,
2002) 00000, 0000000000000000
0D0000000000000. 0000000000
0000 y = (y,92,...,yr) 00000000000
z=(z,2,...,2r) 0000000000000000
0D00000. ., 000¢t0000000000000
0D000O00. 00000000000000 1000
0D00000000,00000:i— ;0000000
mij=plz=j|u=9000000000000000
0.00000 200000 2,00 2z ~m,,_, 000
00000000.000 k000000 6,000,00
0000000y ~f(h,)0000000000000.
00000000000000000000000000
0000000000.000000m (i=1,2,...)0
000000 10000000000000000000
00000,0000000000000000000
00000000000000000000000000
000000000.000,m~GEM(®) (i=1,2,...)
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0000000000000000000000000
000000000.0000000000000000
0000000000000000000. 000 3,75
0000000000000000000000000
O, ms0,me. 000 “00 270000 6,0000000
00000000.00000000000000000
00000000000000000000000000
00.00000000000000000 (Teh et al,
2006) 00 0000.

00000000000, 000000000000
0000000000000000000000000
000000000, 0000, 0000000 G; ~
DP(a,Gy) (i=1,2,...)0,00000 Gy ~ DP(v, H)
00000000.000000000000,00000
0000000000 G,000000000,00000
00000000000000000000000000
00 G,0000000000000000000000
0000.000000 Gi=Y0, mixde, (i=1,2,...).
000000000,00000000000 (0000
0)00000000000000.000,r,;000;:
0000 j000000,6,000 k00000000
0000000000,000000000000000
000000000000000000000:

B ~ GEM(y), m; ~DP(a,8), 2 | z—1 ~ 72,

okNHa yt"ztaoNf(ozt) (2)

3.2 0OOOOO

gboobooobooooboobooooooboobooon
gboboooooboooboboooboooooooboo.oooo
goboooboooboboo,0obboobooooobooobo
gbobooobobooooobooooooboboon
gb.0000o0000o0bO0oooboooobboooon
gbooooobooboobobooboboobobooboon
gobooooboooboooobooo.ooboooooo
gboboooboboooboobooooooboboon
oboboooooboooooboobooog.

3.21 0OO00OO0OO0O,00000,000000000AO

googno

000000000000000000000000
00000000,00000000000000000
00. 00000 X(w)DOOOO (9,F) 000000
000000000,0000000000000000
00000000000000000000,00000,
000000000000000. 0000000000
00000 R*xQO0000000000000000
0»00000000000000000000000

O Sato, 1999, Wang & Carin, 20120 .



goo0oOoooooOoOoOooooooOo,0o00goo
oooo. 0000 c>0, 00000 pOOOOOCOO
0 B ~ BP(c¢,v) 00 B(dw) ~ Beta(cpu(dw), c(1 — p(w)))
ooooOOoOo0oO0oOoooooooOoO.0ooo,BOO
00000 v(dr,dw) = e (1 — 7) tdrp(dw) OO DO
Rt xQO0000000O00D0O00O0O0DOOOOO. O
00 er }(1—m) ! =Beta(0,c) 000, (0,1) 0000
OooooooooOoOoooooooooOoooooo
oo000ooo0oO0,pOC0OO0O0OOOODOOOOn
00000000,B=Y",md,, 0000000 w0
ooo0o00O 000000 O000000000000O
ooooOo0.00oooooopooooooooo,oo
OoooooooooUoooooooooooooDooo
gogoooboobbuoooooobooobog.

gooooobbbbbbboboooooouoogda
ooo00,0000000000oooOoDO0o0o0ooo
OooooopooooOooooCo. opoooooooo
0000000000000. 000000 v(de,dd)
chtedOF(d¢), DD DO DDOO. O000O,¢c>0000
0000000, @ e~ 0 Gamma(0,1/c) 00000
O, (0,bco)DOODODOOOOOOOOOO,O00D0O0O
G ~TP(¢,F)OOOOOUOOOO,00000000
00000: G=Y7,04,,. 000000000 (0,1)
0000000,000000000  RTO0O000O0.

goo0oOoOooooOooOoOoOo,00ooooogoo
oo00oO0dopoo,0obob0odUbo10D0000bOO
gooobbboooooooo. boooooooo
ooooo-0000oooooooooooooooo
000000 Te et al., 2007, Thibaux & Jordan, 20070 .
goouoobobbbbbbobodooouoouooooon
0000000000000 0000O0D0d Thibaux &
Jordan, 20070 .

3.2.2 0O00000O0O: 000000000

000000000000000000000000
(00DD0DO00000)00000000000000O
00, 00000000000. 000000000
0000000000000000Y = (Yuiaxr €
RZ0OXT (00O, 1,---,Q 00000000
oo,t=1,--.7T 0000000000DO0OO) OO
0 H= (Hya)axp € RZ>P 0000000000
U= Us)pxr € RZOP*TO00D00D000DOODOOO
0000000, 0000000, Yor ~ > HoaUay,
00000000000000 YO DOOOOOO
000000 hg = [Hig,- - Hogl 0ODDODODOODO
0000000000000000000000000
0000000, DO00D0D00D0000000000
0000000000000000000000, 00
00000000000000, 0000000000

w
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000000: Y, ~ Exp(1/S, HeaUay). 0000
ggogbobobobobooooobobaoobon
OFévotte et al.,, 20090. HO UOOOOOOOOO
Oo0ooooooooooc0ooOoooo0o00: Hyg ~
Gamma(ay,by), Ugr ~ Gamma(ay,by). 00000
goooooobobbobbobobobooboo pogoooo
gbbooooobbo,o0bbboobobbooobn
gbobo. cooboobobooobuooboooboo
obooboooboooobooboooobooboobooon
000 Hoffman et al., 20100. OOO0OOOCOODOOO
000000000 6y (d=1,2,...)0000, Y, ~
Exp(1/ Y, 04Hw,aUdy), G = > 021 0ady, ~ IP(c, F) O
oono,é,(d=1,2,...)000000000000000
000000000, ¢40d000D0000000ODODOO
000000,0000 (Hyg, ..., Hoq), (Ui, Usr)
gboooobo,rFr0b0000000DO0O0O0O0O0O0O00O0DO
ggooogooooo.

4 DOOOOO0OObOOOoOoOoboOoO

goboooobooooobooooooobooooOooooon
oboooooooo,0b00boooo0ooooooon
gbobo,000b00b00000b00b0b0o0oboooDo.

4.1 bag-of-words 00O OO OO0

gobobooOoooooboooooooooboooooobooon
oo000o0D0o0oDbO0o00oboooboboOOd Bleiet al.,
20030. OOoOOooOOooOOooOOoOoOoobOOobOoOobOogn
gboboooboooboooobooooboo. cooobo
gbooooobOoboobooobooboooobobooobooon
gb. 0000000000000 boo0oobooooo
o,00bo00bobooboo0ooboooobooobooobo
goboooooooooobooooooboooobobooo
oboo. Joboboobooboboooob, ;0000000
gbdnbobb0OobOOobOOoOobooboobon:

l. 0000000 oU0ooooUoooooOoDOoooon
00000: Go=Y,2; Mp, ~DP(7, F). ¢, Ot
0odo0oooooooooooooooooog
odoooo,00o000obooooooooooog
0000000 FOO0O0ODOOOODOOOO
opooooood.

00000000 oDoO0oDoOooooooon
ooooooooooo: Gy = 2219#5@ ~
DP(a,Go). 00OO0OOO0OOOOOODOOOOOO
0Go0000O0000000000000G; (j=
1,2,...)00000000.

.j000000n000000Q0ODODOODOOOOO
00 2,00000: 2, ~ 6;.

4. ;000000 nO000000O0O00O, 2,000



0000000000000 00000O00000
¢.,, 0000 2;,00000: zj, ~ s, .-

0000000000000, 00000000000
000000000 focused topic model OO OO OO
0000000000 Williamson et al., 20100 . 000
00000000000 D00000D00000,0000
00000000 D0O00O0D0O0OO0O0D00000D0D0OO
OD0000.00,0000000000000000
0000,000000000000000000000
0000000000 00000D0D0000D0D0DOO0
0.0000000000000000000D0,000
DoopopooonG; (=1,2,...)0000000
OD0O0o00O0DDoO0:

B;; ~ Bernoulli(a;), a; ~ Beta(ao/T,bo(T —1)/T), (3)
6, ~ DP(a, B, © \) @)

(a1,...,ar)00000000000000000000
ooooao, (Bj.,...,B;r) 0000000000000
00000000000000000. BOOOOOOO
000000000000000000. (By4,...,B;1)
0,;00000000000000000000000
00000000, B;eA(0000000D0000)0
00000000000000000000000.

4.2 000OO0OO0OO0OO0OOOOOODOOOOOO0

oboboooboobobooboooboboobboobgoo
oooooboooobooooooboboboooooo
ooboooobooo.oboooboooboooooon
obobooobooboboobobooboooboboobon
ooboboooboobobooboooboboobboobgo
goboobooooooboooobo,bbooooboooobo
ooboooboooooboooobooobo.oooo
oboooooboooooboboooooboooooobo.

