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Abstract

Automatic speech recognition (ASR) is essen-
tial for human-humanoid communication. One
of the main problems with ASR is that a
humanoid inevitably generates motor noises.
However, it is possible to estimate these noises
by using information on humanoid’s motions
and gestures. This paper proposes a method
to improve ASR for a humanoid with motor
noises by utilizing its motion/gesture informa-
tion. The method consists of noise suppression
and missing-feature-theory-based ASR (MFT-
ASR). The proposed noise suppression tech-
nique is based on spectral subtraction, and
white noise is added to blur distortion of sup-
pression. MFT-ASR improves ASR by masking
unreliable acoustic features in the input sound.
The motion/gesture information is used for ob-
taining the unreliable acoustic features. We
evaluated the proposed method through recog-
nition of recorded by using Honda ASIMO in
anechoic room. The experimental results show
that the proposed method outperforms the con-

ventional multi-condition training technique.
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Figure 1: Block diagram of the proposed method
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Table 1: Ezperimental Conditions

Condition A B C D E F
Multi-condition v v

Noise Suppression (SS) v v v v
Adaptation for SS v v v
White Noise Addition v v v
MFET v

MFT (a priori mask) v
Acoustic Model AM-1 | AM-2 | AM-2 | AM-3 | AM-3 | AM-3
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Table 2: Isolated Word Recognition (% Word Correct)

[ 50 cm i 100 cm
| Condition A B | C ] D [ E(pvalue) T F [[ A T B [ C€ [ D [ E(P-value) F
Motor noise 59.19 | 83.34 | 67.60 8442 | 85.27 __ 0.04 | 83.41 40.44 | 74.23 | 60.11 78.94 | 79.48 _ 0.00 | 80.79
Right hand (1) 50.93 | 81.25 | 64.74 82.87 | 838.18  0.06 | 82.72 30.71 | 67.67 | 57.87 73.38 | 756.78  0.00 | 77.86
Right hand (2) 45.45 77.63 | 58.10 75.54 | 80.87  0.00 | 81.72 26.00 64.97 | 47.84 | 62.66 | 72.54  0.00 | 74.23
Right hand (3) 51.32 | 79.63 | 63.89 80.79 | 81.87  0.01 | 81.64 32.56 | 67.75 | 55.02 71.45 | 76.54  0.00 | 76.47
Right hand (4) 52.70 | 82.64 | 64.51 | 83.64 83.41  0.42 | 82.80 32.95 | 69.14 | 55.40 72.92 | 75.28  0.00 | 76.93
Right hand (5) 50.70 | 81.02 | 63.35 81.35 | 83.80  0.00 | 82.41 31.10 | 68.52 | 54.63 72.84 | 75.85  0.00 | 76.70
Left hand (1) 50.31 | 78.32 | 62.04 81.18 | 81.95  0.00 | 81.95 30.48 | 65.05 | 49.54 69.52 | 78.28  0.00 | 76.62
Left hand (2) 44.60 | 74.69 | 56.02 75.62 | 78.55  0.00 | 79.48 24.31 | 59.88 | 45.53 60.26 | 68.29  0.00 | 71.99
Left hand (3) 51.55 | 80.25 | 64.74 82.35 | 83.72  0.00 | 82.41 32.72 | 68.21 | 55.40 70.99 | 74.62  0.00 | 76.93
Left hand (4) 47.45 74.62 | 50.93 68.52 | 78.78  0.00 | 79.48 29.32 60.42 | 36.04 | 54.87 | 68.76  0.00 | 71.22
Left hand (5) 52.01 | 79.40 | 62.04 | 82.72 82.03  0.01 | 82.41 32.72 | 6543 | 52.47 70.37 | 74.00  0.00 | 75.54
Both hands (1) 45.07 | 76.70 | 59.11 78.47 | 80.79  0.00 | 80.33 25.31 | 61.19 | 46.53 66.52 | 71.84  0.00 | 73.77
Both hands (2) 44.29 | 74.54 | 57.57 77.93 | 78.94  0.00 | 80.33 25.47 | 59.18 | 48.15 63.27 | 69.14  0.00 | 71.61
Both hands (3) 43.60 | 73.61 | 56.10 76.39 | 78.40  0.00 | 80.40 25.62 | 58.10 | 45.76 62.12 | 67.67  0.00 | 70.76
Both hands (4) 43.37 | 74.08 | 58.88 77.62 | 78.78  0.00 | 79.79 24.62 | 59.88 | 47.30 6s.12 | 69.83  0.00 | 71.30
Both hands (5) 45.91 | 76.93 | 60.19 78.16 | 81.41  0.00 | 80.33 26.01 | 61.58 | 50.16 6582 | 71.22  0.00 | 73.46
Head (1) 45.82 65.89 | 40.97 62.50 | 70.76  0.00 | 74.15 23.69 50.25 | 30.40 | 48.15 | 58.57  0.00 | 63.27
Head (2) 53.25 | 73.23 | 52.86 73.84 | 75.16  0.09 | 78.01 34.57 | 59.80 | 44.99 61.3; | 65.97  0.00 | 72.77
Head (3) 50.39 | 74.31 | 50.70 74.54 | 75.983  0.21 | 78.48 31.79 62.04 | 40.20 62.04 | 67.21  0.00 | 73.07
Head (4) 29.94 44.91 | 26.39 36.88 | 51.39  0.00 | 56.87 17.83 53.88 | 20.06 | 27.24 | 41.67  0.00 | 47.76
Head (5) 30.79 46.22 | 29.25 41.36 | 50.283  0.00 | 57.41 17.90 94.88 | 24.00 | 31.72 | 42.83  0.00 | 48.23
Head and Hands (1) | 51.24 | 74.38 | 51.62 75.62 | 77.82  0.02 | 80.63 33.57 | 61.81 | 39.12 62.96 | 67.59  0.00 | 73.84
Head and Hands (2) | 51.31 | 66.59 | 41.98 67.52 | 71.22  0.00 | 77.47 31.18 55.79 | 31.33 | 53.32 | 58.49  0.03 | 68.91
Head and Hands (3) | 37.50 | 63.81 | 41.59 64.28 | 70.61  0.00 | 75.24 19.53 48.85 | 2917 | 44.76 | 56.33  0.00 | 61.89
Head and Hands (4) | 46.38 | 77.70 | 61.81 80.17 | 81.56  0.00 | 80.87 27.24 | 63.04 | 49.54 66.52 | 70.76  0.00 | 73.31
Head and Hands (5) | 47.38 75.30 | 45.30 62.58 | 73.61  0.76 | 77.86 27.47 60.27 | 34.19 | 46.92 | 62.43  0.00 | 69.14
Walking Motion (1) 50.00 74.00 | 49.46 67.67 | 76.39  0.05 | 76.78 29.94 62.19 | 41.67 | 49.85 | 64.43  0.10 | 64.90
Walking Motion (2) 46.91 71.30 | 43.21 63.04 | 78.61 005 | 75.08 20.40 56.95 | 32.80 | 4422 | 60.81  0.00 | 64.74
Walking Motion (3) 49.38 | 74.08 | 50.62 74.85 | 77.62  0.00 | 79.32 30.32 64.05 | 42.75 | 58.72 | 68.86  0.00 | 69.14
Walking Motion (4) 50.78 75.85 | 53.32 73.92 | 79.17  0.01 | 78.24 32.33 65.51 | 45.37 | 59.26 | 69.06  0.00 | 70.29
Walking Motion (5) 52.01 | 76.08 | 52.62 77.78 | 81.10  0.00 | 80.94 34.11 67.59 | 43.21 | 65.13 | 71.69  0.00 | 75.47
Walking Motion (6) 46.99 74.85 | 50.39 71.99 | 76.93  0.04 | 78.17 29.63 61.81 | 41.90 | 55.10 | 67.13  0.00 | 67.75
Walking Motion (7) 49.85 75.24 | 54.17 74.85 | 79.17  0.00 | 79.56 32.41 66.51 | 46.76 | 61.35 | 70.22  0.00 | 72.30
Walking Motion (8) 50.85 76.62 | 54.09 76.47 | 79.94  0.00 | 80.17 33.41 67.75 | 44.76 | 61.88 | 72.15  0.00 | 73.77
150 cm 200 cm

Condition A B | C ] D [ E (P-value) [ F A [ B T C© ] D T E|(P-value F

Motor noise 27.86 | 64.20 | 54.02 70.60 | 73.69 _ 0.00 | 73.85 10.83 | 54.01 | 49.93 59.72 | 66.75 __ 0.00 | 68.44
Right hand (1) 19.68 | 56.02 | 48.69 61.81 | 67.76  0.00 | 70.14 12.27 | 45.60 | 43.36 49.00 | 59.78  0.00 | 61.89
Right hand (2) 15.36 50.70 | 38.97 48.23 | 62.96  0.00 | 64.12 9.57 41.44 | 81.79 | 36.11 | 52.01  0.00 | 57.49
Right hand (3) 21.37 | 56.56 | 47.30 58.80 | 66.75  0.00 | 66.51 12.89 46.53 | 41.82 46.53 | 59.11  0.00 | 60.80
Right hand (4) 20.99 | 56.02 | 45.37 58.64 | 67.67  0.00 | 68.60 12.50 | 46.30 | 41.05 46.46 | 60.08  0.00 | 62.35
Right hand (5) 18.52 | 55.48 | 47.46 58.34 | 66.51  0.00 | 68.52 11.27 | 46.61 | 42.59 47.15 | 57.80  0.00 | 61.65
Left hand (1) 18.83 | 54.656 | 41.20 56.10 | 62.89  0.00 | 68.06 10.73 | 4220 | 385.19 4475 | 54.86  0.00 | 59.65
Left hand (2) 13.81 47.38 | 35.80 46.45 | 56.72  0.00 | 59.42 6.71 36.65 | 30.56 | 35.88 | 47.23  0.00 | 50.16
Left hand (3) 21.45 | 55.25 | 46.53 58.72 | 65.06  0.00 | 67.83 12.74 | 44.76 | 40.05 46.68 | 58.95  0.00 | 61.88
Left hand (4) 16.82 50.00 | 27.63 41.82 | 59.783  0.00 | 61.88 10.34 99.51 | 21.07 | 30.79 | 50.85  0.00 | 55.79
Left hand (5) 19.91 | 54.01 | 41.82 56.49 | 65.97  0.00 | 68.13 11.19 | 43.75 | 36.50 44.99 | 55.71  0.00 | 59.57
Both hands (1) 15.20 51.01 | 37.50 50.31 | 59.80 0.00 | 64.66 779 | 39.05 | 81.72 40-67 | 51.70  0.00 | 55.48
Both hands (2) 15.44 49.00 | 39.82 48.15 | 59.656  0.00 | 62.50 8.57 98.82 | 31.87 | 37.43 | 50.54  0.00 | 54.94
Both hands (3) 16.52 | 45.99 | 36.50 48.54 | 57.18  0.00 | 60.73 8.57 | 35.42 | 30.56 36.65 | 48.38  0.00 | 52.94
Both hands (4) 15.13 | 46.61 | 37.27 49.31 | 56.41  0.00 | 60.57 7.56 | 36.35 | 31.71 97.35 | 49.16  0.00 | 52.47
Both hands (5) 15.59 | 49.00 | 40.82 52.01 | 60.57  0.00 | 63.58 841 | 39.35 | 34.80 41.83 | 52.24 000 | 55.56
Head (1) 13.74 36.89 | 22.61 32.80 | 45.99  0.00 | 52.24 7.02 26.78 | 16.69 | 21.76 | 87.35  0.00 | 43.98
Head (2) 21.68 51.62 | 37.58 51.62 | 57.64  0.00 | 64.20 14.81 42.05 | 3257 42.05 | 50.39  0.00 | 57.72
Head (3) 18.45 | 51.01 | 33.26 51.93 | 56.56  0.00 | 63.43 11.81 41.13 | 26.93 | 40.43 | 51.24  0.00 | 57.64
Head (4) 11.81 24.62 | 14.82 20.45 | 82.56  0.00 | 40.28 7.26 19.85 | 12.58 | 15.90 | 27.16  0.00 | 34.42
Head (5) 10.57 2847 | 18.91 24.77 | 36.88 000 | 41.20 6.56 21.22 | 16.36 | 20.06 | 30.94 000 | 36.27
Head and Hands (1) | 20.84 52.55 | 83.03 50.16 | 58.65  0.00 | 64.82 14.20 41.67 | 27.93 | 39.90 | 50.00  0.00 | 58.95
Head and Hands (2) 19.91 44.14 | 23.54 42.29 | 49.16  0.00 | 59.19 13.66 55.88 | 18.91 | 34.11 | 42.44  0.00 | 53.17
Head and Hands (3) 9.11 38.04 | 20.84 32.64 | 44.37  0.00 | 51.08 4.94 27.39 | 15.97 | 21.38 | 36.04  0.00 | 43.13
Head and Hands (4) 15.21 | 50.23 | 41.98 51.62 | 62.0&  0.00 | 63.66 8.49 | 38.97 | 35.42 40.05 | 53.32  0.00 | 56.64
Head and Hands (5) 16.67 47.77 | 25.54 34.57 | 52.70  0.00 | 59.41 9.11 97.27 | 21.22 | 24.70 | 45.06  0.00 | 53.01
Walking Motion (1) 19.29 52.09 | 87.11 37.12 | 58.68 0.10 | 53.55 12.12 41.13 | 80.87 | 27.47 | 45.14 0.00 | 45.91
Walking Motion (2) 18.68 45.68 | 27.78 31.56 | 49.28  0.01 | 52.39 11.58 56.96 | 21.92 | 21.07 | 40.36  0.00 | 44.53
Walking Motion (3) 19.29 51.47 | 34.11 43.52 | 56.87  0.00 | 57.95 12.19 42.21 | 30.25 | 32.87 | 48.31  0.00 | 50.70
Walking Motion (4) 19.91 55.10 | 38.20 43.98 | 56.87  0.03 | 57.87 12.35 45.06 | 32.64 | 30.02 | 47.30  0.02 | 48.77
Walking Motion (5) 20.91 55.09 | 37.66 51.70 | 62.89  0.00 | 64.89 12.42 45.99 | 82.33 | 41.20 | 53.70  0.00 | 57.57
Walking Motion (6) 17.83 51.55 | 33.42 41.21 | 54.87  0.00 | 58.26 10.50 40.90 | 2832 | 28.78 | 47.53  0.00 | 48.54
Walking Motion (7) 19.91 54.40 | 40.28 45.84 | 58.72  0.00 | 60.96 12.97 44.87 | 34.11 | 85.50 | 50.77  0.00 | 52.32
Walking Motion (8) 20.45 55.71 | 36.03 49.08 | 61.50  0.00 | 65.05 12.89 43.97 | 28.86 | 36.27 | 52.47  0.00 | 55.48
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Abstract

