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Abstract— Robot audition is a critical technology in making
robots symbiosis with people. Since we hear a mixture of sounds
in our daily lives, sound source localization and separation, and
recognition of separated sounds are three essential capabilities.
Sound source localization has been recently studied well for
robots, while the other capabilities still need extensive studies.
This paper reports the robot audition system with a pair of
omni-directional microphones embedded in a humanoid to rec-
ognize two simultaneous talkers. It first separates sound sources
by Independent Component Analysis (ICA) with single-input
multiple-output (SIMO) model. Then, spectral distortion for
separated sounds is estimated to identify reliable and unreliable
components of the spectrogram. This estimation generates the
missing feature masks as spectrographic masks. These masks are
then used to avoid influences caused by spectral distortion in
automatic speech recognition based on missing-feature method.

The novel ideas of our system reside in estimates of spectral
distortion of temporal-frequency domain in terms of feature
vectors. In addition, we point out that the voice-activity detection
(VAD) is effective to overcome the weak point of ICA against the
changing number of talkers. The resulting system outperformed
the baseline robot audition system by 15 %.

Index Terms— Robot audition, Multiple Speakers, ICA,
Missing-feature Methods, Automatic Speech Recognition

I. INTRODUCTION

Many types of robots including humanoid robots have
appeared recently, in particular, around Expo 2005 Aichi.
They are expected to operate not in laboratory environments
but in real-world environments in order to attain symbiosis
between people and robots in our daily lives. Since verbal
communication is the most important in our daily lives,
hearing capabilities are essential for robots to attain symbiosis
between people and robots. Current automatic speech recog-
nition (ASR) systems work well in laboratory environments,
while they do not in noisy environments. In the latter, we
usually hear a mixture of sounds, in particular, a mixture of
speech signals. Since speech signals are considered as non-
quasi-stationary noises, normal noise reduction techniques are
not applicable for recognizing a mixture of speech signals. For
that purpose, three capabilities are mandatory; sound source
localization, sound source separation (SSS), and recognition
of separated sounds. Sound source localization has been
recently studied well for robots, while the other capabilities
still need extensive studies.

Since robots are usually deployed in real-world environ-
ments, robot audition should fulfill three requirements. First,
they should work even in unknown and/or dynamically-
changing environments. Second, they should listen to several
speakers at the same time, and third, they should recognize
what each speaker said. To fulfill the first two requirements,
we use Independent Component Analysis (ICA) for source
separation, because it is one of well-known methods of
Blind Source Separation (BSS). ICA assumes only the mutual
independence of component sound signals, and does not need
a priori information about room transfer functions, head
related transfer functions of the robot, or sound sources.
The number of microphones needed by ICA is larger than
or equal to that of sound sources. We use the SIMO-ICA
(Single-Input Multiple-Output) [1], since our robot has only
two microphones. In this paper, we assume that the number
of sound sources are at most two.

To cope with the third requirement, we adopt the missing-
feature theory (MFT) for ASR. Again, MFT-based ASRs
usually use a clean acoustic model without requesting a priori
information about sound sources or acoustic characteristics.
MFT models the effects of interfering sounds on speech as the
corruption of regions of time-frequency representations of the
speech signal. Usually speech signal separated by ICA or any
other technologies suffers from spectral distortion due to ill-
posed inverse problems. Reliable and unreliable components
are estimated to generate missing-feature masks. We use a
binary mask, i.e., reliable or unreliable, in this study.

The main technical issues in using ICA and MFT-based
ASR are (1) selecting which channel of separated signal to be
recognized from SIMO signals, (2) estimating signal leakage
from the other sound source, (3) detecting the number of
sound sources, and last but not least (4) generating missing-
feature masks (MFM) by estimating reliable or unreliable
components of separated signals. In this paper, we use hu-
manoid robot SIG2 which has a pair of microphones each of
which is embedded in each ear.

The first issue is solved by using sound source localization
with Interaural Intensity Difference to estimate the relative
position between microphones and speakers. The second and
third ones are solved partially by using voice activity detection
(VAD) and sound source localization. The last problem, i.e.,
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automatic generation of MFM is realized by taking into
consideration the influence of the distortion estimated in
spectral domain on the feature domain, and by deciding which
features are reliable or not.

A. Related Work

Although a good deal of research on robot audition has
been done in recent years, most efforts have focused on sound
source localization and separation. Only a few researchers
have focused on simultaneous speech signals, SSS, and the
recognition of separated sounds. The humanoid, HRP-2, uses
a microphone array to localize and separate a mixture of
sounds, and can recognize speech commands for a robot in
noisy environments [2]. HRP-2, however, only focused on a
single speech signal. The humanoid robot SIG uses a pair
of microphones to separate multiple speech signals with the
Adaptive Direction-Pass Filter (ADPF) and recognizes each
separated speech signal by ASR [3]. When three speakers
uttered words, SIG recognized what each speaker had said.
Yamamoto et al. recently developed a new interfacing scheme
between SSS and ASR based on MFT [4]. They demonstrated
that their interfacing scheme worked well for different types
of humanoids, i.e., SIG-2, Replie, and ASIMO with manually
created missing-feature masks, so-called a priori masks.

Yamamoto, and Valin et al. further developed Automatic-
missing-feature Mask Generation (AMG) by using a mi-
crophone array system consisting of eight microphones to
separate sound sources. Their sound source separation system
consisted of two components [5]: Geometric Source Separa-
tion (GSS) [6] and the Multi-Channel Post-Filter (MCPF) [5],
[7]; GSS separated each sound source by using an adaptive
beamformer with the geometric constraints of microphones,
while MCPF refined each separated sound by taking channel-
leakage and background noises into account. They developed
AMG by using information obtained with MCPF to generate
missing-feature masks for all separated sounds.