000DoD00o0oooOoOoooogn: stick HDP-
HMMUO Fox et al., 20070, block diagonal infinite
HMMUO Stepleton et al., 20090

e JI0DUIDDODOOODDODODOODOOODOO
0000: n-gram[ Mochihashi& Sumita, 20070,
sequence memoizer[] Wood et al., 20090
oo0ooodooooooooooooooooog
O0: 000000000 Liang et al., 20070
0000000000 00o00oogooon: infi-
nite factorial HMMO Van Gael et al., 20080, infinite
latent event modeld Wingate et al., 20090 , infinite
dynamic Bayesian net.[0 Doshi-Velez et al., 20110

goobbooobbooobboboooobboooobon
OO0obDOo0o0ob00ooDbDOoo0o0ooO sticky HDP-HMM
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O block diagonal infinite HMM O OO OOOOOO.
Fox et al. (2008) 0 00000000000000000
0000000000000 0000000. 000,00
0000000000000000000000000
0000000000000000000. 00000
0000000000000000000000,000
00000000000000 (00000000000
0000000000)0000000. 0000000
0000000000000000000000, 0020
000000000000 0000000000000
O: m ~DP(a+r, %8450 x> 0000000000
0000000000000000000000000
000000000000000. 000000000
0000000000000000000000000

(Stepleton et al., 2009) D OO .

obobooooobo0obOobooooobooboooo
0000 ngram 000000, ngramO (n—1)000
0oooooooooooooooo, (n—1)00ooo
0oodo000obO0oO0ooD00obO0oDoDoDooooooon
oobo0o0obOOo00obooOOooboOoobooo.ooo
go0oo00o0obObOO0oO0oOobOooobooobOobDoo
000000, 00b00DpDooDoood n-gramd OO
00,000000000000000000d0Pitman &
Yor, 1997000000000. 000O0DOOCOOODOO
gooo0o0obOdbOOoo0oOobOdooboooboooo
gooo0oooooooooooooooooo. oo
0o0o0odooogdddd sequence memoizer [ 0 0O O
go0bo00obOOo00obObO.ogoboboOoobboooobo
gooOdobOoOoboOOoO0ooOooboOooooo,ono
0ooDo0oooooopooooooooooooo. o
00,0000000 oo-gramJ,000000 co-gram
goobo0o0obOobDOoboU0oOobOooooooboobooo
gobooooooooooono.

O00o00Doooooooooooooooooon
godooooooooooDDOO0OoOoOoOoDOoOoOoOog
oodo,0000000000oooooooooggd
00.000000000000ggooooooggog
0000o0ooDpoooooooOo,0D0oo0oo000g
oooo0ooo0ooooooooooooooooog
0o0ooooooo,0goooooooooooggd
0o0o0oodoooooooooooooooooon.
o0oo0ooo0oooooooooooooooooog
o0o,0000000000 2200000000000
o0oo0oooooooooooooooooooodg
0 O Nakano et al., 2011, Kameoka et al., 20120 .

ooooooooooooobbooobooooooon
gobooobooooboooo.obbooobboooo
00 (Van Gael et al.,2009) 0000000000000



O (Helleret al.,,2009) 00, 0000000000000
00 (0000000000000 0)0Uoooooo
O00000.00,000000000 (Wingate et al.,
2009) 000000000DO00OO0ODOOOO00 (Doshi-
Velez et al., 2011) OO0O00OO0O0OO0O0O0OOOOOOOO
ooooboobooboobooooooooooooooo.

4.3 U00O0O0O0O0OO0OO0ODOOOO

00000000000000000000D00000
0000000000000 Jordan, 20090. 0000
0000000 00000000000, 000000
0000000000000. 00000000000
000D000000000000000, 000000
000D0000000000000000000000
0. 00n000000%, 000000000000
0000000000000000000001,2,...,K
0000000 2, 00000000000000000
Zy ~m, G =Y 70 mdg, ~DP(y,Go) DODDO. OO
0k0000000000000 ¢,000000000
Go00D00OD0D0O00000D0DDOD. 0000D00o0oO
000000000 2, 000000000,000 y,0
00000000000000000000000000
0000000000000000.000000000
000000000000 2,0000,0000000
00D0000000000000

w  GLo=> 7 .0 ~DPF), (5

m=1

l
2y

Yn ~ f(¢»,-) 000000000. 000000000
G=Y%,m0,00006,000000000000
0000000000000000000000000
000G,0000000000000.0000000
0000000000000000000000000

G =) mdg ~DP(y,DP(a, F))
k=1

(6)

boo0oooooo. ¢, 0000000000000
00o000oo0oDOoooo0o FOODODODODOOOOO
ooooooboooog.
00ood20000000000000000000 Ro-
driguez et al., 20080 00000000, 0000000
gobOoO0ooboooOoboO.booooboooobooooboo
000000000000, nested beta process [0 nested
gamma process 10 000000 OOO Jordan, 20090 .

44 0O0O0OO0OO0OODOOOOOOOOOOOODOOO

oobOooboooooobooobooooooo,oon
obooooboobobooboooboboobbooboo
boooobooooboooobooooon. oo
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0,000000000000oooooooooggg
googbbooboobooouooboooobooog
gobdoboooooobuooobooboobooog
ododo,00000gooooooooooooggd
0000ooooooooooon. oooooogoog
goooobbooooooooooboboooooooao
gooooooo. toooobo,booooooboon
o0odoooooooDooUooooooooooodg
0,0000000000000o0oooooooggg
gooooooooobbobbobobooooo,oood
oo0ooo,000,000000000000DOO00d
01000000 200000000000000000
0o0oo0ooooooDoooo.ooooo,ooo00d
godoooouoobbbooooooboobooooo
godddd.ooooo0o0ooooogoggooog
o0oooooooooo,00ooopoooooggd
000000 Williamson et al., 2010, Ren et al., 20110 .
000D00o0o0ooooooooooogooon ker-
nel Beta process 42|00 0000000000. 00O
goooooDoOoOooooooooooooooooog
goobobooobooboooouoboooobooog
oo,0000o0o0b0o0bbobbbobooooooon
goooooo.ooo yy,0oo00ooood x, € X,
factor wv; 000000000 2 eX0000000O0O.
gooooooooobobob,bbobuooooooon
0000000000y evgoooo,0n0oo0og
0000000000000 00 K(z,z*¢5) 0000
K(z,x*;9*) = exp(—¢*||lx —x*||;)D00000000
O00.000,000 0000000 Bg:
00
B, =3 mK (@, 24", (7)
i=1

00000, 0000o0ooooDooooooooodg
pgooooooooobooooboooo. ogo,
goodobooobooooooouoobooooboooog
oooo. 5v* 000000000 S,QU00000
000000, K(z,, x5 ¢7) € (0,1], K(z,,x;¢) —
0 (|len — x|l — o), K(z*,xz*;¢*) =1 00000
0,000 vy = Sdz*)Q(dy*)v(dr,dw) O0DO0ODO
Ov(drdw)0OOOOODODOOOOOOOOOOOOO

0000000000000 (Ren et al., 2011).

4.5 0O00OO0OO0O0OO0OOO0OOOOOOOOOObOOOOn

gobobooooooooooboobooboooo,oooooo
obobooooobobooooboooobobooo.
gbooooooooooobooooooobooo,onbo
gboooobooobooboobobooobooobooono,onon
gobooboobooooobooooob.ogob,booon
gbobooobooooooooooooobobooooon



0o0o0oooooboobo. oooobooboooo
gooooooboooooooooooooooooo
goddoooo. b oooooooo
gooooobbobbboobo0o0ooooooooooo
000 (Kulesza& Taskar, 2010, Affandi et al., 2012).

5 Uogn

oboooboboooboboobooboboooboo
obooooobooobo.bbooobooooooooon
obooobOoooooobobooooooboon.
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Abstract

The paper proposes a nonparametric Bayesian
audio signal modeling based on nested infinite
Gaussian mixture model. It can describe a va-
riety of sound sources for recognizing known
and unknown sounds in surrounding environ-
ment. So far, various methods of audio signal
recognition have been proposed for classifying
given audio events into a fixed number of cat-
egories that are manually defined in advance.
Therefore, audio events of unseen classes are
forced to be classified into the known classes al-
though those events have distinct acoustic fea-
tures. To solve this problem, our model can
increase the number of classes unboundedly, to
represent the given audio signals. Experimental
results showed the effectiveness of the proposed

model.
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Figure 1: Semi-supervised training of a nested GMM
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Figure 2: An example of environmental sound modeling
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Abstract

This paper presents a framework for Active
Audio-Visual (AAV) integration which inte-
grates audio, visual and motion information
to improve robot’s perception, and its appli-
cation to Voice Activity Detection (VAD) to
show the effectiveness of the proposed frame-
work. For the AAV framework, we propose to
use a Causal Bayesian Network (CBN) to make
a robot predict an optimal active motion in the
current situation. We implemented a prototype
system based on the proposed AAV integration
framework for a humanoid robot and experi-
mental results showed that the proposed sys-
tem successfully estimated the optimal paths

to improve VAD in different conditions.
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2000; Reid, 2003; Berglund, 2005; Kim, 2007]. % »~
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VAD: AAV-VAD) & L, PR TZOFEBUI T -3
77D~?MMWWMD@%%&%@?ﬁkowfﬁmé.

2 TUOT4THBEEREORE

2Ry M, VAD MR R RS <A LT 5 K9 I1CH)
EZAT2 ZENEEND. ZHEFEBRT L2012, UT
D ODOFREIIH S DLENH 5.
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1. BARy FOREBRIENINE) VAD PEREICKT L TH 2 55
BEREST D &,

2. HEDOBEBNEELZR S TeDEmWATr—F 8 7 4
rHTHZ L.

a2y MIERBRICEMEZIT O RICEDORRE RIS 24
ERH 5. FEEHEEIRONE MO FRNIS DR WEREET
X, EFORE R E0BEEENICHEET 2 LERH L. A
=7 VT 1%, vRy MBI 9O DEENEEAFET
LEEICEELE RS, v ARy ML OEEEZ —D L) BE
Lo ThnlE, £oOEiEE VAD MERED BAE A 73,
FMNCETMET DI ENTED. LL, ZOLHIRTF
BT, ERORBINREELHR S ZLhREEE 2D,

—ODFEE LT, REEINZREELBI & 272 LT, [H
IR EFRIRT 2 Z ENARETH D, VAD MERER HIWAE
iz, FnUSOEFEOBLINZ & A FAES L LR
EFNEAREL, ZOEFTNEHWT VAD Migs Tl
THZENTED. LaL, SBAEEKICK L CREE 72 8)
RIZE VI A LTSS, BURET V& W72 TR SR IT
VP LHIELWER L 220 =), 2004].