Robot audition systems require capabilities for
sound source separation and the recognition of
separated sounds. We report a robot audition
system with a pair of omni-directional micro-
phones embedded in a humanoid that recognizes
two simultaneous talkers. It first separates the
sound sources by Independent Component Anal-
ysis (ICA). Then, spectral distortion in the sepa-
rated sounds is then estimated to generate miss-
ing feature masks (MFM). Finally, the separated
sounds are recognized by missing-feature the-
ory (MFT) for Automatic Speech Recognition
(ASR). We estimate of spectral distortion in the
temporal-frequency domain in terms of feature
vectors and generate MFM. The resulting system
outperformed the baseline robot audition system
by 13 % with isolated word recognition, and 6 %

with continuous speech recognition.
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Abstract

In this paper, we propose a new spatial sub-
traction array (SSA) structure which includes
independent component analysis (ICA)-based
noise estimator. Recently, SSA has been pro-
posed to realize noise-robust hands-free speech
recognition. In SSA, noise reduction is achieved
by subtracting the estimated noise power spec-
trum from the noisy speech power spectrum.
The conventional SSA uses null beamformer
(NBF) as a noise estimator, but NBF suffers
from the adverse effect of microphone-element
errors and room reverberations in real environ-
ments. To improve the problem, we newly re-
place NBF with ICA which can adapt its own
separation filters to the element error and the
reverberation. The affections by the element
error and the reverberation can be mitigated in
the proposed ICA-based noise estimator. Ex-
perimental results reveal that the accuracy of
noise estimation by ICA outperforms that of
NBF, and speech recognition performance of
the proposed method overtakes that of the con-
ventional SSA.

1 Introduction

A hands-free speech recognition system is essential for re-
alizing an intuitive and stress-free human-machine inter-
face. However, the quality of the distant-talking speech
is always inferior to that of using close-talking micro-
phone, and this leads to degradations of speech recog-
nition. Ome approach for establishing a noise-robust
speech recognition system is to enhance the speech sig-

nals by introducing microphone array signal processing.
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In delay-and-Sum (DS) array, we compensates the time
delay for each element to reinforce the target signal ar-
riving from the look direction. On the other hand, null
beamformer (NBF) [1] provides more efficient noise re-
duction in which we steer the directional null to the di-
rection of the noise signal. Moreover, Griffith-Jim adap-
tive array (GJ) [2] can achieve a superior performance
relative to others. However, GJ requires a huge amount
of calculations for learning adaptive multichannel FIR

filters of, e.g., thousands or millions taps in total.

Spatial subtraction array (SSA) [3] is a successful can-
didate for hands-free speech recognition, and SSA is
specifically designed for a speech recognition application.
In SSA, noise reduction is achieved by subtracting the es-
timated noise power spectrum by NBF from the power
spectrum of noisy observations in mel-scale filter bank
domain. Since a common speech recognizer is not so
sensitive to phase information, SSA which is performing
subtraction processing only in the power spectrum do-
main is more applicable to the speech recognition, and
it is reported that the speech recognition performance
of SSA outperforms those of DS and GJ [3]. In SSA,
noise estimation is performed by NBF which has decent
performance under ideal conditions. However, NBF sus-
tains the negative affection by microphone-element error
and room reverberations. Therefore, in the real environ-
ment where the element error and the reverberation are
always included, the performance of SSA significantly
decreases because the noise-estimation accuracy by NBF

decreases.

In this paper, we propose a new SSA structure which
replaces NBF-based noise estimator with independent
component analysis (ICA)[4]-based noise estimator. ICA

is a technique for source separation based on indepen-
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Figure 1: Block diagram of conventional SSA.

dence among multiple source signals. In acoustic source
separation scenarios, ICA can also extract each source
signal only using observed signals at the microphone ar-
ray, and ICA does not require characteristics about sen-
sor elements and the reverberation. Therefore, it is well
expected that ICA can adapt its own separation filters to
the element error and the reverberation. Accordingly the
adverse effect by the element error and the reverberation
can be mitigated in the proposed ICA-based noise esti-
mator. Real-recording-based simulations are conducted,
and we can indicate that the proposed method outper-
forms the conventional SSA on the basis of speech recog-

nition performances.

2 Conventional Spatial Subtrac-

tion Array

2.1 Overview

The conventional SSA [3] consists of a DS-based primary
path and a reference path via the NBF-based noise esti-
mation (see Fig. 1). The estimated noise component by
NBF is efficiently subtracted from the primary path in
the power spectrum domain without phase information.
In SSA, we assume that the target speech direction and
speech break interval are known in advance. Detailed

signal processing is shown below.

2.2 Partial speech enhancement in pri-
mary path

First, the short-time analysis of observed signals is con-
ducted by a frame-by-frame discrete Fourier transform
(DFT). By plotting the spectral values in a frequency bin
for each microphone input frame by frame, we consider
these values as a time series. Hereafter, we designate the
time series as

X(fvT) = (fvT)]Tv (1)

where J is the number of microphones, f is the frequency
Also, X (f,7) can be

[X1<f,T),...,XJ

bin and 7 is the frame number.
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rewritten as

X(f,r)=A(f)(S(f, 1)+ N(f.7)), (2)
S(f,7)=[0,...,0,Su(f,7),0,...,0]", (3)
U-—1 K-U
N(f,7)=[N:(f,7);-., Nu-1(f,7),0,
Nusa(f, 7)o N (f, 7], (4)

where A(f) is a mixing matrix, S(f, 7) is a target speech
signal vector, IN(f,7) is a noise signal vector, U ex-
presses the target speech number, and K is the number
of sound sources.

Next, the target speech signal is partly enhanced in

advance by DS. This procedure can be given as

Yps(f,7)= WDS( )X (f,7)
Ss(HA)S(.7)
+WDs<f>A<f>ch,r>,
(=PI, WPV ()T

w9 ()= % exp (—i2n(f /M) fod; sin 0y /)

(5)
(6)
(7)

where Ypg(s,7) is a primary-path output which slightly
enhances the target speech, Wpg(f) is a filter coeffi-
cient vector of DS, M is the DFT size, f, is sampling
frequency, d; is a microphone position, and ¢ is sound ve-
locity. Besides, 0y is a known direction-of-arrival (DOA)
of the target speech. In Eq. (5), the second term in the
right-hand side expresses the remaining noise in the out-

put of the primary path.

2.3 Noise estimation in reference path
In the reference path, we estimate the noise signal by

using NBF. This procedure is given as

Zner(f,7) = Wiyee(H)X(f,7), (8)
Wiee(f) = {[L.0]-[a(f,00),a(f,60)]*}", (9)
a(f,0) = lai(f,0),...,as(f,0)]", (10)
a;j(f,0) = exp(i2n(f/M)fsd;sind/c), (11

where Znpr(f,7) is the estimated noise by NBF,
Wnsr(f) is a NBF-filter coefficient vector which steers
the directional null in the direction of the DOA of the
target speech, 0y, and steers unit gain in the arbitrary
direction 6o (# 6u).

expresses phase information of the sound source arriv-

a(f,0) is a steering vector which

ing from the direction 6. Besides, M* denotes Moore-
Penrose pseudo inverse matrix of M. This processing
which

is equal to an extraction of noises from sound mixtures

can suppress the target speech arriving from 6y,

if we take into account affections of sensor errors and



reverberations. Thus we can estimate the noise signals
by NBF under ideal conditions. Note that Zxpr(f,7)
is the function of the frame number 7, unlike the con-
stant noise prototype estimated in the traditional spec-
tral subtraction method [5]. Therefore, SSA can deal

with a non-stationary noise.

2.4 Mel-scale filter bank analysis

SSA includes mel-scale filter bank analysis, and outputs

mel-frequency cepstrum coefficient (MFCC) [6]. The tri-

angular window Wia(k;l) (I = 1,---,L) to perform

mel-scale filter bank analysis is designated as follows:
T Lol (5 < <),
m (fc(l)ﬁfﬁfhi(l))7

where fi,(1), fe(l), and fni(l) are the lower, center, and
higher frequency bins of each triangle window, respec-
tively. They satisfy the relation among adjacent windows

fC(l) = fhi(l - 1) = floa + 1)-

Moreover, f.(l) is arranged in regular intervals on mel-

(13)

frequency domain. Mel-scale frequency Mely, (; for f.(I)

b

In SSA, noise reduction is carried out by subtracting

is calculated as

fe)fs
700-M

Mely, gy = 2595 1og10{1 + (14)

2.5 Noise reduction processing

the estimated noise power spectrum from the partly en-
hanced target speech power spectrum in the mel-scale

filter bank domain as

m(l,7)=

fri(l)

> Waa(fsD{Yos(f,7)P —a(l) - B+ [Zee(f,7)*}
f=fio(l)

Fri(l)
ZWmcl(f; l){’}/ ' |YDS(f7 T)|} (otherwise),
f=fio(l)

(15)

where m(l, 7) is the output from the mel-scale filter bank.
The system switches in two equations depending on the
conditions in Eq. (15). m(l, 7) is a function of the over-
subtraction parameter § and the parameter «(l) which
is determined during a speech break so that the resultant
output m(l,7) is zero. On the other hand, if the power

spectrum takes a negative value, m(l,7) is obtained by

1
2

(if |Yps(f,7)[*> —a(l)- 8- |Znr(f,7)]* >0),
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using flooring processing, where -y is the flooring coeffi-
cient.

Since a common speech recognition is not so sensitive
to phase information, SSA which is performing subtrac-
tion processing in the power domain is more applicable
to the speech recognition. Moreover, in general, the or-
der of the filter bank [ is set to 24, and consequently
SSA optimizes only 24 parameters. On the other hand,
GJ requires the adaptive learning of FIR-filters of thou-
sands or millions of taps. Finally, we perform mel-scale
filter bank analysis, log transform and discrete cosine

transform to obtain MFCC for speech recognizer.

3 Proposed Method

3.1 Error robustness analysis for noise
estimation by NBF

In this section, we discuss the problem of the conven-
tional SSA. The NBF-based noise estimator is used in
the conventional SSA, but NBF suffers from the adverse
effect of the microphone element error and the room re-
verberation. NBF is a technique to suppress an inter-
ference source signal by generating a null against the
direction of the interference source signal. If the inter-
ference source signal arrives from the same direction as
the null, we can suppress the interference source signal
perfectly. In a reverberant environment, however, the in-
terference source signal arrives from not only the null’s
direction but also outside of the direction. Therefore, in
the reverberant room, we cannot suppress the interfer-
ence source signal sufficiently. In addition, a microphone
element usually involves gain and phase errors. NBF is
designed under the ideal assumption that all elements
have the same characteristics. In the real environment,
however, the characteristics of each element are different.
From the above-mentioned fact, the directivity pattern
shaped by NBF in the ideal environment is apart from
that of in the real environment.

