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Abstract— This paper is concerned with a text-independent
speaker identification/verification and speech recognition for
intelligent service robots with humanlike auditory system. The
objective of this paper is to develop and integrate audio-based
Human-Robot Interaction (HRI) components that can
naturally interact between human and robot through audio
information obtained from microphones in the noisy
environments. Furthermore, we can naturally communicate
with intelligent service robot through a Korean-based
spontaneous speech recognition and text-independent speaker
recognition to provide a customized service such as daily life
schedule and selection of preferable TV channel for the
jdentified speaker. The robot platform used in this study is
WEVER, which is a2 network-based intelligent service robot
developed at Intelligent Robot Research Division in Electronics
and Telecommunication Research Institute (ETRI). This robot
refers to an Ubiquitous Robotic Companion (URC) that
provides necessary services anytime and anywhere. The
experimental results obtained for ETRI speaker database
reveal that the approach presented in this paper vields a good
identification (94.5%) and verification (FAR: 0.014%, FRR:
0.067%) performance within 3 meter.

1. INTRODUCTION

OVER the past few decades, a considerable number of
studies have been conducted on speaker identification
Jverification [7](8]. In general, the speaker recognition is
divided into two specific tasks: speaker identification and
speaker verification [1][2]. In the case of speaker
identification. there is no a priori identity claim and system
determines who the speaker is. On the other hand, speaker
verification is that the system must decide if the input voice
came from the claimed speaker or not. Although studies have
made on speaker recognition in the area of biometrics, this
marker is still in its infancy. Furthermore, very few attempts
in the previous literature have been made on speaker
recognition in contrast to speech recognition in the area of
intelligent robots [3]. However, there has recently been a
renewal of interest in Human-Robot Interaction (HRI) for

intelligent service robots. Among various HRI components,
specifically the concern with audio-based HRI such as
speech recognition, sound source separation, sound
localization, and speaker recognition has been growing.

In this paper, we present text-independent speaker
identification/verification and speech recognition to develop
an audio-based HRI components for Ubiquitous Robotic
Companion (URC)-based intelligent service robots, which
exploit strong Information Technology (IT) infrastructure
such as high-speed internet [4]. Here the URC means that it
will provide the necessary services at any time and place to
meet the user’s requirements. Thus, it combines the network
function with the current concept of a robot in order to
enhance mobility and human interface. For this purpose,
Mel-Frequency Cepstral Coefficients-Gaussian Mixture
Model (MFCC-GMM) and likelihood ratio sets are
developed for speaker identification and verification,
respectively. Finally we perform a Korean-based
spontaneous speech recognition and text-independent
speaker recognition to provide a customized service under
wireless network environments.” The ‘experimental results
obtained for Electronics and Telecommunication Research
Institute (ETRI) speaker database reveal that the presented
approach yields a good identification and verification
performance at a short or long-distance (3m-5m). The robot
platform used in this study is WEVER, which is a
URC-based intelligent service robot developed at Intelligent
Robot Research Division in ETRIL.

This paper is organized in the following manner. Section
2 describes the feature extraction and the generation of
speaker model. In Section 3, we present text-independent
speaker identification/verification for intelligent service
robots. Section 4 reports on comprehensive experiment
results for speaker identification/verification under robot
environments. Furthermore, we show the service scenario for
combining text-independent speaker identification with
speech recognition. Finally concluding comments are
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concluded in Section 5.