REENAIENEIZ K D VAD e b &% THlT 5729
Wi, BN E N DREORE L ZE U ERimnN T 7
0 —F O NHEERNT 7o —F L ViELTC\D. HES)
MEHEIC X 28520325 2 & A ARE/RfERE T L &
LT, ¥LiEMRET v (Augmented Probabilistic Models:
APM) 3% % [Pearl, 2009]. APM Ti¥, FEEHAYZREH{E
T DLW g 2MEOREREL L L THIZEmT
HZ L&Y, BN REELTE TS, LarL, 2o
APM TiE, vy FOERY 5 2EEOEEM L 7= 56
W, BN DMEREROBE LML, FRNSFH A LE R
RSO B A — X —TWINT 2720, 27—
VT RS D.

BARETLZERAVET I T4 TRBERE

2Ry N OREENRIENED VAD HRBIC 5 2 2 BB #HEE
THD, KETIEIREETLVO—FETHDH, KRS
U7 % v & (Causal Bayesian Network: CBN [Pearl,
2009]) % /1 %. CBN [ZA OF v %y hO¥7 2 5 2
ThY, KRERICESEXy N — 7 HEELHEEL, 2
DMDIFITHEE B 252 L —ODOREBEAREZE
BT LHZENTEDLET L THD.

CBN (2iF “do-#HHE" LIREh 2 ReBhf e EhElC &
LEEBEBNIHETATFERDH Y, ZD do-FHHRIEIZ X
v, FRNMER R OBAREBIENED N3 L T
MIEDA— =12 D EMNTESD. ZD7H, APM
WCHARTRAr—J YT B350, KI5 B g
DA,

AFETIX, CBN BT VAT DA AT D 3
FRFEIC P L CRELT 5.
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a) Original b) CBN c) APM

Figure 1: Example of graphicsl models

o AW y = [y1,..
o MEIZEHE s = [s1,..
o THZLK x = [z1,..

Y, | HEEZAT 9 X5
.y Sp, ) BEBNHUENMEAAT O X5
Sy, ]r BROZES S HIE RIS

RS 3 B REBDROT S F OS5 % % B,
LT OB BRI & - CRETE 5.

P(ylx,do(s))=P(y1,.. -, Yn,|T1,. .., Tn,,do(s1,...,5n,))
[T P(yilpa(y:)) 1 P(ilpa(x:))
= if s consistent with do(s), (1)

0, otherwise.

ZIT, pa()iFRy NI HEE EOBTH D, REEIN
RENMEDRET, WAL L KRR CTEHESR A>T
W5 AR - HIAEEE 8 L C P(yl|x, do(s)) IC 8%
5z2%.

la), b), ¢) \27F 7 4 HNEFTALOF 27T, X 1a)
EEMEEITDRWEEEER L, FRFERSAMIZLLFOR
TRDD.

P(v) = P(vg)P(v1|vg)P(va|vg) P(vs|ur, va) P(valvs) (2)

% 1b), ¢) I3[ 1a) (2% % CBN, APMIZX LTV, =
v EHEBIARBIEIC KO A LIRAER L, CBN 0
B (3) T, APM OBAIIR (4) I & 0 Rk
ERDD.

P(vldo(vy)) = P(vg) P(v2|vg) P(v3|vy, v2) P(va]vs) (3)
P(v|vy, f1) = P(vo) P(vi|vo, f1)P(valvo)

P(vs|vr,va, f1)P(valvs) (4)

K (4) © P(vglor,vg, i) 1F, R (2) TR SN2 REBINE)
EEEBE LW EIZBIT D P(vs|vr, ve) IZRIST 2R
HATHY, RRENEMEZH S DIl EEIND. —7,
X (3) TIE, REBINENMEZ ZIE L ZR2WEE ORS00 & [F)
CCThD. ZOFOIZ, CBN IXREEIN 2 EhE % iR
BT ENTED.

3.1 AAV-VAD ®f=6H® CBN ETJL&at

CBN E£5/U1T, FHx MERL-ERELAIL[EHH, 2011]
FHEBNIUBIVED VAD MEEIC 5 2 D BAHETX D L



Speaker
[x.yl

(t-1) -th frame I
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Figure 2: Model structure of the CBN

IR LRESE L7z, IWE L ~ULE, B - BRI
HIERA I EOREADTH D0 ERTREL LTHR~A
WER L. dEE[EH, 201122 sz,

CBN 7 VO, HHEL-~velaRy b -558 -
HEFIRORMAER RS L, K2 & Lz, £ETLONRT
A—H1%, [HH, 2011 OB PEEBRCHERA LT —4
(FEHE 3N, 4% 60 %5h% 14 M CHEMa ARy M X VI
§k) A HWTFE Lz, G658 - vy MEOBE#EA 1.5 [m],
2.5 [m] & LCHRFET — & 2k L, £-uRy kOTE
IRIERE AW T Ry hvb RIZE6E « MEFIRD 7241
FEM O FE, 30 FE, ..., 180 L 7D & o HEMG AR
L, L7 —ZICEE L. ZOMSET—ZIZx LT
AV-VAD %#17\y, £ VAD MHREL vl v b« GEE - M5
TRONERRE N TT A—=Z OB Z{ToT-. 1B,
T — ZIZE ENRVLERRICHOWTIE, T —
Z DA LTl o 72

3.2 CBN Z#RW:=#HBFAKRY hFESY— a3

2Ry ME do-3EEZHWT, Tl X 5 I8t H)
FRE A FEBI %R & U ChRos 72 REBN R ENE s* 23R T 5.

(5)
(6)

*

s* = arg maxE [y|z, do(s)]
S

arg max Z yP(y|x,do(s))
ZIT, E[) IS E W E A £

4 TUT4JRBERSRERERE IR
T L

B 3ITIREFIEICHAS < AAV-VAD v A7 A&7, K

BT, 7Ry RELTRIBICRT Ea—~ /A K

Table 1: CBN &7 /LIZ W D iR

aRy NOME (z,y [m]) &ME (0 [deg.]) PR
it OLE (@, y [m]) TR
HEETRONLE (z,y [m]) 2%
aRy MD RIS LHEFIRORTAE [deg]  THIZEH
a ARy h2HEEE £ TOMEHE [m) PR ER
B En-EOKE X [pixels] HEER
A-VAD HREOHEEM [0(EW) to 1(EWY)] EENPEE
V-VAD PEREDHEEE [0(EWY) to 1(R W) H A%
AV-VAD MReOHEEE [0CEW) to 1(BWY)] LR
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2R b “Hearbo” # 5. Hearbo ® F¥H 32 HAL
BHERSTEY, ZORFMEED LIZ -5 E S
nTnsg.

BHMEEIIL, 4 SOHEENH Y, FIEI O HHIZ
FEEEHE AT TV D2 o0 -4 b a—4&
MEZBIVTEY, ENENEMSLITHINT5 Z &N TX
5. BrHIZIE, B0 3fmEfETsE—4F Ly a—
ML HITND. 7eds, FEEIZIFHOLTF R EICHLER
FER B DD, AENIEH L THhR0,

Hearbo OEEERIZIL 16 ch D~ A 7 kT L A BNk E
ENTHEY, 16 kHz, 24 bit TRMIUEET D, £72, £
HONEIZH AT HB—2BE SN TEY, 30 Hz, 8 bit 7
L—Z /A —)b, 640x480 pixel DEgZINGKT 5.

V7 Ry =TiXAo0T vy s (RS, B
RSO, R EEE IR S, = A > NIRRT
MO I TN D, Ry MRS TIREER T
N T ARBE RS GEIX R H & A 7 & [Yoshida, 2012a)
ZHWAHTZ0, ZHBICOWTIIMBO L ZIRS . M
I% [Yoshida, 2012a] % &M S 720,

PR EM T, b A7 TG LZmig b5
R - B 21TV, i SR B ORHE RISV TR
% [Yoshida, 2012a] Z 35425, RS, BES
NTBEONLE & A XEHNT, BRy hb A-GEE
DONLEZ LT ORE AW THET 5.

d=cir+cy, ¢ =—-0.0106, ¢y = 4.04 (7)

728, BEMHIZIE, MindReader! (28 £ 5 EHRH 2 H
Wiz,

PRI EIM I, ~A4 7 aRr T LA DA D
BIENIZ L0 FEHE L HEEIRO M &2 HEE L7z b EJHR
IBEZATVS, BEE OEEREE LTS, EREN
IZ1E Generalized- Figen Value- Decomposition-based MUI-
tiple SIgnal Classification :GEVD-MUSIC %, HIR578E
IZ1X, Geometric High-order Dicorrelation-based Source
Separation: GHDSS %, HERFFHEIZIX Mel-Scale Log
Spectrum: MSLS #ZnEh Wiz, HIREN « FIR
538 - MSLS fhifti%, =& MY 7 b7 =7 HARK
[Nakadai, 2010] ZJEICFE L=, 25 O OFEMIE
[Nakadai, 2010] &M &7z,

728, FEREIZHWZ GEVD-MUSIC Tix, &E1® 5
FMTRERMBERDER AR MARHTTELTHDS
N5, ZDOZEMANRT MU, BIRAIE O FA AR
BEDWEENREETH S0, ZAREIT LD IRICERE
ERMT 5. S22, [Yoshida, 2012b] 2 f S
720,

PAE 6 58 X R S UL, B OREE 2> bR D 7k

L MSLS b, mRFRMERHEIC LD 3RS - I3

Thttp:/ /trac.media.mit.edu/mindreader/



. sound source separated audio
(!6 mlcroﬁhones’ location sound - feature likel
7 7\ Sound Source |______ Sound Source > Audio Feature tftnOSt i etyt
4 au 101 Localization Separation Extraction utierance state Speech
signal | I
G Tuce tp’s eight AVVAD || Hangover L oy
——p . facc location | Lip, & widih Visual Feature Non-speech
visual Detection 77 Extraction 77 Extraction A
image visua
feature
Audio feature extraction
enci’der + v [ Visual feature extraction
value active causal
; motion . effect 1 Robot controller
Main Motion Causal Effect
‘/\: € Totor Controller Planning Estimation I AV-vAD
command

cart [Ex.6y.E]

Figure 3: System architecture of AAV-VAD

FEEHRIT S, 7ok, Z OMESEEIHEIL Open Probabilistic
Network Library: OpenPNL 2 % J\ZFEEE Uiz, HkIH
BFERD T T T AT =2 a vV EEET L0, I -
IRIZHES < Hangover WEL ATV, ZDfER%Z VAD
R LTHAT5.