Figure 2 illustrates directivity patterns which are
shaped by two-element NBF in the ideal (solid line) and
the real (dotted line) environment where the reverber-
ation time is 200 ms. In this figure, the null direction
is set to zero degree. We can see that the depth of the
null in the real environment which contains the element
error and the reverberation shallows. Therefore, we can-
not suppress the interference source signal completely
in the real environment by using NBF. Indeed, in SSA,
we perform noise estimation via NBF which steers null
against the target speech signal, but we cannot suppress

the target speech signal sufficiently. In fact, NBF cannot
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Figure 3: Block diagram of proposed method.

estimate noise signal completely. Thus the improvement
of robustness in the noise estimator part is a problem

demanding prompt attention.

3.2 Strategy of proposed method

We propose an improved SSA which includes ICA-based
noise estimator instead of NBF-based noise estimator to
address the problems which are discussed in the previous
section. In the proposed method, the primary path and
noise reduction processing are the same as the conven-
tional SSA. As for the reference path, we newly introduce
ICA as a robust noise estimator for adapting the filters to
the element error and the reverberation (see Fig. 3). In
ICA, an unmixing matrix is optimized so that output sig-
nals become mutually independent only using observed
signals, and a priori information about the sensors and
the room acoustics is not required. Therefore the pro-
posed method can reduce these adverse effects because
ICA can estimate noise signals which involve whole char-
acteristics of the microphone elements and the reverber-

ation. Detailed signal processing is shown below.
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3.3 ICA-based noise estimation in refer-
ence path

The proposed method includes ICA-based noise estima-

tion. In ICA part, we perform signal separation using

the complex valued unmixing matrix Wica(f), so that

the output signals O(f,7) = [O1(f,7),...,05(f,7)|"

become mutually independent; this procedure can be

represented by

O(f,7)
W(f)

W(HX(f,7)
P(f)Wica(f).

(16)
(17)

where P(f) is a permutation matrix and W (f) is a
new unmixing matrix which resolves the permutation
problem. The permutation matrix P(f) is determined
by looking at null directions in the directivity pattern
which is shaped by Wica (f) [1], so that the U-th output
Ou(f,7) is set to the target speech signal. The optimal
Wica(f) is obtained by the following iterative updating
equation [7]:

(f)=n [I= (@ (O(f.7) O"(£.7), | W,
()

where p is the step-size parameter, [p] is used to express

+1
UEEN

(f)
Wil (18)
the value of the p-th step in the iterations, and I is an
identity matrix. Besides, (), denotes a time-averaging
operator, M denotes conjugate transpose of matrix M,
and ®(-) is the appropriate nonlinear vector function [1].
In the reference path, the target signal is not required
because we want to estimate only the noise component.
Accordingly we remove the separated speech component
Ou(f,7) from ICA outputs O(f,7), and construct the

following “noise-only vector, ” Q(f, 7);

Q(faT) [Ol(fvT)a"ﬂOUfl(fvT) ,0,
OU—‘rl(fvT)v ) OJ(fvT)]T .

Next, we apply the projection back (PB) [8] method to

(19)

remove the ambiguity of amplitude. This procedure can

be written as

E(f,7)

W(HQ(f. 7).

Here, Q(f,7) is composed of only noise components.

(20)

Therefore, E(f,7) is a good estimation of the received

noise signals at the microphone positions;
E(f,7)~ A(f)N(f,7). (21)

Finally, we obtain the estimated noise signal Zica (f,7)
by performing DS as follows:

Zica(f,7) = Wihs(F)E(f,7) = Wis(f)A(f)N(f, 7). (22)
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Figure 4: Layout of reverberant room used in our exper-

iment.

Equation (22) is expected to be equal to the noise term of
Eq. (5) in the primary path. Of course, Eq. (22) contains
estimation errors to some extent. Even though the level
of the noise estimation error is not negligible, we can still
enhance the target speech via over-subtraction [5] in the

power spectrum domain.

4 Experiments And Results

4.1 Experimental setup

Figure 4 shows a layout of the reverberant room used
in our experiments. We use the following 16 kHz sam-
pled signals as test data; the original speech convoluted
with the impulse responses recorded in the real environ-
ment, and added with a cleaner noise which was recored
in the real environment. The cleaner noise is not a point
source but consists of several non-stationary noises emit-
ted from, e.g., a motor, air duct and nozzle. Moreover
the cleaner noise includes background noise. The input
signal-to-noise ratio (SNR) is set to 5, 10, or 15 dB at
the array. A four-element array with the interelement
spacing of 2 cm is used, and DFT size is 512. Over-
subtraction parameter 3 is 1.4 and flooring coefficient
is 0.2.

4.2 Accuracy of estimated noise signal

First, we analyze the directivity pattern shaped by ICA
in the real environment. Figure 5 depicts the directiv-
ity pattern of ICA (broken line) in the real environment.
From this result, we can confirm that the null shaped by
ICA becomes deep compared with that of the NBF-based
conventional SSA. Therefore, it is expected that the tar-
get speech suppression performance of ICA (equals the
accuracy of the noise estimation) outperforms that of
NBF. Next, we compare the conventional SSA and the

proposed method in the accuracy of the estimated noise
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Figure 6: Accuracy of estimated noise signal by NBF
and ICA.

signal. Figure 6 shows the long-term-averaged power
spectra of the estimated noise signals by NBF and ICA.
The black solid line indicates the power spectrum of the
noise signal in the primary path, and this power spec-
trum is needed to be estimated. The gray solid line rep-
resents the power spectrum of the estimated noise signal
by NBF, and the dotted line shows the power spectrum
of the estimated noise signal by ICA. We can see that the
power spectrum of the estimated noise signal by NBF is
not accurate. This is due to that the target speech com-
ponent still remains in the output of NBF because the
null shaped by NBF is shallow. On the other hand, we
can see that the power spectrum of the estimated noise
signal by ICA is a good estimation because the depth
of the null shaped by ICA is enough for suppressing the
target speech. This result points out that ICA-based
noise estimator is a more accurate noise estimator than
NBF-based one. This gives propriety in which we use

ICA as a noise estimator.



Table 1: Conditions for speech recognition

Database JNAS [9], 306 speak-
ers (150 sentences / 1
speaker)

Task 20 k newspaper dictation

Acoustic model phonetic

tied mixture (PTM) [9],
clean model

260 speakers (150 sen-

tences / 1 speaker)

of

ing speakers for acoustic

Number train-

model

Decoder

JULIUS [9] ver 3.5.1

4.3 Results of speech recognition perfor-

mamnce

We compare DS, the conventional SSA, and the proposed
method on the basis of word accuracy scores. Table 1
describes the conditions for speech recognition, and we
use 46 speakers (200 sentences) as original speech. Fig-
ure 7 shows the word accuracy in each method. Here,
“Unprocessed” refers to the result without any noise re-
duction processing. From this result, we can see that
the word accuracy of the proposed method is obviously
superior to those of the conventional methods. This is a
promising evidence that the proposed method has an ap-
plicability to noise-robust speech recognition rather than

the conventional SSA.

5 Conclusions

In this paper, we proposed a new SSA which involves
ICA-based noise estimation to realize a robust hands-
First,

we pointed out NBF suffers from the adverse effect of

free speech recognition in noisy environments.

the element error and the reverberation in the real envi-
ronment. Secondly, based on the above-mentioned fact,
we proposed a new SSA structure which replaces NBF-
based noise estimator in the conventional SSA with ICA-
based noise estimator. Finally, it was confirmed that the
word accuracy of the proposed method overtook that of

the conventional SSA in the experiment.
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1 Introduction

Our research aims to develop “communication robots”
that can naturally interact with humans and support
everyday activities. Since the target audience of a
communication robot is the general public who does not
have specialized computing and engineering knowledge,
a conversational interface using both verbal and
non-verbal expressions is becoming more important.
Previous studies in robotics have emphasized the merit
of robot embodiments, showing the effectiveness of
non-verbal information like facial expression [1],
eye-gazing [2], and gestures [3].

Recently, several practical robots have been developed,
such as therapy tools [4], museum orientation tool [5],
and entertainments [6]. Moreover, robots are enlarging
their working field in our daily lives. In one of our
previous work, we tested a child-size interactive
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humanoid robot at an elementary school for several
weeks [7]. The robot interacted with children by using
speech and gestures in a free play situation. A similar
project was run in a science museum where a humanoid
robot interacted with visitors in a free-play situation and
also conducted a museum tour, which contributed to
visitors to grow interests in science and technologies [8].

One criticism to these two field trials was that these
robots lacked speech recognition capability. The robots
interacted with humans by speaking and making gestures,
which are important elements for creating a sense of
reality in humanoid robots. Language-based
communication is indispensable, in order to fully utilize
their human-like presence.  However, one of the
difficulties concerned speech recognition in noisy
environments. Current technology has a good
performance in recognizing formal utterances in
noiseless environments, but the performance drastically
degrades in noisy environments.

Several researchers are recently endeavoring to solve
such problem so called “robot audition” [9]-[13]. Most
of these works makes use of microphone array
technology, for realizing sound source localization and
separation, prior to speech recognition. However, the
evaluation is usually done by controlling the direction of
the noise or the interference.

Further, although most works evaluating speech
recognition by robots have focused only on adult speech,
these field trials (in both elementary school and science
museum), indicated that children are important robot
users, as well as adults. Thus, such communication
robots should be able to deal with speech recognition of
both adults’ and children’s speech. However, the
performance of speech recognition also degrades due to
differences on speaker age.

In this paper, we describe our ASR (automatic speech
recognition) system, which accounts for these two



problems (caused by noisy environments and differences
on speaker age), and evaluate it in a real noisy
environment.  Although we are conscious that a full
communication could be reached by considering both
linguistic and paralinguistic information included in the
speech signal [14], in this paper, we focus only on the
evaluation of the linguistic information processing.

The rest of the paper is organized as follows. In
Section 2, we introduce our ASR system, and describe
the techniques used in each module. In Section 3, we
present the recognition performance results for several
system structures, and for several noise conditions. We
offer our conclusions in Section 4.

2 System Description

Accounting for the two problems (caused by noisy
environments and differences on speaker age) described
in Section I, we developed an ASR system to be robust
to both background noise and speakers of different ages.
Fig. 1 shows the overall structure of our ASR system.
It consists of two major blocks.

The first block is a front-end processing. It contains

a twelve-element microphone array, as depicted in Fig. 2.

The real-time multichannel system for suppressing
interference and noise and for attenuating reverberation
consists of an outlier-robust generalized sidelobe
canceller (RGSC) and a feature-space noise suppression
(MMSE). The MMSE noise suppression is applied
after RGSC to reduce the residual noise at the RGSC
output. After that, the speech activity period detected
by the GMM-based end-point detection (GMM-EPD) is
transferred to the second block.

Front-end block  Speech recognition block

Twelve—element
microphone array

To the dialog processing
module in the robot

Hypothesis
Selection

D
Adults
Male

Y
Adults
Female

GMM-EPD

Y
Children
Female

Fig. 1. The structufe of the ASR system robust tognoise
and speakers of different age.

In the second block, there are two decoders depending
on the age of the speaker (adult or child); each decoder
works using gender-dependent acoustic models. The
noise-suppressed speech at the first block is recognized
using these two decoders, and one hypothesis is selected
based on posterior probability. Finally, the hypothesis is
measured using a generalized word posterior probability
(GWPP)-based confidence measure. The hypothesis
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with confidence score higher than a threshold can then
be transferred to a subsequent dialog processing module.
The following sub-sections describe each module of our
ASR system.

Fig. 2. Twelve-element microphone array in the
Robovie’s chest. Robovie wears the microphone array
on its chest.

2.1 Twelve-element microphone array

In our system, we use a twelve-element microphone
array for capturing speech. Omni-directional condenser
microphones of type DPA 4060 are used for high-quality
sound capture of distant-talking speech. The
microphones are arranged in a T-shape with eight
microphones on the horizontal axis and four
microphones along vertical axis, with a spacing of 2-cm,
as shown in Fig. 2.

We decided to arrange the microphone array in the
robot chest, instead of the ear position or the head of the
robot, for two reasons. One is the geometric limitations
of the robot head, which would constraint the effective
frequency range of the array processing. The other
reason is that our robot makes rapid head movements,
which would make difficult to set a target direction for
the array processing.

Although the use of more microphones would provide
a larger signal-to-noise ratio, we decided to limit to

twelve, by considering hardware and real-time
processing limitations.
2.2 Outlier-robust generalized sidelobe

canceller (RGSC)

Many sound source separation algorithms have been
proposed in order to reduce background noise coming
from different directions. Here, we use an
outlier-robust generalized sidelobe canceller (RGSC),
proposed in [15]. The RGSC is applied to the audio
signals captured using the twelve-element microphone
array. The RGSC system is composed by a fixed
beamformer, an adaptive blocking matrix, and an
adaptive interference canceller.