TI. GENERATION OF SPEAKER MODEL

In order to analyze speech signal obtained from speaker,
firstly the endpoint detection algorithm is performed. Fig. |
shows the signal detected by log energy and zero crossing
rates. Fig. 2 visualizes spectrogram using a Short-Time
Fourier Transform (STFT) from the detected signal for
time-dcpendent frequency analysis. The spectrogram divides
the signal into overlapping segments, windows each
segment.
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Fig. 2 Spectrogram of Fig.1(a)

After detecting signal, we perform the feature
extraction as shown in Fig. 3. This method is comprised of
six stages: pre-emphasis, frame blocking. hamming widow
to lessen distortion, Fast Fourier Transform (FFT). triangular
bandpass filter (see Fig. 4), and cosine transform to get
MFCC. For simplicity, we use 11 MFCC parameters except
for the first order.
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In what follows, we describe the well-known GMM
frequently used in conjunction with text-independent
speaker identification/verification to represent speaker’s
model under robot environments. Here the distribution of
feature vectors extracted from individual speech is
performed by a Gaussian mixture density. For a
D-dimensional feature vector denoted as x. the mixture
density for speaker is delined as

M
P(EIA) =Y wb, (%) M
i=]

where w; is mixture weights and b; is Gaussian mixture.
The density is a weighted linear combination of M Gaussian
mixture b, parameterized by a mean vector p, and

covariance matrix X, . The Gaussian mixture is defined as

the following equation

b (x)= : ||/2

(2n)D/Z Zi

xexp(—%(i—}li &) E - )) 2

. . . - M
The mixture weights w; satisfy the constraint E Vi =1.
=
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Thus, the parameters of speaker’s model are denoted as
A = {Wi Sy 2 }.
covariance matrices are used to construct GMM, because
diagonal matrix are more computationally efficient than full
covariance matrix for training [5]{6]. Given training speech
from a speaker, the speaker model is trained by estimating
the parameters of the GMM. The well-known method is
maximum likelihood estimation. For a sequence of T training
vectors X ={i,,)—(2,...,iT}. the GMM likelihood can be

i=1,...,M. For simplicity, diagonal

expressed as
T
pX1a) =] [p& %) ©)
t=1

The maximum likelihood parameter estimation is obtained
by using the Expectation-Maximization (EM) algorithm as
follows

. 1 .
W, =-T—Zp(1lx,,7»s) 4)

t=1

.
D phlx A%,
R 1=1

Hi=—"7
D plilxhy)
t=l

T
D phlx K]
Xi=+F - 6)

T
> plilx,.Ay)
=1

&)

where W,,[;,2; are the updated mixture weight, mean, and
variance for i'th Gaussian mixture, respectively. The
advantages of GMM as the likelihood function are that it is
computationally inexpensive.

III. SPEAKER IDENTIFICATION/VERIFICATION FOR
HUNAN-ROBOT INTERACTION

For speaker identification, a group of speakers
S$={1,2,...,S} is represented by GMM’s parameters. The
main goal is to find the speaker model which has the
maximum a posteriori probability as the following equation

[5].

S= arg max p(A, | X)=arg max ML) (7
1€k<S 1Sk<

S p(X)
where the second equation is based on Bayes’ rule.
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Assuming equally likely speakers, p(X) is the same for all
speaker models, the identification simplifies as follows

~

S=arg max p(X1i) (€))]
12k<S
Using logarithms and the independence between

observations, the SI is computed as
. T
S=arg max ) logp(X, I, 9
°1skss§ gP(X, 1h) ©)

On the other hand, given speech feature vectors X, the
speaker verification should be decided if X was spoken by
the client or not. Based on the similarity domain, this can be

obtained as a statistical test between H, :Sand H, : S where
H, is the null hypothesis that the claimant is the client S,
while H, is the alternative hypothesis that the claimant is an

impostor S'[6][7]. The decision according to the Bayesian
rule for minimum risk is given by

L(X)

=w{ >0 : XeH, @

p(X18) <6 : XeH,

where 0 is a prescribed threshold. Taking the logarithm, the
likelihood ratio is the following equation

log L(X) = logp(X 1S) —log p(X 1S} >logh : XeH, |
o =log —lo
Qe sk Ep <logh : XeH,

where log L(x) is the normalized log-likelihood score. The
normalized log-likelihood value of X can be computed as