Ry M HIEEIL Robot Operating System: ROS 3 %
HICEE L. oy hOMNBIEIEREOT a2 —FfEH)
LELNDA RA MY, GEEONEIIR TR Em R
1T HEREORER, HEROMEITA FA MY & FRE
fxfAGOE =AllEEL T, EERD 5.
NoOBREEZ CBN ICL VA L, BolE/REhfEziEiR
T 5. RENRBIEOBME LT, ATiErARy hofi
BEado. X (8) IndT XkoiT, BIEDAEZF.OIZE
A OFIFEN~OBE Z M & L, EOHPHN TR (6)
ICHAS E R 2B E 2B LETT 5.

-
—

s€ &+ An &y +A)], AZ+AY<A? (8)

VAT ADIEZHTZY, A=1[m] &L, £AEEM
WAk T 2720, aRy FOBEEZ 0.1 [m] MROHER
U RECHIR U7, B O CR CHEERER E 72D
BAEE, TOH TR LBIEONEISTVAI~BEIT 5 2
L.

S

REFEOFMEZ RT 20, K 4a), b) ITR-T X I
& HEB TR OFERED TGS (condition 1) &iEWES
(condition 2) @ 2 FfFCTHEEX MM TR ZIT 72,
BREEIT de) IR T KO I RN ES TR Y, HEEHR
~OMEF XD, 07, BERIEHRIT, 7Y RAE—h—
MHEOFERLrRy FAFOE—FRT7 7 U inbOHCAHM
EPRALTND.
o728, LT OFiEZ W TEREZITo 7.

5

e Baseline: FIMWINLE GBE) LRWERR TE,
o Active (Linear): FF# ~EMANTUS < FHE,

2http:/ /sourceforge.net /projects/openpnl/
Shttp://www.ros.org/wiki/
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o Active (MReg.): BBIFET /MZEADWT VAD PERE
ZHEET D FIE,

e Active (Prop.): NEET WICES T VAD MRE%E
HeETET D FE.

Actiwe (Linear) Ti%, #FIHINLE)GEEE O~ EITS
&, HEO LR SNDEDY A XY VAD £7 NOFHE
Wz B & R CIZ 72> T BRI T 5. Active (MRey.)
TiX, HEEUFET IV (Multi Regression model: MReg) %
FAWT VAD PERed TR 24TV, —3FPEREm _E2s iAWY
HAE~BENT D, HEURIHW DAL, SEREL
BB LN 6 FERIITKD, MEFROME L vRy b
O RICEEE L HEE RO R T AEZ VD ET /LN BRI S
iz, pd, ZOHBFETMIETETNAOYTUIEVOR
& FTIRERE R? = 0.93 2 Active (Prop.) DUTERR
B R?=0.78 X bmE< o,

AV-VAD v AT LDOFT/VEEITIE, FEE3I AR aRy
K25 1.5 [m], 2.5 [m] OALE TEILEI 60 HEET D%
FLETF— a2

FEMZIE, “6-word command sentence?” & FEIEAL S B
UM S0 B AREEICERRR U TR L 7 i 7 — &~ —
AR L. FEIEL2 ATHY, FEHIT TO-T4 ©
FNENTHEEZ 90 [s] ORI 20 LT OHFHEL TWD.
HEEPUZIZZ 7 RAE = —Z2HH, &% (RWC Music
Database Jazz No. 415) it Liz. 87— LiHliT—
ZOFUNERIT[F IR CTIT o 7223, il & FaE N 1T 78
LAME TR D.

8B, AR TIHRO L5 R REZ Bz, G & HEFR
DEIFENEN 1 DT OT, ERPIIBEH LRV, rRy
M NZFPANE->TND. £z, rRy SOYINEIL
(0.5,0.5) & L, fEZEREEEEDO-O N EMEFIENDS 1 [m] LA
WIZITESh 7RI ST Lz,

MR IR, VAD O (EBROFEFHICH L TIEL
<HHShEEIE) 2 v,

4http://spandh.dcs.shef.ac.uk/gridcorpus
Shttp://staff.aist.go.jp/m.goto/RWC-MDB/
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Figure 4: Experimental conditions

5.1 EER#ER

5135 1,2 1281F 28 FHEIC K D VAD PERe OHEE R
BERLTWA. BB (abe) BEMEL %2, TE (def) 5
2 1zt L, £EF0 (a,d) 1% Active (Linear), H4 (b,e)
I% Active (MReg.), 4% (c,f) 1% Active (Prop.) \Zxthiad
. K6 1T ARIFICB T HEEEO VAD FEZ/R LT
L. 1 TR, MINLE D S E) L2V Baseline T
PERRITH 60% & 72> T D, ZHUCkE L, BEENRYZREh(E
ZRHAT D 3 SOFIETIE, BEIT DIV R~ ICHERE
DA E LTS, Active (Linear) 1ZHES RO E % & &
LAgnWew, GE EHEETRA m AR Y Rovb /L CRW AR
Al S, BHIRDBEMEREZY L L TR D, VAD PEREIE T1
LABE 60% C—iE & 72> 7-. —J Active (Prop.) & Active
(MReg.) Ti%, F6#& & OBEEZHED %720 T < HEF IR
ONMELEBLTBEIL TS, [ViATeX 5 )
B 7o oTz. ZDRER, Active (Linear) &, S5
5.0 A o MERED A B L7,

FE2 T, vy POPEMLE S HEETRICES, TO,
T1 TiE VAD PEREA Geff 1 D38 & HE~RV. Z o 5f
TIX, Active (MReg.) h355H & OHEHEZZE L TH2RW0D
728, Gl - By b MEETRD ERR RIS O AT
TIEIE L. ZOME TSRS RE S e & 72 D72
D VAD YERE S TO 225 5 ANA > Fal kLTS, 20—
T, BURFEITIER N EORMMPH D720, HRFHK
BEHLBEIZWINLD Active (Prop.) IXS HIZ 7.5 KA > b
PEREDN A b L7z,

5.2 £

FT, 2HITHRAEEERBIEICONWTEET L. #E
BRAS RO, BIZEEHISES &), FEFIC TV
FEHTH - TYH, BENC XY VAD MERENSH BT D v
I EDRENTZ. LoL, &1 DX D IR~ TRt
T EF, BREE~OMIGE VDT TIE, T OAEIMEIZR
ETHD. TD7=%, VAD HEREEDOHEEZITH 2 &L DI
FMENYD RSN, E£7z2, Active (MReg.) \ZDUT
X, &1 CIEHERREETVEHAWEEA SIFIER CHEE
WEREH XN, &2 CIIRRIHEME LY, E
B VAD MREDm EHREN TH o7, ZDI &b 2

Tl ARTARIZEIFE 7 VITREBIR 2B B2 5 L 637 L
LI R HEER RO OND LIFRORNE NS 2R
BT o, BEETIE, &1, 20WFTRWHEE
FERNE O, AWFEO BIZHE LT\ 5. 728, Active
(MReg.) 1%, ETNDOFET =214 28 TUTEVOR
S ZRTIREMRID Active (Prop.) OIRERE I D K=
O (R pey. = 0.93, R, = 0.78). L2L, FEERFHRT
I% Active (Prop.) 7% Active (MReg.) \Z TR E 7etERE
M EaRLe, ZORRIIFEET —F OV TN 20
TZETEATDAREMERH DB OD, PFERBITHES
SETFNVERBLT LA ANIITES RN L L,
Active (Prop.) 1% Active (MReg.) & He~_AEIHIWZ X5
RV IRNFEET = AN REIRET RGO ND T LR
Grino Tz,

WIT, RBIEOEE - WGHEE 33 DMz >
THEHET L. BEMETOZBIIOVWTL, TEHMET DY
BIXEORELZHOT LI OITBENT 2 2 & T, 223
B OYA1TE VAD O%ALPETH % hangover LB ZITH Z
L THLIBEDOHUNARETHD. £z, ZO_>DF
ETHRHLTERWERE T, THESERAZI RS, TRE
RETHELTHL ) LIICBEWET D] EWnoizhE
EIEZINA 5 2 & THLTE LN H 5. mig
MmO ENY, TOMEBIC Lo THENKRESELT S.
FRIZT VEBEHEICM S T2 NEFEE LIRR LT G S, 2%
ETIERAT 2 Z LB TERY. ZhERIRT 57201
R A TR —Y—L DT 7 X — % AT
DI EDHEPLELRD.

6 ¥bhYlc

AR T, REBIRIENIELZ AV-VAD ~Jiiffl L7= AAV-VAD
ERETHEDREET S FEERE L. FHE
ETVIITHETER G H & B B2 H—mIc 2 b
FetflZrz 6> CBN &MV, do-stHEEIC L EhifEo 2
EHEE L, TOHEMBICESERERTEETITY. BE
EICHES< AAV-VAD VAT bk ba—< /A RaRy
I Hearbo (Z5E¥E L7z, BEIEOFGHMEERIET D729,
B FER 1CTD < FIE, EEUFOHTICEES X BfEZ IR
T 5Tk, RRENREMEZ DR WEN 2 Tk L ik s
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Figure 6: Actual AAV-VAD performances
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Abstract

This paper addresses a simultaneous sound source
localization and separation method using a micro-
phone array and its application to an auditory sens-
ing by a mobile robot. The auditory function em-
bedded in the mobile robot should deal with (1)
the uncertainties in the environment such as the un-
known reverberation and source number, (2) time-
varying sound source locations observed by the
robot, and (3) the motor noise caused by the robot
motion. Our Bayesian formulation is employed
to efficiently cope with the uncertainties. Sound
source separation experiments in indoor and out-

door environments confirm encouraging results.
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ABSTRACT

This paper presents a multi-modal sound source localization
method for mobile platforms. The sound source localiza-
tion is performed while the robot is autonomously navigating
through the environment by combining the power and bearing
estimation given by a steered response power (SRP) algorithm
with the range estimation obtained from the on-board laser
range finders (LRF). First the positions of the sound sources
in the environment are determined by taking into account the
robot pose which is estimated with a particle filter and the es-
timated power is accumulated in the cells of a grid map cov-
ering the environment. Finally, a local maxima search is per-
formed on this grid map to find the area with higher estimated
sound power that correspond to the sound source locations.