The fixed beamformer steers the sensor array to the
direction of the desired source and enhances the desired
signal relative to the surrounding interference and noise.
A simple uniformly weighted delay & sum beamformer
isused. The fixed beamformer forms the reference path
of the GSC. The blocking matrix is an adaptive spatial



filter which suppresses the desired signal and which
passes interference and noise, such that the output of the
blocking matrix is a reference for interference and noise.
The adaptive interference canceller is realized by a
multichannel adaptive filter between the output of the
blocking matrix and the output of the fixed beamformer.
The estimative of interference and noise is subtracted
from the reference path at the output of the fixed
beamformer so that the suppression of interference and
noise is maximized.

The blocking matrix should be adapted when the
signal-to-noise ratio (SNR) is high, while the
interference canceller should be adapted when the SNR
is low to prevent instability of the adaptive filters. A
DFT bin-wise classifier for ‘desired signal only’,
‘interference only’ and ‘double-talk” between the desired
signal and interference or noise is then used for

optimally tracking the desired signal and the interference.

An “outlier-robust” adaptive filtering in the DFT domain
for bin-wise adaptation control derived from [16] is then
used to maximize the robustness against errors in the
DFT bin-wise classifier.

2.3 Feature-space noise suppression using
clean speech GMMs

The feature-space single-channel noise suppression is
applied after the RGSC to reduce the residual noise at
the RGSC output.

A GMM (Gaussian Mixture Model)-based MMSE
(Minimum Mean Square Error) estimator is used to
estimate a Wiener filter for suppressing background
noise.  The feature space is constituted by log
Mel-spectral energy coefficients. For each frame i, one
Wiener filter is obtained as a linear interpolation of
multiple sub-Wiener filters, which are calculated using
individual mixture component k of a clean speech GMM
(Ksk» Zsk), and the observed noise n(i). The weights of
the multiple sub-Wiener filters are optimized, based on
the MMSE criteria, by maximizing the likelihood
between te clean speech GMM and the input speech
noise-suppressed by the Wiener filter. The filtered
signal g(s(i),n(i)) obtained in the log Mel-frequency
domain is transformed back to the time domain for
obtaining the impulse response g(t). The clean speech
is then estimated by convoluting the input noisy speech
y(t) with the impulse response g(t). More details about
the evaluation of the present noise suppression module
can be found in [15].

2.4 GMM-Based End-Point Detection

An End-Point Detection (EPD) module is necessary
for communication robots to properly interact with the
user. In our ASR system, a GMM-based end-point
detection (GMM-EPD) is used for detecting speech
activity periods. This type of EPD architecture is
widely used as a noise-robust EPD. First, we estimate
the GMMs of noisy speech and noise in advance using a
sufficient amount of training data.

During the detection of speech activity periods, we
calculate the likelihood between each GMM and the
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input noisy speech. If the likelihood of the noisy
speech GMM is higher than the noise GMM, the current
frame is labeled as speech.

2.5 Hypothesis selection

For the speech recognition decoder engine, we use a
hypothesis selection technique based on posterior
probability [17] for improving robustness to speakers of
different ages. One advantage of such approach is that
it does not need to previously recognize the speaker age.
Instead, the hypothesis with the highest score is selected
from multiple hypotheses as follows:

~ K

k =argmaxH, (D)
k=1

H =log P(X|W) + A log P(W) 2

where Hy is the score of the hypothesis obtained from
the k-th decoder and K denotes the number of decoders.

The hypothesis obtained from the k -th decoder has the
highest score, which is defined as the sum of the log
acoustic model likelihood log P(X|W) and the log
language model probability log P(W) of a hypothesis.
X, W, and H are the observed feature vector sequence,
the hypothesis represented by a word sequence, and the
score for the hypothesis, respectively. A denotes a
language model weight used for the hypothesis selection.

2.6 GWPP-based word confidence and
rejection
So far, several techniques were described for

improving the robustness of the ASR system to noise and
to speakers of different ages.  Nevertheless, the
performance of an ASR system may degrade due to a
mismatch between the training and testing channels,
interference from environmental noise, etc. If the
recognition results contain some fatal errors, this will
adversely affect or prevent natural interaction between
the robot and a human.  Further, the system has to be
able to reject utterances which are not included in the
language model, in order to reduce insertion errors. To
measure the reliability of the recognition results of the
ASR system, we use a generalized word posterior
probability (GWPP)-based confidence scoring [18].

In this method, the joint confidence of all component
words in a recognition result is used to measure the
confidence of a recognized utterance. The GWPP of a
word is a measure of its correctness, or the probability of
a binomial distributed “word correct” event. Thus, the
probability of a “sentence correct” event is a product of
all probabilities of component word correct events,
assuming that all word events are statistically
independent. A hypothesis with a probability of
“sentence correct” event that is higher than a threshold is
transferred as the final recognition result to the dialog
processing module in the robot.



3 Experiments

3.1 Preparation of the modules

The acoustic models for adults were trained by using
five hours dialogue speech from the ATR travel
arrangement task database and 25 hours read speech of
phonetically balanced sentences [19]. The training data
was contaminated with eight types of noises listed in
Table I at three types of SNR (20, 15, and 10dB), and the
MMSE noise suppression was applied to the whole
training data. A state-tying structure with 2,089 states
was generated by using the MDL-SSS (Maximum
Description Length Successive State Splitting) algorithm
[20]. Each HMM state has five Gaussian distributions.

The feature vector consists of 12 MFCCs, Delta-pow,
12 Delta-MFCCs calculated with a 10-ms frame period
and a 20-ms frame length. Cepstrum Mean Subtraction
(CMS) was applied to the MFCC features, to reduce the
effects of channel distortion.

The acoustic models for children were constructed by
adaptation with an MLLR (Maximum Likelihood Linear
Regression) algorithm using 12,000 words uttered by
238 child speakers in the CIAIR-VCV (Database of
children’s speech while playing video games) [21],
which is provided from Nagoya university. The child
training data was also contaminated with the same eight
types of noises at 20, 15 and 10dB SNR.

For the MMSE noise suppression, we prepared a clean
speech GMM with 512 Gaussian distributions using 24
log Mel-spectral energy coefficients. This clean speech
GMM was trained with clean training data for adult
speech only.

For the EPD module, 128-mixture GMMs were
prepared using noisy speech and noise data. The
feature vector is constituted by 12 MFCCs, Delta-pow
and 12 Delta-MFCCs.

The language model is based on FSA (Finite State
Automaton). The language model was constructed in
order to recognize short Japanese sentences. This
language model consists of 46 nodes and 205 links, and
the lexicon size is 115.

The ATRASR speech recognition system developed
by ATR Spoken Language Communication Laboratories
was used in all experiments.

3.2 Experimental conditions

To evaluate our ASR system’s robustness to noise and
to speakers of different ages, we tested it using a child
and adult multichannel speech database that was
recorded using the Robovie with the microphone array
and a SANKEN CS-1, which is a directional microphone.
This database consists of 1,464 short Japanese sentences
uttered by 12 children and 12 adults. Each speaker
uttered 61 sentences, such as “Hello Robovie”, “Come
here” and “What can you do?”, in front of the Robovie.
The children’s ages ranged from 6 to 12. The distance
between the speaker and the Robovie was 1 m.

We also recorded cafeteria noise using the same
microphone array; this noise data was recorded at lunch
time, therefore, it contains many types of noises such as
talking voice, and clattery from dishes. The noise level
was about 70 dBA. The cafeteria noise was recorded
using the same volume level (amp gain) as when
recording the speech database.

The speech data was contaminated by cafeteria noise
at 65 dBA, 70 dBA, and 75 dBA.

3.3 Experimental results

To investigate the performance of the individual
techniques described in Section 11, we evaluated several
ASR systems with different structures, listed in Table II.

3.2.1 Evaluation of robustness to noise

Fig. 6 shows the word accuracies of several ASR
systems for adults’ speech that was contaminated by
cafeteria noise at 65 to 75 dBA. The performance of
system D, which uses the twelve-element microphone
array, the RGSC, and the MMSE noise suppression, was
better than that of system A, B and C. And, system E,
which ~ has  acoustic  models trained  with
noise-contaminated adults’ speech, achieved the best
performance. System E reduced the errors by 85.5 %,
84.3 %, 80.5 %, and 48.3 %, in comparison to system A,
B, C and D respectively. Clearly, performance is
widely improved by applying all individual techniques
described in Section II.

3.2.2 Evaluation of robustness to speakers of
different ages

TABLE | . .
NOISE TYPES USED FOR TRAINING _ Regarding the evaluation of robustness to speakers c_)f
Street High-speed railway Rice paddies dlffergnt ages, we evaluated the us’e of hypothes!5
Airport lobby Underground mall Forest selection using AMs of both adults’ and children’s
Boiler room Driving car speech (System G). It contained two decoders with
acoustic models depending on the age of the speaker
TABLE Il
EVALUATED STRUCTURES OF ASR SYSTEMS
System A B C D E F G H |
Microphone type 1ch DPA Cs-1 array array array array array array array
Outlier-robust GSC no no yes yes yes yes yes yes yes
MMSE noise suppression no no no yes yes yes yes yes yes
Training data clean clean clean clean noisy noisy noisy noisy noisy
AMs dependent on adult adult adult adult adult child both both both
Segmentation hand hand hand hand hand hand hand auto auto
GWPP-based rejection no no no no no no no no yes




(adult or child). For comparison, we evaluated the
recognition performance of a system which contains
acoustic models for adults’ speech only (System E) and
for children’s speech only (System F).

Fig. 7 shows the word accuracies for adults’ and
children’s speech. We can see that a model depending
on the age of speaker which is matched to that of input
speech achieved the best performance. The system
using hypothesis selection (System G) performed almost
equally to the systems in matched case. A slight
degradation for adults’ speech occurred when using
adults AM only, as shown in the left part of Fig. 7.
However, the right part of Fig. 7 shows that the
improvement for children speech is much more relevant.

0O System A (1ch DPA)

@ System C (RGSC)

B System E (System D+noisy AMs)
100

O System B (CS-1)
B System D (RGSC+MMSE)

Word accuracy (%)
ey (2] o)
o o o

N
o
T

65dBA 70dBA 75dBA

Test set noise level

Average

Fig. 6. Performance of system A to E for noise-contaminated adults’
speech.

O System E (Adult AMs) O System F (Child AMs)
@ System G (Hypothesis selection) B System H (EPD)

100

©

o
I
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for]
o
T

~
o
I

D
o

Word accuracy (%)

65dBA 70dBA 75dBA Average 65dBA 70dBA 75dBA Average
Adult speech Children speech
Test set noise level

a
o

Fig. 7. Performance of system E to G for adults’ and children’s speech.

3.2.3 Evaluation of the overall ASR system

We tested the recognition performance of System H,
which includes the GMM-based EPD module. As
evident from Fig. 7 the GMM-based EPD module
introduced some errors because of misdetections of
speech activity periods. Table 11l shows the word
accuracies calculated only for the speech detected by the
EPD module. Values in brackets are the word rejection
rates by the EPD module. As can be observed from
these results, the word accuracies with the EPD module
(System H) is almost the same as when manual
segmentation is used (System G).

To improve the reliability of our ASR system, a
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GWPP-based  confidence
implemented (System ). Table Il shows the word
accuracies obtained with the rejection module
(EPD+GWPP). From these results, it is clear that word
accuracies above 90 % were achieved at 70 dBA
cafeteria noise. However a high rejection rate is also
observed for high noise levels, indicating a tradeoff
between word confidence and word rejection.

scoring module  was

3.4 Evaluation of the overall ASR system in a
real noisy environment

So far, the evaluation of the recognition system was
realized by mixing clean speech and cafeteria noise,
which were recorded separately. The purpose was to
allow the control of different noise levels for evaluating
the robustness of the system. In this section, we
provide a more realistic evaluation, by recording speech
in a real noisy environment.

Eight adult speakers (four males and four females)
uttered the same 61 short Japanese sentences of the
previous experiments, resulting in a database of 488
utterances.

The robot was placed in the cafeteria, in the same
conditions (location and lunch time) used to record noise
data in the previous experiment.  Also, the distance
between the speaker and the Robovie was about 1 m.

Recognition results indicated an average of 73 % word
accuracy for all subjects. Word accuracies were
between 70 to 84 % for seven subjects and 53 % for one
of the subjects. Further analysis indicated that the SNR
was about 10 dB for the seven subjects with higher
scores and about 5 dB for the subject with the lowest
score. The overall rejection rate (of correctly
recognized words) was 8 %, while the overall rejection
rate of insertions and incorrectly recognized words was
13 %.