- T
logp(X1S) =%Zlogp()—:( IS) (12)
=1

_ The well-known geometric mean and the maximum can
be used to calculate the normalized log-likelihood score
given not the client model. For a set of background speaker

models of size B: § = {S],Sg,....SB}, the geometric mean

method is calculated as
Ll
logp(X1S) =§ngp(xts.,) (13)
b=l

The maximum method is computed as
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logp(X!S) = max log p(X 1S,) (14)
S,es

In previous literature, this approach has been called
iikelihood ratio sets [6], cohorts, and background speakers.
The main advantage of this approach is that a single
speaker-independent model can be trained once for a
particular task and then used for all hypothesized speakers in
that task [5].

IV. EXPERIMENTAL RESULTS

In this section, we use ETRI speaker database to
evaluate the identification and verification performance of
the presented speaker recognition system. Fig 5 shows
WEVER with eight microphones and sound board, which is
URC-based intelligent service robot developed by ETRI.
Here sound board with eight channels called Multimodal
Interface Module (MIM) sound board has already developed
in Intelligent Robot Research Division of ETRI. The
database is constructed by audio recording of 20 speakers (4
females and 16 males). The data set consists of 30 sentences
for each speaker and channel. We divide the speech data into
training (20 sentences x 20 people x 3 distances (1,2,3m) x 8
channcls) and test data scts (10 scntencesx 20 people x 5
distances (1.2.3,4.5m) x 8 channels). For simplicity, we use
ETRI speaker database consisting 2200 sentences for only
single microphone. The recording was done in an office
environment. The audio is stored as a mono, 16bit, 16kHz
WAV file. Firstly we performed text-independent speaker
identification under robot environments. Fig. 6 showed the
identification performance of GMM obtained from the
variation of several mixture size and distances. As shown in
Fig. 6, the experimental results within 3 meter showed a
good identification performance (94.5%). Furthermore, the
results obtained from the variation of GMM size showed a
similar performance in this experiment.

%
i SR

(a) WEVER (b) armngeme;l of 8 microphones

Fig. 5 Robot platform: WEVER
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Fig. 6 1dentification performance obtained by MFCC-GMM

On the other hand, we performed text-independent
speaker verification for 3 clients and 17 impostors under
robot environments. As explained before, we used likelihood
ratio sets [6] for speaker verification. Fig. 7 showed the
histogram of impostor versus the users corresponding to
score. Finally we obtained verification performance (FAR:
0.014%, FRR: 0.067%) within 3 meter, when threshold is 0.1
(EER point). These results lead us to the conclusion that the
text-independent speaker identification/verification based on
GMM yiclded a good identification and verification
performance under robot environments.
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Fig. 7 Verification performance by cohort model

In what follows, we shall show a scenario for combining
the lext-independent speaker identification presented in this
paper and spontaneous speech recognition. On the basis of
these methods, the robot can simultaneously recognize what
the speaker said as well as identification of the speaker.
Firstly the speaker registration is performed through wireless
network in real-time. The speaker model is generated by
several sentences as GUI shown in Fig. 8. Fig. 9 shows a
scenario for providing user-customized service such as
speaker’s daily life schedule and selection of preferable TV
channel for two identified speaker. Fig. 10 shows the
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procedure for speech and speaker recognition under V. CONCLUSION

network-based robot environments. We have developed the text-independent speaker

identification/verification as audio-based HRI components

B & for URC-based intelligent service robots, which exploit
Recording Controller o d

3ol !rm__ el strong IT mfra.slruclure. It is concluded that the approach

Hame : L presented in this paper showed usefulness and effectiveness

Start Recording | for speech/speaker recognition under robot environments. A

N | further direction of this study will be to fuse feature

= information obtained through several —microphones.

Furthermore, we shall perform further research on
multi-modal user identification and verification using audio
and vision information.

IHow §& the weather today?l

Speaker Register J Recognition
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