1. INTRODUCTION

Sound source localization has been a topic of interest in the
audio processing community for a long time (see [1]). The
most effective techniques that emerged are either based on the
estimation of the time delay of arrival at microphone pairs,
or on the estimation of a steered response power (SRP) or
on spectral decomposition techniques like the MUSIC algo-
rithm. All these approaches rely on the use of microphone
arrays. Using a robot, it is possible to explore the space and
effectively extend the operational range of sound localization.
Thus a natural framework for sound source localization from
a robot is to use a conventional sound localization algorithm
at different locations and combine the results from all these
different locations [2, 3, 4, 5]. Since these localization results
are obtained for different times, it is important to distinguish
between fixed sound sources and moving sound sources. In
this paper, we are interested in the localization of the environ-
mental noises that are fixed sources.

The authors in [5] rely on triangulation to estimate the
positions of the sound sources using audio scans taken by an
autonomous mobile robot. One of the very interesting ap-
proaches in this area is the use of evidence grids in [3, 6]. The
space to be explored is partitioned into grid cells of fixed size.

THIS RESEARCH WAS FUNDED BY THE MINISTRY OF INTER-
NAL AFFAIRS AND COMMUNICATIONS OF JAPAN UNDER THE
STRATEGIC INFORMATION AND COMMUNICATIONS R&D PROMO-
TION PROGRAMME (SCOPE).
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Then the probabilities of having a sound source in each of the
cells are estimated during the exploration. To achieve this, at
a given location, an SRP with phase transform (SRP-PHAT
[7]) is estimated for a grid centered on the robot and these es-
timated powers are used to update the evidence grid. In that
method, the robot is tele-operated to gather sound data in the
vicinity of the sound sources [6].

In this paper, we present a framework for localizing sound
sources using an autonomous mobile robot equipped with a
microphone array. The novelty of the present work is in
obtaining the audio information about the environment us-
ing a multi-modal approach. In particular, the laser range
finder (LRF) data are explicitly used during sound source
localization. Most autonomous mobile robots are equipped
with LRFs and odometry (obtained from the encoders on
the wheels ) to localize themselves in the environment. This
ability to estimate precisely the range of the objects around
the robot is exploited in this paper to solve the problem of
poor range estimation from audio localization techniques. In
the proposed approach, the audio modality is used to estimate
the bearing of the sound sources whereas their ranges are ob-
tained using laser range finders. Consequently, our approach
assumes that the geometric coordinates of sound sources are
detectable by the LRFs on the robot. While this assumption
is a bit restrictive when a two dimensional horizontal plane
is scanned, it will be reasonable when extended to a three
dimensional scan. In the proposed framework, sound source
localization is performed while the robot is autonomously
navigating through the environment. During navigation, the
two on-board LRFs (front and back) provide range scans
and a steered response power (SRP) algorithm generates
audio scans. The SRP gives the bearing of the candidate
sound sources and an estimate of the received audio power.
Combining the bearing, the received power and the range
information, an estimate of the emitted power from candidate
sound sources is computed. The audio and LRF scans are
acquired at regular intervals and for each of the audio scan,
the power of the most powerful emitting candidate sound
source is accumulated on a grid map that covers the environ-
ment. The cells from that grid map contains an average of the
estimated emitted power and a count of the number of visits
(the number of time a cell has been selected). This procedure
requires to transform the sound source positions from the
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robot referential to the room referential. This is performed by
taking into account the robot pose which is estimated with a
particle filter. Finally, a local maxima search on this grid map
finds the locations of the sound sources in the environment
by selecting the cells with higher power.

Odometry
Front Laser
(UTM) :_“
Back Laser = Robot
(UTM) Localization

Sound Source
Localization in Robot
Referential Frame

e
Geometric
Map

Robot
Position

Map Building

_.
Loc.
I

Power estimation
with distance

H

Sound Seurce Power
Spectrum (360deg}
SRP

Microphone
Array

Fig. 1. Block diagram of the system.

2. PROPOSED APPROACH

A block diagram describing the proposed approach is shown
in Fig. 1. The main processing blocks will be described in the
following sections.

2.1. Map Building

The map building is performed in advance. The aim is to cre-
ate a map that describes the environment in which the robot
is due to navigate autonomously. The environment is repre-
sented by an occupancy grid, namely a grid which cells are
either empty (open space) or occupied (walls and structures).
The occupancy grid map is referred to as the geometric map
in the remainder.

In this work we use them for building grid maps. To build
the map, we controlled the robot with a joystick through the
environment gathering odometry and laser sensor informa-
tion. Then we used iterative closest point based SLAM to
correct the trajectory of the robot and to align the laser sensor
scans [8] using the 3DT oolkit library framework [9], [10].
With the resulting aligned scans the occupancy grid map was
created [11], [12]. The map obtained for one of the test envi-
ronments is shown in Fig. 2.

2.2. Robot Localization

The goal of the robot localization task is to precisely estimate
the pose (location and orientation) of the robot in the geo-
metric map representing the environment. We used a particle
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filter approach to estimate the robot position with a weighted
set of M particles. Each particle has a pose given by the state
vector {m, (k), ym (k), Om (k), wnm(k)} containing a candi-
date position and orientation of the robot and the associated
weight. While the robot moves, each particle also moves
based on the odometry readings and the probabilistic motion
model, which describes the uncertainty in the robot motion
(prediction step). In the correction step, the particle filter
estimates the posterior density by considering measurement
likelihood. This likelihood is estimated from the LRF scans
using the ray casting approach likelihood model in [13]. The
map update depends on the state of the particle dispersion and
the matching of the laser scans. The particles, which are more
likely to be correct after ray casting, have a higher likelihood
score, and therefore, more weight. Particle re-sampling is
performed regularly and the robot pose {z(k), y(k),0(k)} is
given by the average weight of the particles.

2.3. Audio scanning

In order to present this framework in greater detail, let us first
briefly describe the SRP approach to sound source localiza-
tion (see [7] and references herein). The goal of sound source
localization is to estimate the position of sound sources in
a search space using the audio observation. At the sampled
time k, the observed signals from the ) microphones of the
array are v1(k), - - - ,vg(k). Because the geometry of the mi-
crophone array is precisely known, it is possible to focus the
array using spatial beam forming to estimate the sound from
a spatial location. The beam forming output is denoted by

S(kv [xvyv Z]) = .7:(7}1(/{), T a'UQ(k)a [x,y, Z])v (D

where [z, y, 2] are the coordinates of the focus point in the ar-
ray referential. The SRP is obtained by computing the power
of this output over T samples

T-1

1
T Z sz(k - T, [xn7yn7 zn])

7=0

J(k)7 [xnaynazn]) (2)

for a set of NV locations [Ty, ¥Yn, Zn|nepn,n] in the search
space. The locations corresponding to the peaks of the SRP
gives the sound sources’ positions. There are several ways
to obtain the beam forming output, compute the power and
select the set of locations. In the remainder, the SRP obtained
at the time k that contains the power from the NV locations is
referred to as the kth audio scan.

In this paper, the SRP processing is done in the frequency
domain after applying a short time Fourier transform (STFT)
to the observed signals sampled at 48kHz (the analysis win-
dow is 25 ms long and the shift of the window is 10 ms). Then
the SRP is computed for the frequency band [1000, 6000] Hz
using 10 STFT frames for averaging the power. Thus a new
audio scan is available every 100 ms. A delay and sum beam-
former is used to focus the observations.



A particularity of sound source localization algorithm is
that the estimation of a source range is imprecise whereas
its bearing estimate is accurate. Thus spherical coordinates
[p, 0, ¢] are often used to describe the search space. Contrary
to [3], we assume the far field conditions hold (p large com-
pared to array aperture) and a bearing only scan is performed.
Namely the kth scan is a set of N angles 0,,(k) € [0, 27] with
their associated power .J,,(k). In our approach the distances
are obtained using the LRF scans as explained in Sect. 2.4.

Note that these scans are computed in search spaces in the
array’s frame of reference (as the position of the focus point
have to be known in the array’s frame of reference). Thus it is
necessary to transform the poses of the robot at these locations
to a global coordinate system to localize the sound sources in
the global referential.

2.4. Emitted power estimation

The audio scans {6, (k), J,(k)} are in the robot coordinate
frame and the goal of the fusion procedure is to combine them
with the range estimation from the LRFs and the knowledge
about the robot pose in the global referential in order to esti-
mate the position of the sound sources in the geometric map.

The main idea is to use the range estimation in the direc-
tions given by the SRP and combine it with the estimate of
the received powers to estimate the powers that was emitted
by the potential sound source candidates. For this purpose,
the phase transform is not used as it discards the amplitude of
the signals of interest.

For each of the directions 6, (k), an estimated range p,, (k)
is given by the LRFs (the closest ray in the LRF scans is se-
lected). Then, for estimated ranges in [dmin, dmax), the esti-
mated emitted power is

) [e3

where a controls the effect of the distance on the power (in
free field a = 2). Namely, the received power is corrected
by the estimated distance to the sound source candidate in
order to compensate for the power drop during propagation
between the source and the array, see the circles representing
the propagation in Fig. 3. A maximum distance dp,x is set
because the audio power decreases rapidly with the distance
and sound sources are covered by the background noise for
long distances.

For each of the audio scan, only the largest emitted power
estimate C), (k) = max,,C), (k), obtained for {0,,,(k), pm (k)},
is considered. By combining the robot pose with the maxi-
mum power location {6, (k), p.,(k)} a position in the global
referential is obtained. That position correspond to a cell
{i,j} of a grid map covering the room. This transform is
illustrated in Fig. 4.