A detailed analysis on the recognition errors revealed
that some of the sentences, e.g. “utatteyo” (“sing!”) and
“tookudayo” (“it is far!”), showed low accuracies (less
than 25 %). However it was observed that these errors
were caused most due to rejection, rather than deletion or
substitution.  Also, monosyllabic sentences, like “hai”
(“yes”), were found to be easier to be deleted, or
misrecognized. In general, sentences composed by
long lexicons were more reliably recognized.

3.5 Real-time issues

Finally, although most of the evaluations in this paper
were realized in off-line, the system was verified to run
in real-time as well, by using a remote PC with a Core 2
Duo Intel Xeon CPU at 3GHz and 1GB RAM. The
audio data from the twelve-element microphone array
was sent from the Robovie to the remote PC by TCP/IP
network transmission.

The microphone array processing (RGSC module) is
implemented by using Intel IPP (Integrated Performace
Primitives). The use of Intel IPP allows real-time
processing for the twelve-channel microphone array.
The recognition engine (decoder) is the other critical part
in terms of the processing time. However it is more



TABLE I11
WORD ACCURACIES (%) OF SYSTEM H AND |. VALUES IN PARENTHESIS ARE WORD REJECTION RATES (%) BY THE EPD AND THE GWPP MODULES.

Adult speech Children speech
65 dBA 70 dBA 75 dBA 65 dBA 70 dBA 75 dBA
System H (EPD) 95.84 (2.28) 94.87 (4.06) 89.52 (14.19) | 9042 (3.52) 86.96  (6.63) 80.78 (15.91)
System | (EPD+GWPP) 96.33 (3.14) 96.58 (6.49) 92.05 (19.12) | 91.42(5.70) 91.04 (13.46) 88.57 (28.63)

difficult to guarantee real-time processing of the decoder
module, since it depends on several factors, like the
lexicon size, the language model complexity, the length
of the detected speech segment, and the degree of noise
(SNR). In our experiments, we observed that most of
utterances were recognized within one second after the
subject finishes uttering. However, sometimes the
recognition results came after three to five seconds from
the utterances. In these cases, a high noise level was
observed, and the EPD module usually failed resulting in
long segments containing long noise portions besides the
real speech portion.  The recognition results and
processing time are thought to be improved by the EPD
module.

4  Conclusions

In this paper, we described a robust ASR system for
communication robots, and evaluated its robustness to

real noisy environments and to speakers of different ages.

In our ASR system, a twelve-element microphone array
arranged in the robot chest, an RGSC-based microphone
array processing, an MMSE-based feature-space noise
suppression, and multi-conditionally trained acoustic
models were used to improve robustness. Moreover, to
improve the robustness to speakers of different ages, we
used two decoders for children’s and adults’ speech
respectively.  Finally, the recognition results were
scored using GWPP-based confidence measure, for
reducing insertion errors.  Experimental results in
several noise level conditions indicated that our ASR
system could achieve word accuracies of more than 80 %
with 70 dBA of background cafeteria noise, for both
adult and children speech. Further evaluation in a real
noisy environment resulted in 73 % word accuracy for
adult speech.

These recognition rates can still be increased by
improving EPD (end-point detection) module. This
topic is left for a future work.

Also as next steps of our work, a dialogue module will
be developed for evaluating human-robot interaction in a
real environment. We also intend to include a
paralinguistic information extraction module [14], for
also allowing a non-verbal communication between the
robot and a human.

Acknowledgements

This work was partly supported by the Ministry of Internal
Affairs and Communications.

References

1

2)

3)

4

5)
6)

7)

8)

10)

11)

12)

13)

14)

15)

16)

17)

18)

19)

20)

21)

28

C. Breazeal and B. Scassellati, A context-dependent attention
system for a social robot, Int. Joint Conf. on Artificial Intelligence
(I3CAI’99), 1146-1151, 1999.

K. Nakadai, K. Hidai, H. Mizoguchi, H. G. Okuno, and H.
Kitano: ‘Real-Time Auditory and Visual Multiple-Object
Tracking for Robots,” Proc. IJCAI 2001, 1425-1432, 2001.

O. Sugiyama, T. Kanda, M. Imai, H. Ishiguro, and N. Hagita,
“Three-layered Draw-Attention Model for Humanoid Robots
with Gestures and Verbal Cues,” IROS2005, 2140-2145, 2005.
T. Shibata, “An overview of human interactive robots for
psychological enrichment”, Proceedings of the IEEE, Vol.92,
No.11, 2004.

W. Burgard, et al., The interactive museum tour-guide robot,
National Conference on Artificial Intelligence, 11-18, 1998.

M. Fujita, AIBO; towards the era of digital creatures, Int. J. of
Robotics Research, Vol. 20, No. 10, 781-794, 2001.

T. Kanda, et al., Interactive Robots as Social Partners and Peer
Tutors for Children: A Field Trial, Human Computer Interaction,
Vol. 19, No. 1-2, 61-84, 2004.

M. Shiomi, T. Kanda, H. Ishiguro, and N. Hagita, Interactive
Humanoid Robots for a Science Museum, 1st Annual Conference
on Human-Robot Interaction (HRI12006), 2006.

K. Nakadai, D. Matsuura, H. G. Okuno, and H. Kitano, Applying
Scattering Theory to Robot Audition System, IROS2003,
1147-1152, 2003.

Asoh, H., Hayamizu, S., Hara, ., Motomura, Y., Akaho, S., and
Matsui, T. “Socially Embedded Learning of the
Office-Conversant Mobile Robot Jijo-2,” 1JCAI’97, 1997.

T. Takatani, S. Ukai, T. Nishikawa, H. Saruwatari, and K.
Shikano, “Blind sound scene decomposition for robot audition
using SIMO-model-based ICA,” IROS2005, 215-220, 2005.

Y. Ohashi, et al., “Noise-robust hands-free speech recognition
based on spatial subtraction array and known noise
superimposition,” IROS2005, 533-537, 2005.

S. Yamamoto, et al, “Making a robot recognize three
simultaneous sentences in real-time,” IROS2005, 897-902, 2005.
C. T. Ishi, H. Ishiguro, N. Hagita: “Evaluation of prosodic and
voice quality features on automatic extraction of paralinguistic
information,” IROS2006, 2006.

W. Herbordt, T. Horiuchi, M. Fujimoto, T. Jitsuhiro, and S.
Nakamura, “Hands-free speech recognition and communication
on PDAs using microphone array technology,” Proc. ASRU2005,
302-307, 2005.

W. Herbordt, et al., “Application of a double-talk resilient
DFT-domain adaptive filter for bin-wise stepsize controls to
adaptive beamforming,” Proc.IEEE-EURASIP Workshop on
Nonlinear Signal and Image Processing, 175.181, 2005.

S. Matsuda, T. Jitsuhiro, K. Markov, and S. Nakamura, “ATR
Parallel Decoding Based Speech Recognition System Robust to
Noise and Speaking Styles,” IEICE Trans. Inf. & Syst., vol.
E89-D, No. 3, 989--997, 2006.

F.K. Soong, W.K. Lo, and S. Nakamura, “Generalized Word
Posterior Probability (GWPP) for Measuring Reliability of
Recognized Words,” Proc. SWIM2004, 2004.

T. Takezawa, T. Morimoto, and Y. Sagisaka, “Speech and
language databases for speech translation research in ATR,” In
Proc. the 1st International Workshop on East-Asian Language
Resources and Evaluation (EALREW 98), 148--155, 1998.

T. Jitsuhiro, T. Matsui, and S. Nakamura, “Automatic Generation
of Non-uniform HMM Topologies Based on the MDL Criterion,”
IEICE Trans. Inf. & Syst., vol. E87-D, no. 8, 2121--2129, 2004.
Center for Integrated Acoustic Information Research, http:
//db.ciair.coe.nagoya-u.ac.jp/eng/dbciair/dbciair2/kodomo.htm




#HHEAN AITHBEES
Japanese Society for
Artificial Intelligence

ATHEFEHMASEN
JSAI Technical Report
SIG-Challenge—0624-5 (11/17)

SEEEEEREZENRICESI TR Y bR

=R VY, F)I#—ER D and &EFE VY
Katsushi MIURAD?2) Yuichiro Yoshikawa!) and Minoru ASADAD?2)
D BRI USRS ERATO FHLAIMIAES X7 L7y 2 7 b

RPN TN

TEEWHER

1) Asada Synergistic I ntelligence Project, ERATO, JST
2)Graduate School of Eng., Osaka Univ., 2-1 Yamada-oka, Suita, Osaka 565-0871 Japan
{miura,yoshikawa,asada} @jeap.org

Abstract

Human-robot communication is expected to be re-
alized by the usual means for human-human com-
munication. However, it is difficult for the robot to
directly copy the human’s means due to the differ-
ence of bodies. Asargued in the issue of imitation
with dissimilar bodies, what kinds of representa-
tion could correspond between human and robotsis
one of fundamental issues. The previous work [1]
has hypothesized that mutual imitation of voice be-
tween the robot and the caregiver leads robot vow-
els to be more natural but the underlying mecha-
nism has not been deeply argued. This paper fo-
cuses on two types of the magnet effects, the per-
ceptual magnet effect and what we call the articu-
latory magnet effect as the underlying mechanism
of mutual imitation. Toward the design principle
of the robot behavior through mutual-imitation, we
examine these magnet effects in the experiment of
imitation of the vocalizing robot with human sub-
jects.

1 [FC&IC

La—< /A PRy MIEFRZEDKSIC, ADWAEa
A=y arETIBEICHOIEREHNT, ANk
DAZI 2= —ravzeERATIZENHFEEENS. L
ML, BRy e NOSRbEEBIRE )3 RA 572D
ANDOAIa=r—yavitihzaRy R ZOE XHH
TBEIIRETHS. it TRy FOTENE, N
NCEDE SRR ENZ D EERB L THRKENEZRE
THs. —7, NOIHLRIIRFIBEDT=D, BORFZZ->
KDZFOEFAE—FEZ LR TEHRVICEIAIDET,
BEeDA 2T 023 7@ U CEEMROR R 25T
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BLEMNTEDD, FOFEANZALZHASH TR,
WoT, TOARDIGEA W= ALEET V[ TBC
L, BEZRFETEZ0RY hORRFLZTITEL, AD
FLRO SFEHEHIC R 2 iR E AR O IC S B L 7z
JERICHIREORE SN2 B,

A VRS g Vel Ul R OBRORERMTE L L
T, ERORGET—Y 2> FAHIREOH A Ic XK - T
HBOREEHEETZETIVAERENTWVS [3,4]. L
ML, TNHOMETIET— x> MMath A Uik
WEEFEOTEMUESNTED, ARERBOX S RHik
MOEN R EZ T —Y Y MRAIEDNED K S IS E A
FTBMTOWTEIEDbN TR,

BHBSEORALZ -V 2 AL RS EEET
MR THERZEC, REBORBNFLIR DR 212 L
[5], FLULDORERROFEF DO HZET [6] LW
2ODHRICEDBFHA Y EZS 7 avETVLRH S
[7]. CTOWZETIE, FHEaRy b OFEELUREDERS
TATLIRLT BT LT, uhy NHOEEZHEENEETDH
BTl Llz. E5IC, Miuraeta. [1] 13 ADSFEFS A HE
HEEEINT B L ¥, EERICHEMTEINEE XD LR
FARD S BICHBEDRRS K D OFFE RS & OaH7Z B
IZ, BRY FEADNEOVOFRFEZEIRLAGS & TaRy
FORFEZIHREREICES 2N TEB T LR L.
LAHL, ADEEHEERDS BICHEDORRE X D O¥HE
ERTOMTONTHFRICE RSN TWiah - Tz,

NEZHEDMHET 25 2HEOE L0 & HHO SRR
BRICBUI 2R ENESRZTH LR FEIcblizE e L
THEITZCENMLENTVS. CTORRIIMEOSTS
Ty IR EFENTWS. RiCTld, HHERIC B
TADREGRNICHEOREX D DFFZRLTLE S
JFHRE LT, TOMEDOYT 2y "hFIchnz, g hHHE
BOX T oy MR EMSHSIERHT 5. THUEAD
FHEMWEBICHZ S & LIERA LD & B OFBEHEED
HlE O EBIRE I K > TREE P FEIGEVWHS IR S8



RTH%.

COREDS T 30y MR E RS T2bDIFERE LT, 1
Ry FOFEFEEEWZEZIC, NZEDOXSIKHEL, #
S 2D ERGFES % 2 EOFER 175, —DidaRy k
DFRF RGNS 25 TH D, &5 —DldaRy
k DOFFE A HAGE 5 RO ENUCH T 2 b iR hY |
ETBHFETHD. RETTIIMHEFICI T BT v b
BHFIC OV T DR ZFIAT 5. Z LT, RIFFETHIHT
LFFETR Y MTOWTRAN LTtk ERB K UEBRE
BRSOV TN B,

2 MEERICEHITZI TRy FRIROREH

FahOM B2 > 77 Tig% [1] T, AW iR
TRy FORFEEBRLES &5 8, WEHOS BIC
FIRCHATANEE LD L AFORFICRFZ LT
LED EDIRHMPILTENTVS. ZLT, BURE HAE
Ry k& OBz C TR R Y MCRRS &S
TR LICKD, KEEBOBURENERE K L ORI
B EeERLE UL, BEBUREDREHROSE T
B LT LE S ONIZ DOV TOEMITIRAL TN TV,
AW TIE, TOMEGRNZRESHEOBIR ML CTHR
DX T3y MR EBRLDIRET HHED~ Ty MR
OBENBEZ 5.

RO 7 3y bR e, NOHIHET ZENREOF
XL EHEDOSHERBICE T 2HMNESHTH SRS
RFHFIMZ L LTHHRENSHRTH S [8] (Figure 1
(@ BH). NZTOMEDOR T 2y MIRICK->T, i
DORESHROFF 2 REX O E FFFIAWFE LTHET
%728, KfEREIBRER O REIGINEICRS (Figure
1(b) ZIR). —7, BRADHEDOX T 3y FIRETSE
FVEDDRT Iy MR EIE, NDFHFT % H NI
WHIRE U725 K 0 & B 5 OREE BRSO HIfE > S e )1 O
HIRIC & > THEFRD 5 BIC A H DOERE R F IOV
IKEBBRTHS. HoT, NIMMFOFHFZFRT S &
T EREE D 2 DD 7 320y FERIRIC X > THEER
NS HE DRGSR HICP S 2R T 5 idik bz
O, HAFRICX>TaRY FORFEZ NORREICEL T
EDHRETH B EEZENS.

3 HEFEORY b

AWZETHWAFEET R Y b (Figure 2) 135ef7H15%[7] [9]
ICE, V=T )V ZHER10] ISR DV TREF E N T
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Figure 1: The shift of perceptual/articulatory vowel-likeness
by the perceptual/articulatory magnet effect
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Figure 2: The vocalizing robot

Figure 3: Vocalizing robot to model mother-infant interaction
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Figure 4. The distributions of the 1st and the 2nd formants of
utterances by a human and the robot.
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for three vowels, /al, /ul, e/



Table 1: Relation between robot’slip shape and motor outputs

Deformation lal | Iul | e
vertical direction 1.0 00| 0.0
horizontal direction | 1.0 | 0.0 | 1.0
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Figure 6: Theformant vectors of the most “vowel-like” sound
and the test sounds in the case of avowel /a/. Note that this
figure is schematic.
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Abstract

In speech communication, acoustic distortions
are inevitably involved by speakers, channels,
and hearers. However, infants acquire a spoken
language mainly with speech samples of their
mothers and fathers. They can solve the vari-
ability problem only with a remarkably biased
speech corpus. Why and how is it possible? To
answer this hard question, we already proposed
a speaker-invariant structural representation of
speech. In this report, the proposed represen-
tation is mathematically shown to be invariant
also with non-linear transformations. Based on
this representation, the speech recognition pro-
cesses of dyslexics and autistics, often viewed as
paradox, could be taken for granted. Finally,
we discuss that speech communication should
be based on relative sense of sounds.
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Abstract

Real-time and robust sound source tracking is an
important function for a robot operating in a daily
environment, because the robot should recognize
where a sound event such as speech, music and
other environmental sounds originate from. This
paper addresses real-time sound source tracking by
spatial integration of an in-room microphone array
(IRMA) and a robot-embedded microphone array
(REMA). The IRMA system consists of 64 ch mi-
crophones attached to the walls. It localizes mul-
tiple sound sources based on weighted delay-and-
sum beamforming on a 2D plane. The REMA sys-
tem localizes multiple sound sources in azimuth us-
ing eight microphones attached to a robot’s head on
a rotational table. A particle filter integrates their
localization results to track multiple sound sources.
The experimental results show that particle filter
based integration improved accuracy and robust-
ness of sound source tracking even when the robot’s
head was in rotation.
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Table 1: The effect of a sub-array on computational cost (sim-
ulation)

r¢n | computational | # of chto use

cost (%) Max [ Min
7 100 64 64
6 99.9 64 63
5 97.4 64 41
4 82.4 64 33
35 68.8 62 22
3 53.0 56 19
25 375 39 12
2 23.2 29 0
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Figure 3: Layout of Microphones
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Figure 4: Sound Source Localization Results

Table 2: Localization Error with REMA and IRMA

REMA IRMA
Avg.(deg) | S.D.(deg) || Avg.(m) | S.D.(m)
Ex.2A 4.01 16.18 0.217 0.157
Ex.2B 3.25 7.61 0.082 0.249
Ex.2C 5.96 3.16 0.190 0.303
Ex.2D 6.14 10.66 0.194 0.173
Ex.2E 7.46 7.83 0.234 0.200

Table 3: Tracking Error with Particle Filter
IRMA Only Integration of
IRMA and REMA
Avg.(m) | S.D.(m)

Avg.(m) | S.D.(m)

Ex.2A 0.12 0.062 0.10 0.040
Ex.2B 0.06 0.012 0.06 0.012
Ex.2C 0.11 0.075 0.10 0.071
Ex.2D 0.16 0.084 0.16 0.083
Ex.2E 0.18 0.133 0.17 0.123
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Abstract— This paper presents techniques that enable a
talker tracking for effective human-robot interaction. We
propose a way to use an EM algorithm to select an ap-
propriate path for tracking a talker. The proposed algo-
rithm is simple because it contains relatively few condi-
tional statements. Moreover, the proposed way can easily
adapt new kinds of information for tracking talker to our
system. This is because our system estimates the position
of a desired talker through means, variances, and weights
calculated from EM training regardless of the number and
kinds of information. In addition, to enhance a robot’s
ability to track a talker in real-world environments, we
applied a particle filter to the talker tracking after per-
forming EM algorithm. Besides, we have integrated a va-
riety of auditory and visual information regarding sound
localization, face localization, and lip movement detec-
tion. Notably, we have applied a sound classification
function that allows our system to distinguish between
voice, music, or noise. Also, we developed a vision mod-
ule that can locate moving objects.

INTRODUCITION
In the near future, we expect the participation of intel-
ligent robots in human society to grow rapidly. Therefore,
since effective interaction between robots and the average
person will be essential, robots should identify people in
social and domestic environments, pay attention to the
voices of people and look at speakers to identify them
visually and associate voice and visual images so as to
robustly realize interaction between the robot and the de-
sired person [1-4]. To cope with the rapidly changing
circumstances and technology related to robots, robots
should be able to easily adapt themselves to new envi-
ronments and technologies. For example, people have re-
cently taken interest in the possibilities offered by remote
control and information exchange between robots or ro-
bots and various electronic appliances; that is, what is
called ubiquitous environment. For such applications, ro-
bots receiving information regarding new circumstances
will need to apply themselves to these circumstances
without the assistance of robot experts or developers.
That is, the installed software of robots should be flexible
enough that programmers do not have to modify the pro-
gram or the algorithm whenever robots encounter new
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conditions.

The objective of this research has been to develop
techniques that enable a talker tracking for effective hu-
man-robot interaction. Recently, Nakadai et al. developed
real-time auditory and visual multiple-talker tracking
technology [1, 2]. However, the program of this system
has many conditional statements to enable multiple-talker
tracking. Specifically, this system has auditory, vision,
and motor modules and generates a stream through events
extracted by each module. And streams can be associated
in a pair of auditory and visual streams to create a higher
level stream called an associated stream. Unfortunately,
this algorithm needs many conditional statements to cre-
ate associated streams because the system has to compare
for every stream that differs from the others. Moreover, if
an event of an entirely new kind is applied to the system,
the program structure has to modify all parts of the algo-
rithm related to streams and associations. For this reason,
the program is complex and difficult to modify for
changed conditions. We propose a way to select an ap-
preciate path for tracking a talker from various events
through an expectation maximization (EM) algorithm [5].
Our method is simple because many conditional state-
ments are not needed to create associated streams and is
flexible because newly added streams can be easily ap-
plied to the system without modification of an entire al-
gorithm. Moreover, to obtain the reliable tracking path,
we added a particle filter [12] to a tracking process after
performing EM algorithm. That can help the robot to
track a designated talker continuously.

Besides, our auditory system includes a sound classifi-
cation module that can distinguish between voice, music
and noise to enable reliable talker tracking in real envi-
ronments. To realize this, we used a Gaussian mixture
model (GMM). To make up for the fact that a face detec-
tion module cannot detect a face which is turned away or
tilted, we also developed a module to locate moving ob-
jects. The vision system can detect lip movement to iden-
tifying a talker.



2. DESIGN OF SYSTEM
2.1 Robot Hardware

As a test of real-time talker tracking, we use a human-
oid robot called SIG2 (Figure 1). SIG2 has two
omni-directional microphones inside humanoid ears at the
left and right ear position, its head and body respectively
have three degree of freedom (DOF) and one DOF, each
of which is enabled by a DC motor controlled by an en-
coder sensor. SIG2 is equipped with a pair of CCD cam-
eras, but the current vision module uses only one camera.

Fig.1. SIG2

Fig. 2. System Overview

2.2 Design of Subsystems

Figure 2 shows the structure of the system based on a
client/server model. Our system consists of four client
modules (auditory, vision, motor, and viewer) and a
server module (main). Each client controls the following
modules:

1) Auditory: Generates auditory events through pitch
extraction, sound source localization, and sound source
classification. In particular, an auditory module can dis-
criminate among three classes (voice, music, and noise).
The sampling frequency is 16 kHz, the processing time
for each event generation is 32 ms, and 4.5 frames (one
frame consists of 1024 samples) must be calculated for
sound source classification.

2) Vision: Generates vision events through face local-
ization, lip movement detection, and moving object lo-
calization. The processing time for each event generation
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is up to 250 ms.

3) Motor: Generates motor events and controls motors
for a talker tacking. The time needed for each event gen-
eration is 100 ms.

4) Viewer: Displays various streams, result data, and the
tracking status.

2.3 Design of Main System

The main (server) module can currently create four
streams (sound, face, moving object, and motor) using
events extracted by the subsystems. Beyond that, to track
the desired talker among a group of people in a noisy en-
vironment, the main module estimates an appropriate
tracking path through the EM and particle filter.

1) Stream Formation: The server firstly synchronizes
the events provided by other modules. A motor event is
used in synchronization between the current motor posi-
tion and the horizontal angle of localization extracted
from auditory and vision events over time. This process is
important for tracking a talker because it can use an ab-
solute coordinate regardless of which way the robot’s
head is turned. After that, an auditory event is connected
to the nearest auditory stream within +15°with a com-
mon pitch. Each auditory stream can be classified ac-
cording to three sound classes (voice, music, and noise).
A visual event is connected to the nearest visual stream
within +5¢°. For a visual stream, there is a face stream,
which includes the status of lip movement detection, and
an object moving stream. If any appropriate stream is
found, such an event becomes a new stream. If no event is
connected to an existing stream within 1 sec, the stream
terminates.

2) Estimating A Tracking Path: In a conventional sys-
tem, a pair of auditory and visual streams can be associ-
ated to enable robust tracking of multiple objects. How-
ever, the stream association depends on many conditional
statements of the algorithm. To avoid problem, we use
EM algorithm that allows a robot to classify the range for
a tracking path among a lot of events or streams. Then, a
particle filter helps it to estimate the reliable path from
the classified range in order to track a designated talker
continuously. Finally, for generating a smooth motion
when turning a head’s motor, we applied an interpolation
method using Bezier curve to the talker tracking.

3. AUDITORY SYSTEM
3.1 Sound Source Localization

We use a CSP method for sound source localization.
For the purpose of multiple sound localizations, after we
calculate CSP at every 0.5 frame (one frame consists of



1024 samples) for 4.5 frames, we can estimate the multi-
ple directions of sounds. At that time, we assume that
more than two sounds will not simultaneously enter the
microphones with the same magnitude because CSP can-
not detect sounds from multiple directions at the same
time.

1) Cross-Power Spectrum Phase: The direction of the
sound source can be obtained by estimating the time de-
lay of arrival (TDOA) between two microphones [6].
When there is a single sound source, the TDOA can be
estimated by finding the maximum value of the
cross-power spectrum phase (CSP) coefficients [7], as

derived from
FET[s,(n)]FFT s, ()] ]
1)

FFT[s, (n)]||FFT (s, (n)]

7 =argmax (CSP, (k))

csp; (k) = IFFT[

)
where k and n are time delays, FFT (or IFFT) is the fast
Fourier transform (or inverse FFT), * is the complex

conjugate, and 7 is the estimated TDOA. The sound
source direction is derived from
j @)

where @ is the sound direction, V is the sound
propagation speed, F; is the sampling frequency, and dpax
is the distance with a maximum time delay between two
microphones.
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3.2 Audio Feature Analysis

Our system can classify three types of sounds (voice,
music and noise) for talker tracking in a real environment.
It uses four auditory features (pitch, SF, MFCC, and
sound localization), and needs to calculate a period of 4.5
frames for sound classification.