The average estimated power P;;(k) of that cell is ob-

pn (k)
dmin

Cok) = T (k) ( 3
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tained by taking
) Pk — DKk — 1)+ Cp(k)
Pij(k) = Kyk—1) 11 @
Kij(k) = Ky(k—1)+1 )

where K;;(k) denotes the number of time for which the cell
{i,7} is visited (K;;(0) = 0). This count is also used to
remove cells that have been seen very few times. The grid
map containing the average power is referred to as power map
in the remainder.

Then the sound source localization is performed by find-
ing the cells that have higher power in the power map.
Namely, a local maxima search algorithm is used on the
power map to find the candidate sound sources.

In practice, a small neighborhood of the cell {3, j} is se-
lected and the power C,, (k) is distributed in that neighbor-
hood. The size of the neighborhood is taken as Afp,, (k)
where A6 is the angular resolution of the audio scan. The N
cells in this neighborhood receive the power C’"T(k) and are
counted as visited one time. This smearing of the power is
performed in order to take into account the larger uncertainty
for longer ranges.

Fig. 2. Geometric map of the corridor with sound sources and
robot trajectory.

3. EXPERIMENTS

For experimental validation we used a pioneer robot. This
robot has a differential drive configuration and was equipped
with two motor encoders and two laser range finder (UTM-
30LX from Hokuyo, maximal range 30 m). The experimental
platform can be observed in Fig. 5.

The microphone array is composed of 16 Sony ECM-
C10 microphones mounted on a circular frame (diameter 31
cm). The audio capture interface is a Tokyo Electron Device



Fig. 3. Received and emitted powers.

Fig. 4. Cell update using robot referential coordinates and
robot pose.

Limited TDBD16AD-USB that samples the signals at 48kHz.
The experimental evaluation of the approach was conducted
in a corridor. Different sound sources of known intensities
were setup in the environment.

Fig. 2 depicts the geometric map of the environment. The
dimension of the cells in this map is 5 cm x 5 cm. The grid
map used for localization has also 5 cm x 5 cm cells.

The robot navigates autonomously in the corridor using
a set of way points that defined a loop covering all parts of
the corridor In the remainder, a run corresponds to the robot
performing one loop in the corridor. The sound source local-
ization is performed during these runs.

Several (up to three) sound sources were placed in the en-
vironment (these locations are in the scan plane of the LRFs).
These sound sources are loudspeakers playing recorded
sounds. There was the sound of an air conditioning unit
(S1 with a sound pressure of 78.5 dBA measured at 5 cm),
the sound of a desktop computer fan (52 at 77.5 dBA) and the
sound of a server rack (S3 at 77 dBA). The sound pressure in
the quiet corridor was around 42 dBA. The activation pattern
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Fig. 5. Experimental robot platform with omni-directional
microphone array and two laser range sensors.

Table 1. Parameters used during all runs.
A6 « dmin
3° 0.5 0.3m

dmax
3m

of the sound sources for the runs can be observed in Table 2
and their positions are reference in Fig. 2. The parameters are
given in Table 1. Note that « is set to a small value in order
to avoid far estimate concentrating the power.

4. RESULTS

The power map is obtained by taking the accumulated power
of the cells P;;(k) for which the number of visits K;; (k) is
greater than 10% of the maximal number of visits. Thus an
updated power map is available after each audio scan. Fig. 6-
(a) shows the power map obtained at the end of the run 1 and
Fig. 6-(b) shows the result of the local maxima search. The
locations of the local maxima appear as black circles. The
ground truth, i.e. the real positions of the sound sources are
given as black crosses. For each of the sources the errors are
given in Table 2. The results for run 2 are also in the table.

Figs. 7-(a) presents the power map difference (in dB) that
is obtained by taking the difference of the power map for run
1 (three sound sources) and run 3 (no sound source). Figs. 7-
(b) shows the same results for run 2 (two sound sources) and
run 3 (no sound source).

5. DISCUSSION

The power map in Fig. 6-(a) illustrates the fact that large
areas of higher power appear around the locations of the
sources. Note that a few small areas with high power are
also present in the power map. After local maxima search,
the proposed approach successfully estimated the positions
of the sound sources see Fig. 6-(b) (the three local maxima
close to the true sources’ location are the one with higher



(a)

Fig. 6. (a) Power map for the run 1, (b) local maxima search results (x) are the ground truth and (o) are the local maxima.

Table 2. Sound source localization results.
Run | Active | Detected | Error(m)
Sources | Sources

S1 S1 0.29

1 S2 S2 0.22
S3 S3 0.07
S1 S1 0.11

2 S3 S3 0.18

3

values). The average localization error was 0.17 m and the
maximum error 0.29 m. Considering that the loudspeakers
are not point sources but may span several cells and the local-
ization was performed while moving, an error in the obtained
range indicates a precise localization.

Another interesting point of the proposed approach is that
the power maps contain estimates of the emitted power (these
estimates are obtained by correcting the SRP without phase
transform with a function of the estimated range, see Eq.3).
Consequently, it makes sense to estimate sound source local-
ization by using difference of power map in dB (equivalent
to a power ratio). A background power map obtained when
there is no sound source of interest (here the run 3) can be
subtracted to a power map obtained when some sources of
interest are present. In Figs. 7-(a) and (b), the difference of
power maps clearly show the locations of the active sound
sources. The local maxima search proved to be more easily
conducted on the difference of power maps as they have larger
dynamics and contains less false alarms (spurious local max-
ima). When it is not possible to obtain a good background
power map, the local maxima search is to be applied on the
power map.
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(b)

6. CONCLUSIONS

This paper presented a framework for localizing environmen-
tal sound sources using an autonomous mobile robot equipped
with encoders, laser sensors and a 16 channel microphone ar-
ray. The sound source localization results obtained in the ex-
periments had an average distance error of 0.17 m using local
maxima search, showing that the proposed framework is ca-
pable of localizing sound sources. Up to 3 sources within an
8m x 8m space were localized. The method is also robust to-
wards false positive detections and noise effects produced by
echoes. The novelty of the approach is in the combination of
the audio scans with the LRFs scans. These kind of sound
localization approach will aid the robot in attaining a better
knowledge about environmental noise. It can be used for bet-
ter speech recognition (suppressing the known environmental
noise), effective human-robot interaction, and also for surveil-
lance of environments. With the available framework, it is
possible to extend the work to 3-Dimensional sound source
localization that is more informative.
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Fig. 1. The MUSIC-based sound localization algorithm, and
related parameters.
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Fig. 3 The geometry of the 16-element microphone array.
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Fig. 4 The microphone arrays attached in the ceiling.
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Fig. 5 Position (1 ~ 6) and orientation (F: front, L: left, B: back,
R: right) of the target sources and the microphone array sensors
(Arrayl, Array2) in the room.
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Correct detection rates for "Human" source
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Fig. 6 Correct detection rates for direct path (d) reflection at plane y=0 (ry) and reflection at plane x=0 (rx) by each array (Array1,
Array2), for each position (1 ~ 6) and orientation (F: front, L: left, B: back, R: right) of the target sources (“human” and

“loudspeaker™).
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Fig. 7 Average position estimation errors for the same conditions as Fig. 6.
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Abstract—A  system based on the generalized
cross-correlation (GCC) method weighted by the phase
transform (PHAT) has been developed for multiple speaker
localization. In real environments with binaural robot
audition, speaker localization is degraded by the interference
created when the speech waves arrive at a microphone from
two directions around the robot head and by impaired
performance when there are multiple speakers. This paper
presents a new time difference of arrival (TDOA) factor for
the GCC-PHAT method to compensate multipath
interference on the assumption of spherical robot head and a
multisource speech tracking method consisting of voice
activity detection and K-means clustering for multiple
speaker situations. The standard K-means clustering
algorithm was improved for the purpose of multisource
speech tracking by adding two additional steps that increase
the number of clusters automatically and eliminate clusters
containing incorrect DOA estimations. Experiments
conducted on the SIG-2 humanoid robot in a real
environment show that our method improved the localization
accuracy and can track multiple speakers in real-time with
tracking error below 5.3°.

. INTRODUCTION

‘Binaural’ literally means having two sound inputs. For a
robot, it means having two microphones, one on each side of
its head (like ears). Recently, many researchers and engineers
have conventionally used lots of microphones for robots to
improve the hearing performance [1]-[2]. However, using
numerous microphones causes some problems: rising
maintenance costs for microphones and computational power,
and losing a general-purpose software interface due to the
different microphone array configuration for each robot. The
cost for a binaural audition device is substantially less than
that for a multichannel audition device. Binaural audition
hardware and its software can be easily ported to various kinds
of robot platforms and embedded in information and
communication technology (ICT) devices. Moreover, research
on binaural audition can contribute to understanding the
human hearing mechanism [3]. For these reasons, binaural
audition is particularly important for robots.

Among the various functions required for robot audition,
sound source localization (SSL) is one of the most important
techniques to achieve more natural and intelligent
human-robot interaction (HRI). For example, a robot
estimates the directions of sound sources to understand the
acoustic scene. Then it faces or tracks the person speaking and
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signals him/her that it is ready to listen and thereby appear to
express its interest in the conversation. SSL has been
extensively studied by a number of researchers and the
primary clues have revealed. They include the interaural level
difference (ILD), the interaural time difference (ITD), and the
spectral modifications caused by parts of the body (the pinna,
head, shoulders, etc.). These clues are implicitly included in
the head related transfer function (HRTF) [4]. The ITD, more
commonly referred to as the time difference of arrival
(TDOA), plays an important role in SSL; the sound signals
arrive at each microphone at different times for directions
other than front and back. One of the most well-known
methods to estimate TDOA for SSL with binaural sound
inputs is the generalized cross-correlation (GCC) method with
phase transform (PHAT) weighting [5].

The use of a microphone array with many microphones
improves localization performance in noisy and reverberant
environments. On the other hand, localization performance
generally drops as the number of microphones is reduced.
Since a binaural robot audition system uses only two
microphones embedded on each side of the robot’s head, there
are difficulties in obtaining a performance as good as that
when using the microphone array. The localization
performance with only two microphones must be improved to
enable robots with a binaural audition system to be deployed
in various acoustic environments.