1) Pitch Extraction: “Cepstrum” means the signals
made by inverse Fourier transform of the logarithm of
Fourier transform of sampled signals. One of the most
important features of the cepstrum is that if a signal is pe-
riodic, the cepstrum will present peaks at intervals for
each period [8]. Therefore, the cepstrum can reliably ex-

tract the pitch of a speech signal. Given a signal X(@) | the
equation of the cepstrum is denoted as

c.(7)=IFFTlog|x(@

(£)=1FFT {log ()} @
In the sequence to extract pitch signals, we first apply a

Hamming window to the sampled signals to minimize

frequency leakage effects. Then, after performing fast
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Fourier transform (FFT), it performs inverse fast Fourier
transform (IFFT) of the logarithm of these signals. Finally,
when the number of samples between two peak signals is
found, the pitch can be detected by:

Sampling Frequency
Number of samples between the two peaks (5)

Pitch =

2) Spectrum Flux:Spectrum flux (SF) is the average
variation value of the spectrum between two adjacent
frames [9]. SF is denoted as

1K-1 2

Z[Iog(A(n,k))—log(A(n—l,k))J

n=1

1 v
D —
(N-2)(K-1)%5 6)

where A(n,k) is the discrete Fourier transform of the
n-th frame of the input signal, N is the total number of
frames, and K is the order of FFT. In our experiments, we
found that, in general, the SF values of voice are higher
than those of music or noise. Therefore, SF is a good fea-
ture for classifying speech signals. This feature is used to
discriminate between speech and non-speech.

3) Mel Frequency Cepstral Coefficients: There are two
dominant types of acoustic measurement of a speech sig-
nal for the feature extraction of speech. One is the para-
metric approach, which was developed to match closely
the resonant structure of the human vocal tract that pro-
duces the corresponding speech sound. It is mainly de-
rived from linear predictive analysis, such as LPC-based
cepstrum (LPCC). The other is the non-parametric
method which models the human auditory perception
system. Mel frequency cepstral coefficients (MFCCs) are
used for this purpose [10]. Here, we used the 0 to 12"
MFCCs. MFCC provides good information useful for
discriminating between speech and non-speech. Usually,
the 0 to 12" MFCCs of speech signals have different pat-
terns for speech, music, or noise respectively.

3.3 Sound Source Classification by GMM

Figure 3 shows the processing flow for classifying
sound signals by auditory features. First, we apply each
feature data extracted from the cepstrum, MFCC, SF, or
CSP to mean defined as (7) and covariance defined as (8)

14

T )
IR PV
ot = X ) @

where X, is data, # is the mean, © is the variance,
and M is the number of data. Then, for the cepstrum, SF
and CSP, if the values calculated from the mean and the
covariance are within the boundary of those of speech
signals, each final feature value, fZ, will have the re-



sulting value as a speech signal.

When using MFCCs, we apply the 0 to 12" MFCCs to
Gaussian Mixture Model (GMM) defined by (9) and the
weight as denoted by (10). The GMM is a powerful sta-
tistical method widely used for speech classification [11].

Pmixlure (Xo~12 6’o~12) = i PL (XL ‘QL)W(L) (9)
S'w(L)=1 0<w(L)<1 (10)

where P is the component density function, L is the
number of the MFCC order, X is the 0 to 12" MFCC data,

and? is the parameter vector concerning each MFCC.
Moreover, to classify speech signals robustly, we de-
signed two GMM models for speech and noise derived as

f2=log(P (% (1)®,))-log (R (x, ()}®,)) (1)

where Py is the GMM related to speech, and X,(t) is the
speech feature data set at the t-th frame belonging to the
speech parameters, ©s. On the other hand, P, is the
GMM related to noise and X,(t) is the noise feature data

set at the t-th frame belonging to the noise parameters, ©-.

Finally, all final feature values, f*™*, that have appropriate
weights, w*™, are combined to judge whether the frame is
voice, music or noise. To train the GMM parameter, we
used 30 speech datum (15 male and 15 female), 15 noise
datum (white, brown, pink, and clapping), and 15 music
datum (normal pop music excluding vocals).

Fig. 3. Sound source classification by auditory features

4. VISION SYSTEM
4.1 Face Localization by OpenCV

For the purpose of detecting human faces, we used
open computer vision (OpenCV), the open source vision
library created by the Intel Company. This library sup-
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plies functions for detecting human faces. Therefore, we
can get the number and the coordinates of the detected
faces through OpenCV [4]. Our system used 320 x 240
images and can calculate about four images per second.

4.2 Lip Movement Detection

We achieve lip movement detection using an Opti-
calFlow function in OpenCV. This function can detect a
variation between a former picture and a present one.
Therefore, our system can accurately distinguish when a
speaker is talking.

Fig. 4. Feature mask for detecting lip movement

Figure 4 shows feature masks applied to the area of
detected faces to detect lip movement. If the amount of
variation detected by the lip feature mask is large, the
system will infer a person is talking. However, if the
amount of a variation detected by the face feature mask
exceeds that detected by the lip feature mask, the system
will regard the person, who is not talking, because the
amount of a variation detected by the feature mask is also
increased when a person swings his face. This prevents
misdetection for detecting lip movement when a face is
moving.

Fig. 5.
Figure 5 shows the results of face and lip movement
detection among three people. In this picture, blue boxes
indicate detected faces and a left person, whose box has
turned red, is selected as the talker because lip movement
is detected among the detected faces. The left part of Fig-
ure 5 shows the applied feature masks.

Results of face detection and finding the talker



4.3 Moving Object Localization

OpenCV has some limitations. First, it cannot determine
a face over 2m away by using 320 x 240 images. Second,
it cannot detect a face which is turned away or tilted.
Consequently, a person must be looking straight at the
camera. To overcome these shortcomings, we developed
a function for moving object localization by using Opti-
calFlow. It can infer a moving object’s position from the
position where the value calculated by OpticalFlow is
high. Therefore, if faces are not detected although people
are in front of the camera, it can obtain the positions of
people when they are moving. The right side of Figure 6
shows an image captured by SIG’s camera, and the red
lines in the left part of Figure 6 show how different ob-
jects are moved between a former image and a present
one.

Fig. 6. Moving object localization by OpticalFlow
5. TALKER TRACKING SYSTEM

For the purpose of tracking a desired talker, we should
first estimate the appropriate tracking path. Therefore, we
applied an EM algorithm in this process [5], which allows
us to easily obtain the range of direction for tracking from
among various streams. However, if a robot gets several
sound streams that have the same condition or weight, it
will be difficult to maintain the designated path which a
robot has tracked. Therefore, we also proposed the way to
add the particle filter to the tracking process after per-
forming EM algorithm. The applied particle filter helps
the robot to track the designated path continuously even if
the condition and weight of streams or events is the same
and the distance between those is also close. Moreover,
we applied interpolation method using Bezier curve to the
final process of a tracking algorithm so that the robot has
the smooth motion when motor is rotating.

Figure 7 shows the process to select an appropriate
tracking path by the EM and particle filter algorithm. In
Figure 7, for simplicity there are just two kinds of stream
(sound stream and vision stream) and four Gaussian mix-
ture components for EM training. However, our system
actually has three kinds of streams (sound, face, and
moving object localization) and uses eight Gaussian mix-
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ture components for training. Section 5.1 to 5.4 describe
this processing in detail.

Fig. 7. Process to select the path for talker tracking

5.1 Arranging the Gaussian mixture components

First, according to the conditions of the streams, the
system increases the number of events. For example, for
sound events extracted from a voice or face events when
lip movement is detected, it increases the actual number
of events by 3 to 4 times so that the Gaussian components
for EM training are gathered near the area of the stream
that has the highest priority. After that, the set of in-
creased datum, X, are substituted for a one-dimensional
Gaussian mixture which is denoted as

(X =t )2
20‘k2

e

1

270,

where ,, is the mean, 2 is the variance, g Is a

P(Xn|t.0,)=P(X,16)=
(12)

parameter vector, and k is the number of mixture compo-

nents. The objective is to find the parameter vector ¢,

describing each component density P(X,]6,)"

Second, for EM training (iteration), eight Gaussian
components are located between -90° and 90° at 1 sec
intervals and the interval to run EM algorithm also shifts
every 100 ms. At that time, if the coordinates of the ro-
bot’s head change, the position to locate components will
also change corresponding to the coordinates of the motor.
This step is shown in the top of Figure 7.



5.2 Performing the EM algorithm

After locating the Gaussian components, the system
runs the E-step and M-step for less 10 iterations. This EM
step in detail is as follows.

1) E-step: The expectation step essentially computes

the expected values of the indicators P(6]X,) that each
data point X, was generated by component k, given N is
the number of mixture component, the current parameter

estimates ¢ and weight y, , using Bayes’ Rule derived

as

P(6]X,)

_ (Xn[6) -
P

(X, 160)-w,
L (13)
2) M-step: At the maximization step, we can compute
the cluster parameters that maximize the likelihood of the
data assuming that the current data distribution is correct.
Accordingly, we obtain the recomputed mean using (14),
the recomputed variance using (15), and the recomputed
mixture proportions (weight) using (16).

ip(mxm)-xm

M= 5

=
I

m=1 (14)
="
;P(mxm)
Gzzép(edxm).(xm—yk)z (15)
;P(adxm)
(16)

M
W =ﬁZP(9k|Xm)
m=1

where M is the total number of data.

Finally, we can obtain the estimated mean, variance
and weight corresponding to the current data distribution
if the E and M steps are iterated an adequate number of
times.

Consequently, Gaussian mixture components are relo-
cated around the streams and the components are mainly
concentrated where the density of streams is high. In ad-
dition, the mean, variance, and weight of components are
decided according to, respectively, the location value, the
distributional range, and the priority of streams. Also, the
start point for a talker tracking is determined where the
weight calculated by EM is the highest. This step is
shown in the middle-left part of Figure 7.

5.3 Particle Filter Implementation
For the purpose of obtaining the reliable tracking path,
we added the particle filter [12] to the tracking process
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after performing EM algorithm. Therefore, particle filter
can help a robot to maintain the designated tracking path
which the robot has tracked regardless of changing the
location of talkers. The detail process of applied particle
filter is as follows. First, we can estimate a present track-
ing position by former tracking positions. This model is
defined as

2

K= X +RT, an
where i is the number of particle, T, is a sample period,
X is a estimated tracking position, X, is the former

tracking position, X\ is the differential value between X

and x'.,, and the differential value between x\ and X', is

#&. Then, the particle filter spreads particles in the range

of +15¢°0of the estimated position. This step is shown in
the middle-right part of Figure 7.

Second, it calculates the equation (18) by using result
values (mean, variance, and weight) calculated by EM
algorithm and then it should iterate the update routine un-
til the condition of resample is satisfied. The equation
(19) defines the condition of resample. Then, tracking
points can be determined as you see the bottom-right part
of Figure 7. The iteration routine of this particle filter in
detail is as follows.

1) Measurement update: Update the weights by the
likelihood:

(18)

- . 6‘ i
a)[':wt'flP(é"|Xt) @, <Xt| )
P

(Xt |9|) W
i=12K , N andnormalize to o =a [Z

N7
I
a)[

i=1

MZ'U

I
[N

- - N N .
As an approximation to, take X~ alx
i=1
2) Re-sampling:
(a) Bayesian bootstrap: Take N samples with replacement

from the set { iy

th} where the probability to take sample

i=0
i is @ . Let @ =1/N. This step is also called Sampling

Importance Re-sampling (SIR).
(b) Importance sampling: Only resample as above when
the effective number of samples is less than a threshold
Nih,

1

> (ol

i=0

(19)

eff =

N <N

th



Here 1<n,, <N, where the upper bound is attained when

all particles have the same weight, and the lower bound
when all probability mass is at one particle. The threshold
can be chosen as Ny, =2N/3. Let t:=t+1 and iterate to
measurement update.

5.4 Estimating the Tracking Path

Finally, the desired tracking path can be determined by
iterating EM and particle filter according to time. There-
fore, as you see the bottom-left part of Figure 7, although
the classified areas of streams have the same condition or
the paths of streams are even crossed each other, it is able
to estimate a reliable tracking path. Moreover, it is nec-
essary to produce a smooth path from estimated tracking
points in order to turn motor smoothly. For this step, we
used the interpolation method through Bezier curve. The
Bezier parametric curve is given by B(u) as follows:

B(U)ziPk~

k=0

N!
KI(N—K)!

N-k

u*-(1-u)

0<us<l (20
where the number of data is N and control points Py with
k=0 to N.

Consequently, the robot can have the tracking path
without an oscillation. Figure 8 shows that the real path of
a motor is converted to the smooth path generated by in-
terpolation through Bezier curve.

Fig. 8. Interpolation through Bezier curve.

EXPERIMENTS AND EVALUATION
As you see Figure 9, a viewer module displays various
streams, the current position of a motor, and the results

6.

and status of a talker tracking received from main module.

The red rings indicate the path selected for talker tracking
by the EM algorithm and the particle filter. To realize the
reliable talker tracking in a real environment, the pro-
posed system was designed with the following points in
mind.

1) The sound stream created from noise is rejected for
tracking. Besides, when there are only moving object
streams, they are also rejected for tracking. However,
the sound stream created from voice and the face
stream create from a face localization are accepted.

2) If two sound streams created from voice occur at the
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same time, the system will select the sound stream
where vision information (face and moving object)
exists nearby. Also, when a sound stream created
from music or noise occurs with a face stream, the
system selects the face stream.

Figure 9 shows that the robot is actually turning its
head towards the direction of a path selected by the EM
and paticle filter algorithm. The pink area indicates the
visibility range of the vision camera and the center of the
area indicates the position of the rotation motor of a head.
In (A) of Figure 9, we can see that a designated tracking
path, that was first started compared to another path, is
continuously selected by our proposed way even if sound
streams exist at the same time. However, if vision stream
appears on another area which did not belong to the
tracking path, the tracking path will be changed. This is
because vision information is usually more reliable than
audio information. In (B) of Figure 9, we can see that al-
though the paths of streams are crossed each other, it is
able to maintain the tracking path which was first started.
(C) of Figure 9 shows the talker tracking with all kinds of
stream. Needless to say, the area including all kinds of
stream has top priority when tracking the talker. There-
fore, the area is always determined as the tracking path.

Fig. 9. Results of talker-tracking experiments

CONCLUSION AND FUTURE WORK
We have described a way to use an EM and particle
filter algorithm to select an appropriate tracking path for

7.



the purpose of tracking a talker. Our system based on this
approach has some principal merits. First, the proposed
algorithm is simple because it contains relatively few
conditional statements. It is also not necessary to associ-
ate streams, unlike the conventional system, because our
system can easily infer the distributional range of streams
from the calculated variance by EM. Second, although
developers do not modify the entire algorithm, the pro-
posed system can easily adapt to new kinds of events or
streams to the tracking system. Since this system esti-
mates the position of a desired talker through means,
variances, and weights calculated from EM training re-
gardless of the number and kinds of event and stream,
they only determine the initial condition according to the
priority of the new event or stream. Finally, to produce
the reliable tracking path, we added the particle filter to
the tracking process after performing EM algorithm. Par-
ticle filter can help it to maintain the designated tracking
path which the robot has tracked regardless of changing
the condition of streams and the position of a tracking
path.

To realize real-time auditory and visual talker tracking
in practical environments, though, we need to refine our
system. First, we plan to develop a system that can track a
group of talkers in practical environments. Therefore,
sound identification and face recognition will be
necessary. And reliable multiple sound source
localization will be also necessary. In this respect, we are
considering a way to integrate the good points concerning
several methods for sound source localization. Second, to
realize a practical active auditory system, we need to add
speech recognition and voice synthesis function to our
system so that it will be able to talk with humans. In
addition, we will add sound source separation to our
system so that it can dealing with various sound signals.
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Abstract

We propose a new methodology of sound source
localization named SPIRE (Stepwise Phase
dIfference REstoration) that is able to local-
ize sources even if they are neighboring in a
reverberant environment. The major feature
of our proposed method is restoration of a mi-
crophone pair’s phase difference (M1) by us-
ing the phase difference of another microphone
pair (M2) under the condition that the dis-
tance between M1’s microphones is longer than
the distance between M2’s microphones. This
restoration process makes it possible to reduce
the variance of an estimated sound source di-
rection and to solve the spatial aliasing prob-
lem that occurs with the M2’s phase difference.
The experimental results in a reverberant envi-
ronment (reverberation time = about 300ms)
indicate that our proposed method can local-
ize sources even if they are neighboring (even if
the difference in the sources’ directions equals
10 degree).
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“Calling from the other room”

— A robot task achieved by ceiling and onbody microphone array —
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Abstract

This paper describes a mobile robot for home
service purpose together with ubiquitous ceiling
ultrasonic locator and microphone array. User
call can be detected by those ubiquitous de-
vices and then mobile robot navigates toward
given location. After reaching to the given loca-
tion, the robot tries to find out user location by
using stereo camera, laser and onbody micro-
phone array. We implemented those system at
our experimental house “Rokko Holone”. Sys-
tem components and experimental results are

shown.
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Figure 1: Ultrasonic tag (left) and 8ch ceiling micro-
phone array (outer ring) together with 15 ultrasonic re-
ceivers (inner cone) (right)
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Figure 2: Experimental House “Rokko Holone”

Living (left) and Kitchen (right)

Entrance (left) and Study (right)
Figure 3: Views of the house with Ceiling Ultrasonic
Locator and Microphone Array
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Figure 4: Ultrasonic Locator Results for the Same Four

Runs

go00oo0oO0oo0oooooooooOooooooo
000o0o0oooooooooooooo soemdoonon
ooooo

OOOOCOOOOOOOO PCI 128ch 44Khz 16bit O
O0ooooo AbOOOUOOOoOOOoODOOOOOO
00000000 usO0OO0 DMAOOOOOOOOO
oo pCO00O0OO0O000ODOOOOOOOODOOO
00000000000000 ART-LinuxO00O000O0O
oooooopooooo

OO0OD00O PC OO Delayed-sum beam forming O
(DSBF) DO OOOOOOO(FSB)OOOoooOoooOo
0O 100msec 000000000 O0OO0OODOODODO
0000000 Julian[Lee, 2001 00000000000
o0ooooooooooooooooooooooo
goooooooooooooooooooooooo

2.3 00000 “Holone”

gooo0ooooDoo 1chhbOOOOODOOODOODO
gch 0O OO0OD0OO0O0OOD0DUODOOOOOO (Fig.1)OO
0000000O0ooo “Holone” (Fig2)DOOOOO
00000000000000000000 106m2000
000000000Fig300000000000000
oboooo

24 0OO00OO0O0OOCOOOODOOOCOOO

oobooO0o0oooooooooooobooooooooon
gbobooooooooooooooboooooooobooa
00 Fig4dOOOODODDOOODOOOOG60mOOOOO
obooo00o 3semdnonoon

25 0OO0O0OO0O0OO0OOOOOOOO

FigoOOOOOOOOOOOOOOOOOOOOOOOO
ooooOoobooboobooooocbooboooooon
gboboooooboobobooboboobooobobo



Figure 5: Sound Localization Results by Ceiling Micro-
phone Array
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Figure 6: Mobile Robot “Penguin2”
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Figure 7: Particle Filter based localization, mapping and

path planning result
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Figure 8: Mapping result for Fig.1 area
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Figure 10: Grid Optimized A* for AIST Waterfront
Building (3F) and path smmothing result
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Figure 11: Generated trajectory from path planning re-
sults

Looooooooboo

- (8)
AJ000D0000000D0DO0000D0O000Odw,
O:000d0d0booboo0ooooobooboooon
00000 2z = (%0,Y0,00,k0,L0)00000 z, =
(@r,yr, 00,6, Ly) 0000000000000 0D00
godobbooobooooooouooobooooooo
godooooooooboooooooboooooooo
godobodoboooooooooobooouooon
O Fig11O0ooO

3.6 000 32ch00D00OOO

giooooobooooooboooooboobooooboboo
g0oooooooooooooDoob 32ch00000O
000000000D0o00O “Pen2” 00000 33cm
gbooooobobooooboooooobooobono
gboboooboobooooooboobooboboobo
Fig.12(0)0000000O0O00ODOOOODOOOO O
oobooO0ooooboooooobooooooobooooon
0000O0000ooO0o00DoO0oO0o0oDooOonn 32ch
00000000 000Fig12(0)0 00000 DSBF
oboooo0o0oooo0oobobOo0obOooo0O0Fig13 O
1,14, 2Kkhz 00 000000000OO00O0O0OOO0OO
gboooooobobooooboboooon

Fig.14O0OOOOO0OO0O0O0OO0O0O0O0ADOOOO 16bit
Oo0oO0D016khz OO00OO0O0OODOOOOODIEEEL394 0
o000 pCOOO0OOODOOOOTablel D ADOODO
gboobooo

4 0000

4.1 O00OO0OO0OO0OODOOOOOOCOOOd

o230000000000000000O0000O0000
gbooboooboboooobooboooboooban



sin700Hz
sin1000Hz
sin1400Hz
sin2000Hz

N

9.,
v

Y(mm
°

¥

-200
-200-150-100 -50 0 50 100 150 200
X[mm]

P

Figure 12: 32ch Microphone Arrangement(left) and Mi-
crophone Directional Pattern in DSBF(right)
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Figure 13: Beam Forming Simulation Result
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Figure 14: Microphone Array and AD board

Table 1: Spec. of Microphone AD Board

board size w=75, d=100, h=30 [mm)]
input channel 32 channel
interface IEEE-1394
data transfer isochronous transfer
sampling speed 16[kHz]
resolution 16bit, programable gain amp.
power supply +5 [v]
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Figure 15: An example of approaching a sound source

Q)

within the ubiquitous house. Figure a) shows the
planned path to estimated tag location, while b), ¢) and
d) show the robot approaching a local goal identified by

fusing location with locally detected objects.
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Figure 16: Snapshots on Experiment
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Interaction before/under speech — in humans and in robots
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Abstract

This paper explores the epigenetic and roboto-
genetic origins of human communication. We
built interactive robots, Infanoid and Keepon,
with which we observed children’s spontaneous
communicative behavior; from this experiment,
we learned that attentional and emotional ex-
change would play an indispensable role in the
emergence of human communications includ-
ing verbal one. We then conducted longitu-
dinal field observations of a group of children
with developmental disorders interacting with
Keepon; from this field study, we learned that
the children, including those with autism, spon-
taneously engaged not only in dyadic interac-
tion with the robot, but also in triadic inter-
action among children and carers, where the
robot functioned as a pivot of the interpersonal
communication. Based on these findings, we
further extend our idea of the origin of human
communication into that children’s motivation
to share meanings of environmental events with
others would probably be the most fundamen-

tal prerequisite for the genesis.
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Figure 1: Infanoid engaging in eye-contact (left) and

joint attention (right) with a human interactant.

Figure 2: Keepon performaing eye-contact (left) and

joint attention (right) with a human interactant.
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Figure 3: Children interacting socially with the robots.
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Figure 4: Keepon in the playroom at a day-care center.

goooooo
gbobooobobooooobooboboobooobo
gobooOooooooobooobooooobooboooon
oboooooboooobooooooboooooan
obobooobobooooboobooooooobgoo
gbooobooboooobobooood

3.1 00000000 Keepon

obOoboooboobooboboooooboboooon
Keepon OO OOODOOOODOOODOOODOOODOO
OoO0O0O0O0O0000O0O00ooooooDOn Keepon
gbOoooobooobooobooboooooobaon
Oo0bO00O0O00b00000000 KeeponOOOOOO
U0D0000000D000KeeponOOOOOOOOOO
gbooooobooobooboobooboobooon
OO0DO0000000D00000D0 Keepon OO OO
oboooooooon

0000000 Keepon DO0OODO 25em 0000
gooooboooboooboobooooboooooo
OO00O00D0O000000000D00D00 Keepon O
obooooobooooobobooooobooogooan
Keepon D000 0O0O0OD0OO0OO0O0DOOOODOOOOOO
uboboooboooobobooooboooooon
obooooobooboooobooooboboooobo
ooboboooooboooooooooooooooon
ooogoooo

3.2 KeeponOOOOOGOOOO

OO0DO00O000O0 KeeponOOODOOODOODOO
obooO0o0O 20030 10000000000000 02006
g1oooobooobwoobooooborwoboooon
obobOooooooooooboooboooooooo
gboobobooobooobooboooobuobooobann
obooooooooboo
o0obOobO0b0obOobO0obO0 Keepon DODOO
O0O000OO0OKeepon OODOOOOOOOOODOODODDO
Keepon 000000000 ODOODOOODOOOOOO
ooboooooboooooobooooboboonooooon

75

tele-participation child-robot interaction

°® operator

Figure 5: Teleparticipation in the child world.
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Figure 6: Relating my wonder to his/her wonder.
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