In this paper, we addressed two problems affecting the
accuracy of the direction-of-arrival (DOA) estimation based
on the GCC-PHAT method in binaural robot audition:

1) Multipath interference due to diffraction of sound
waves caused by shape of robot head: Sound waves easily
bend around the robot’s head, resulting in a difference in
TDOA between the waves that travel around the front of the
head and those that travel around the back of the head.

2) Correlation between multisource sound sources in
real environments: The accuracy in SSL deteriorates when
multiple sound sources are correlated, which is generally the
case in real environments, i.e., when the sound sources are
speech.

Multipath interference severely degrades localization
performance especially for sound sources in the lateral
direction (around +90°) and the correlation between sources
limits the number of sound sources that the binaural system
can localize to a single source. Our solutions to these two
problems are twofold:

1) We incorporate a new TDOA factor for multipath
interference into the GCC-PHAT method along with
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assuming that the robot’s head is spherical.

2) We devised a multisource speech tracking method
consisting of voice activity detection (VAD) and K-means
clustering in order to eliminate incorrect DOA estimations
due to the correlation between multiple sound sources.

Our proposed methods were implemented as a real-time
system using the ‘HARK’ open-source robot audition
software [6] and evaluated experimentally in the binaural
audition system of the SIG-2 humanoid robot.

The paper is outlined as follows: Section Il summarizes the
ML-based DOA estimation using the GCC-PHAT method for
a multisource situation and describes the two problems related
to the SSL accuracy in real environments. Section 111 gives our
solutions to the two problems: a new TDOA factor to
compensate for multipath interference and a multisource
speech tracking method consisting of VAD and K-means
clustering algorithms to eliminate incorrect DOA estimations.
Section IV presents the experimental results. Section V
concludes the paper.

In this section, we summarize the ML-based DOA
estimation using the GCC-PHAT method for multiple sound
sources. Then two problems related to the SSL accuracy with
binaural robot audition in real environments are explained.

MULTISOURCE DIRECTION-OF-ARRIVAL ESTIMATION

A. Acoustic Model

This paper employs a F-point short-time Fourier transform
(STFT) under a far-field assumption [7]. The observed signals
from the left and right microphones in a situation with K sound
sources can be mathematically modeled as

Xl[f,n]:ialk[f]\sk[f,n]\exp(—jZn% fSlej+ N[f.nl (1)
X,[f,n]:ia,k[f]\sk[f,n]\exp(—jZ;z% fSr,kj+ N,[f,n],

where X, [f,n], Sk[f.n], and N,,[f,n] are the f-th elements of
the STFT of the measured signals from the two microphones
(land r), the sound sources (k denotes the index of each sound
source), and uncorrelated additive noise, respectively, on the
n-th time frame index; the f &{1, ..., F} denotes a frequency
bin, F is the time frame size of the STFT, and fs is the
sampling frequency; «,, and 7, are the attenuation factor and
time delay from the position of the sound source to each
microphone, respectively.

B. ML-Based DOA Estimation for Multiple Sound Sources

The ML-based DOA estimation for multiple sound sources
is basically defined by the GCC-PHAT method as follows:

Omie, [N] (2)
F
=arg maxiZGF’HATX,[f,n]X,*[f,n]exp(jZ;ri fsr,,(&)),
0 F F
where
PHAT __ 1 (3)

XX g
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Figure 1. Multipath interference due to diffraction of sound waves with
spherical-head assumption.

r,r(9)=%sin[%7r 4)

Xi[f,n1X, [f,n], G™*T, and 7, are the cross-power spectrum,
the PHAT weighting that preserves only the phase
information in the cross-power spectrum, and a steering
factor for TDOA derived from the free space environment,
respectively; 6&{-90°, ..., +90°} is an angle of sound
incidence, * is the complex conjugate, d,. is the distance
between two microphones, and v is the speed of sound (340.5
m/s, at 15 °C, in air). The estimated DOAS 6y« Of the
multiple sound sources in (2)—(4) are obtained by finding
several expected angles of sound incidence 6 that equally
maximizes the sum of the characteristic function obtained
from the cross-power spectrum with PHAT weighting in the
frequency domain.

C. Problem: Multipath Interference Due to Diffraction of
Sound Waves Caused by Shape of Robot Head

Basically, TDOAs are estimated under the assumption
that the microphones are located in free space, e.g. in (4).
However, this assumption is not applicable to TDOA
estimation using two microphones in a robot head because the
sound waves easily bend and spread along the shape of the
robot head, which creates a difference in TDOA between the
waves that travel around the front of the head path and those
that travel around the back of the head path. Figure 1
illustrates the two paths created by the diffraction of the
sound waves with the assumption that the robot head is
spherical. It clearly shows that these two sound-wave paths
and multipath interference must be considered if sound
source localization in binaural robot audition is to be more
accurate.

D. Problem: Correlation between Multiple sound sources in
Real Environments

The multisource DOA estimation using (2)-(4) can
produce accurate estimates of DOAs in the ideal case that the
multiple sound sources Sy are uncorrelated with each other and
with  additive noise N, ie,  S[f,n]S;[f,n]=0,



Figure 2. Frequency spectrum and the peak distributions of the ML-based
DOA estimation for two sound sources coming from angles of -50° and
+50°: (a) A situation with two uncorrelated sources. (b) A situation with
two highly correlated sources.

SdIf.nIN [f,n]=0, and N[f,n]N;[f,n]=0. However, the
accuracy deteriorates when multiple sound sources are
correlated, which is generally the case in real environments,
i.e., when the sound sources are speech corrupted by noise and
reverberation. For example, if two correlated sound sources
are assumed to come from different directions, (1) can be
rewritten as:

X,[f,n]:all[f]\Sl[f,n]\exp(—jZn% fSr,l)
+a,[T1]S,[f ,n]\exp(—jZn% fSr,szr N,[f,n] )
X,[f,n]=ar1[f]\51[f,n]\exp(—szé fSrrlj
+a,2[f]\sz[f,n]\exp[—jZﬁ% fSr,2)+ N,[f,n],

and their cross-power spectrum can be expressed as
X, [f,nIX[f,n]

~ a1l exp( j2r L ts(e, =1, ®)

+a.2[f1arz[f]\sz[f,n]\zexp[jzn% fs(r,, fr.z)j
+a.1[f1arz[f]\sltf,n]Hsz[f,nl\exp( 22 L t5(e, —r.l)j

+a.1[f1arz[f]\81[f,nmsz[f,nl\exp(jzné fs(m—r.z)j.

We can verify that there are two more incorrect TDOAS
produced by the correlation between two sound sources in (6).
Moreover, if we assume a situation in which there are more
than two sources or in which additive noise and reverberation
are correlated with other sound sources, the number of
incorrect TDOAs will increase geometrically. This
phenomenon causes ambiguity in multisource DOA
estimation because there will be many peaks in incorrect
directions as well in correct ones. Figure 2 shows examples of
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peak distributions in multisource DOA estimation for two
sound signals coming from angles of -50° and +50°. In the
uncorrelated situation (a), two sound sources were virtually
generated; in the correlated situation (b), two speech signals
(one for a male and one for a female) recorded at the same time
by the SIG-2 humanoid robot in an experiment room were
used. When the sound sources were correlated, the ML-based
DOA estimation inaccurately estimated multiple DOAs
because of the numerous peaks spread in all directions. In
addition, since the intensity of each peak changed over time
because of the attenuation factors in (1) applied to each sound
source, the ML-based DOA estimation may select peaks in
incorrect directions as correct DOAs when the peak intensities
in the correct directions are lower than those in the incorrect
directions. Furthermore, the ML-based DOA estimation with a
threshold #poa frequently fails to produce the same number of
DOAs as sound sources, especially in the absence of
information on how many sound sources are active.

These results show that a function is needed to filter out
the incorrect DOA estimations in order to get accurate
multisource sound localizations.

I1l. IMPROVED MULTISOURCE DIRECTION-OF-ARRIVAL
ESTIMATION IN BINAURAL ROBOT AUDITION

Our solutions to the two problems in real environments
described above are presented here. In binaural DOA
estimation, the two problems cause inaccurate and unreliable
localizations. We have proposed a new TDOA factor and
devised a multisource speech tracking method consisting of
voice activity detection (VAD) and K-means clustering. The
standard K-means clustering algorithm was extended to
enable tracking of an unknown time-varying number of
speakers by adding two additional steps that increase the
number of clusters automatically and eliminate clusters
containing incorrect DOA estimations.

A. New TDOA Factor for Multipath Interference

To solve the problem of multipath interference due to the
sound waves traveling along two paths around the robot head,
we first apply a simplified formula to these two paths under
the assumption that the head is spherical:

Path,, (0) = di[iﬂ' +sin (in)j,
2v (180 180

dy (sgn(@)zz - i/r +sin (izzjj
2v 180 180
where Pathgo and Pathpae are respectively the time delays
for the path around the front of the head and that around the
back of the head for each sound incidence direction, and sgn
is a signum function that extracts the sign of 6, i.e., if # has a
negative sign, sgn(d) is —1. After the formulas for the two

paths are derived, the time delay between them for each
sound direction is obtained using
dy _20 19
(sgn(e)n 180”]’

2v

()
(®)

Pathback (&) =

Diff

(0) = Path,,, — Path

front—back front

where Diffqontpack 1S 0 When 8 is —90° or +90°. Suppose that
the intensity of the multipath interference from Pathy,e for
each sound direction complies with that of the ILD ratios



between two microphones located in the robot head and this
intensity of the ILD ratios shows the sine function in the ideal
condition. We use Diffionnack Multiplied by the absolute sine
function with attenuation factor B, as a factor to
compensate for multipath interference:

B SIN (%”)

where Multisonepack IS the compensation factor for multipath
interference in binaural robot audition. The final time delay

factor for the binaural DOA estimation can be derived using
Pathfront and MUItifront—back:

. d, 20 10
MuUlti oo paci (0) = j(SQn(Q)” _m” ) (10)

Toari (0) = Path . (6) = Multi g, . ()
d 0

=k —n+sin[inj
2v {180 180
. [
. Ssin| —— .
j ﬁmulll | (180 ”j

_dy _20
y (sgn(&)ﬂ 180 Vs
This new TDOA factor, zmyp, is used instead of z, in (4) with
the ML-based DOA estimation.

(11)

B. Multisource Speech Tracking

Our approach to eliminate incorrect DOASs estimations due
to the correlation between multiple sound sources described
above is to use data mining in each time frame. For this
purpose, we devised a multisource speech tracking module
based on two methods:

o Statistical model-based Voice Activity Detection

If the target sound sources are localized speech in noisy
environments, all DOA estimations during the noisy periods
can be eliminated by using the VAD method to differentiate
speech from background noise. We used the statistical
model-based VAD algorithm proposed by Sohn et al [8]. This
algorithm uses the log likelihood ratio (LLR) between the
Gaussian statistical models of speech and background noise
for low signal-to-noise (SNR) ratio cases to indicate with high
accuracy the presence or absence of speech.

Each time frame is determined to be *“speech-present” or
“speech-absent” by using a decision procedure based on LLR
with a threshold:

if fmu[n]:ég(y[f,n]—logy[f,n]—l) > Towo

then n=speech- present frame
else n =speech-absent frame

y[f.n1=IX[E.n][7/An[f,n] is the a posteriori SNR and Ay[f,n] is
the estimated variance of (N,[f,n]+N,[f,n])/2.

(12)

e Improved K-means clustering

K-means clustering is a commonly used data mining
algorithm featuring computational simplicity and high speed.
We improved the standard K-means clustering algorithm to
work well for multisource sound tracking in real situations. If
the multiple DOA estimations in the given time frames are the
observations to be clustered and if their cluster centers
represent the tracked DOAs for a specific time frame, i.e.,
given the initial sets of observations (Gmic 1, Gmie 2,-++, e p)
and K-clusters (Oack 1, Owrack 2, ---» Owack k) With their center
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means (Ouack 1, Orrack 20 -+ Owack ), the standard K-means

algorithm proceeds by alternating between two steps:
[Assignment Step] Assign each observation to the cluster

with the closest mean:

_ 9(')

oM :{H,ME‘7 : |6m|ep tracky

<l O, - 00 [ V1< j <K}, (13)
where p denotes the index of all estimated DOA in the given
time frames, i denotes the iteration number. Each initial
center mean is randomly assigned and each DOA estimation
Omie_p goes into exactly one cluster Oyaci k.

[Update Step] Calculate the new means to be the centroid
of the observations in each cluster:
(14)

i+l P
gl = One,

1
track, — <®(i) > z

s ) ey <o,

where <@, (> is the number of estimated DOAs belonging
to cluster Oyae k. These two steps are repeated until the
assignments no longer change.

There are two problems with the standard K-means
clustering when it is to be used for multisource speech
tracking:

1) Fixed number of clusters: The number of clusters is
fixed from the beginning to the end of the standard K-means
clustering calculations. This means that the number of speech
sources needs to be known in advance for exact clustering.
Furthermore, the number of clusters cannot be automatically
changed in the observation period for clustering even though
speech signals independently appear and disappear over time.

2) Absence of a function for filtering out incorrect DOA
estimations: In the standard K-means clustering, the tracked
directions of the speech signals are not correct because even
incorrect direction estimations are used for calculating the
center of each cluster.

These two problems cause errors in the results of
multisource speech tracking. For accurate multisource speech
tracking, we improved the standard K-means clustering by
including two additional steps with new criteria:

[Increase Step] Increase the number of clusters
automatically:
1 ~ 5 [
if W ) > |Ome, =00 > M
12k [ ey <O,
(15)

then K™ = K® 11 and move to Assignment Step
else move to Elimination Step.

The K-means clustering algorithm begins with one cluster
(K=1). After executing the assignment step and the update
step, it adds another cluster (K=K+1) if the variance of
observations in each cluster is more than a given threshold
et
[Elimination Step] Eliminate clusters containing incorrect
direction estimations:

o (o0,)
<®Erie)ackk >

then eliminate cluster @®

< Tlc2 tracky

(16)

Mx

=~

=1

keep cluster

track,

else



Figure 3. Multisource speech tracking by VAD and K-means clustering.

The increase step maximizes the number of clusters by using
the variance of DOA estimations in each cluster. In this case,
some clusters will likely contain few DOA estimations that
are all incorrect. The elimination step filters out the clusters
containing incorrect direction estimations by checking the
ratio between the number of DOA estimations in each cluster
and the number of all DOA estimations in the given time
frames with a given threshold 7c,.
The process of the improved K-means clustering algorithm
for multisource speech tracking is thus as follows:
1) The standard K-means algorithm (the assignment step and
the update step) is executed with K=1.
2) The standard K-means algorithm is repeated with K=K+1
on the basis of Criterion (15).
3) All clusters containing incorrect DOA estimations are
eliminated on the basis of Criterion (16).
The process of multisource speech tracking with
multisource DOA estimations by VAD and K-means
clustering is shown in Fig. 3.

I\VV. EVALUATION

We evaluated our ML-based SSL method with the new
TDOA factor 7,y to verify that it makes fewer localization
errors than with the conventional TDOA factor 7, in binaural
robot audition and tested it with the multisource speech
tracking method in a time-varying two or three number of
speakers situation. The subject of the experiment was the
SIG-2 humanoid robot equipped with two Sennheiser ME
104 omnidirectional microphones and operated by the

‘HARK’ open-source robot audition software in the real-time.
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Figure 4 shows the flow of the implemented robot audition
system. The tracked DOAs were used to make the robot turn
at its neck and waist in order to look in the speaker’s
directions.

A. Experimental Setup

The experiments were conducted in a room with a
reverberation time of about 120 ms and noise from air
conditioners and personal computers. To create a noisier
environment, background music with lyrics was played as
additive noise. The average sound pressure level (SPL) of the
background music and the average SNR of the target speech
signals were about 70.1 dB and 19.2 dB, respectively. The
SIG-2 humanoid robot was placed at the center of the room,
and the speakers were located 1.5-2.5 m from the robot. The
attenuation factor (Bnug in (11)) in the ML-based DOA
estimation was set to 0.1 and the values for the thresholds
(77VAD in (12), Hc1 in (15), and Hc2 in (16)) used in the
multisource speech tracking method were set to 50.0, 3.0, and
0.25, respectively. The system recorded the background noise
for 2 s before each trial to estimate the noise variance and
used the variance as the a priori noise variance for the VAD
used in the multisource speech tracking method.

To obtain an accurate estimate of the performance
improvement with our ML-based DOA estimation with the
new TDOA factor in binaural robot audition, we estimated it
in a single-speaker situation first. A male and then a female
speaker stood at points along the azimuth from —90° to +90°
in 10° steps and spoke to the robot five times at each point.
Then we evaluated the ML-based DOA estimation with the



Figure 4. Flowchart of multissource localization and tracking.

multisource speech tracking method in time-varying two- and
three-speaker situations for 6 s.

B. Experimental Results

Figure 5 shows the root mean square error (RMSE) for the
190 trials (19 points x 5 speech signals x 2 speakers) for the
two experimental methods in a single-speaker situation. As
shown in the figure, the ML-based SSL methods with the new
TDOA factor 7 had fewer localization errors than with the
conventional TDOA factor 7,. The new TDOA factor zmyri
was particularly effective—it reduced the average RMSE by
18.1° and the RMSEs for the side directions by over 37°.

Our tacking method consisting of statistical model-based
VAD and improved K-means clustering showed good overall
performance even though it sometimes failed in tracking with
the exact number of directions. Figure 6 shows the
experimental results of two- and three-speaker localization
and tracking for each 6 s period. Even though the multisource
DOA estimation produced many incorrect DOA estimations
(shown by (c)), the multisource speech tracking method
filtered them out and tracked the direction of each speaker in
the running-time domain regardless of changes in the number
of speakers over time (shown by (d)). The root mean square
error (RMSE) of each tracked DOA for 6 s was less than 5.3°
for two- and three-speaker situations.

As a result, despite the use of only two microphones, the
robot audition system showed good overall performance for
binaural multi-speaker localization in a real environment.

V. CONCLUSION

We addressed two accuracy problems with the binaural
DOA estimation using the GCC-PHAT method in real
environments. To solve the problem of multipath interference
due to diffraction of the sound waves around the robot head, a
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Figure 5. RMSEs for single-speaker localization.

new TDOA factor that takes into account multipath
interference is applied to the GCC-PHAT method with the
assumption that the robot head is spherical. To overcome the
correlation between multiple sound sources, a multisource
speech tracking method consisting of statistical model-based
VAD and K-means clustering was devised. To make
multisource speech tracking more effective, the standard
K-means clustering algorithm was improved by adding two
additional steps increasing the number of clusters
automatically and eliminating clusters containing incorrect
direction estimations.

Experimental results demonstrated that taking multipath
interference into account when estimating the time delay
caused by the diffraction of the sound waves is a key to
improving localization performance in binaural robot
audition. Doing this with the multisource speech tracking
method enabled our real-time binaural robot audition system
to correctly track the directions of multiple speakers
regardless of the periods during which they spoke and
changes in the number of speakers below in tracking error
5.3°.

Future work includes extending our multisource speech
tracking method so that it can deal with even more moving
speakers. Several problems can occur in a moving-speaker
situation, such as incorrect tracking due to ambiguity of
speaker identification when moving speakers cross paths or
when they are speaking in the same direction. We are
planning to implement a blind source separation technique
with independent vector analysis [9] in our multisource
speech tracking method to handle this problem.
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Figure 6. Results of two- and three-speaker tracking with 128-ms time frame, 32-ms time shift, and 320-ms time duration for clustering (10 time frames).
(a) Signal input to left microphone consisting of male speech signal and female speech signal. (b) Actual directions and speech durations of two speakers.
(c) Results of multisource sound localization, where colors (red, green, and blue) indicate peaks heights in ascending order. (d) Results of multisource
speech tracking.
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