Missing-feature methods are usually adopted to improve
the accuracy of recognition for ASR in noisy environments, in
particular, with quasi-stationary noises [8]. A spectrographic
mask is the set of tags that identify reliable and unreliable
components of the spectrogram. MFT-based ASR uses a spec-
trographic mask to avoid corrupt signals during the decoding
process. There are two main approaches for missing-feature
methods; feature-vector imputation and classifier modifica-
tion. The former estimates unreliable components to recon-
struct a complete uncorrupted feature vector sequence and
use it for recognition [9]. The latter modifies the classifier,
or recognizer, to perform recognition using reliable separated
components and unreliable original input components itself
[10], [11], [8], [12], [13], [14]. Most studies have not focused
on recognition of speech signals corrupted by interfering
speech signals except [13], [14].

The rest of the paper is organized as follows: Section 2 ex-
plains the ICA and MFT-based ASR. Section 3 overviews our
robot audition system. Section 4 describes the experiments

we did for evaluation, and Section 5 discusses the results and
observations. Section 6 concludes the paper.

II. SOUND SOURCE SEPARATION BY ICA
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Fig. 1. Overview of the system

Our system consists of three components as is shown in
Figure1. (1) Independent Component Analysis (ICA) as a
blind source separation, (2) Missing-feature theory (MFT)
based ASR, and (3) Automatic missing-feature mask (MFM)
generation. The last one bridges between the first and second
components. In this section, we focus on the first component,
ICA. We first point out the problems of sound source sepa-
ration with ICA, and show the improvement by using voice
activity detection (VAD) technique.
A. Inter-channel Signal Leakage and Voice Activity Detection

We assume the model of mixtures of speech signals as
convolution. Since this convolution model does not reflect
actual acoustic environments, any methods based on this
model cannot decompose each signal components. The spec-
tral distortion of separated signals is mainly caused due to
signal leakage in the desired speech signal. Suppose that two
speakers are talking and one stops talking as is shown in
Figure 2. It may often the case with ICA that signal leakage is
observed during its silent period. The spectral parts enclosed
in a red box are instances of signal leakage. If such leakage
is very strong, it is difficult to determine the end of speech.
A wrong estimation of speech period would deteriorate the
recognition accuracy severely.

Fig. 2. Leakage in spectrum for silent period

The VAD information is useful for determining the period
of utterance in order to improve the performance of separa-
tion. We can adopt a sound source localization and speaker
tracking system, such as [15], to obtain VAD information. In
this paper, the correct VAD information was manually given.



B. ICA for voiced signals
We adopt frequency domain representation instead of tem-

poral domain one. The search space is smaller because the
separating matrix is updated for each frequency bin, and thus
its convergence is faster and less dependent on initial values.

1) Mixing process of speech signals: We assume that the
signals are observed by mixing linearly sound sources. This
mixing process is expressed as follows:

x(t) =

N−1
∑

n=0

a(n)s(t − n) (1)

where x(t) = [x1(t), . . . , xJ (t)]T is the observed signal
vector, and s(t) = [s1(t), . . . , sI(t)]

T is the source signal
vector. In addition, a(n) = [aji(n)]ji is the mixing filter
matrix with the length of N , where [X]ji denotes the matrix
which includes the element X in the i-th row and the j-th
column. In this paper, the number of microphones, J is 2 and
the number of multiple sound source, L, is 2.

2) Frequency-domain ICA: We use the frequency-domain
ICA. First, the short-time analysis of observed signal is con-
ducted by frame-by-frame discrete Fourier transform (DFT)
to obtain the observed vector X(ω, t) = [X1(ω, t), . . . ,
XJ(ω, t)] in each frequency bin ω and at each frame t. The
unmixing process can be formulated in a frequency bin ω

Y (ω, t) = W (ω)X(ω, t) (2)

where Y (ω, t) = [Y1(ω, t), . . . , YI(ω, t)] is the estimated
source signal vector, and W represents a (2 by 2) unmixing
matrix in frequency bin ω.

For estimating the unmixing matrix W (ω) in (2), an
algorithm based on the minimization of the Kullback-Leibler
divergence is often used. Therefore, we use the following
iterative equation with non-holonomic constraints:

W j+1(ω) = W j(ω) − α{off-diag〈φ(Y )Y h〉}W j(ω) (3)

where α is a step size parameter that has effects on the speed
of convergence, [j] is used to express the value of the jth step
in the eterations, and 〈·〉 denotes the time-averging operator.
The operation, off-diag(X), replaces the diag-element of
matrix X with zero. In this paper, the nonlinear function,
φ(y), is defined as φ(yi) = tanh(|yi|)e

jθ(yi).
3) Solution of permutation and scaling problems in ICA:

Frequency-Domain ICA suffers from two kinds of ambigui-
ties; scaling ambiguity, i.e., the power of separated signals
differs at each frequency bin, and permutation ambiguity,
i.e., some signal components are swapped among different
channels. These ambiguities occur, because ICA estimates
both unmixing matrix W and source signal vector Y at
the same time. The most important requirement in solving
these ambiguities is to recover the spectral representation
as complete as possible. In addition, the method to solve
them should provide useful information to automatic missing-
feature mask generatation. We solved these problems with the
Murata’s method in [16].

In order to cope with the scaling ambiguity, we apply the
inverse filter W−1 to the estimated source signal vector Y .

vi = W−1EiWx = W−1( 0 · · ·ui · · · 0 )t (4)
where x is observed signal vector, and W is the estimated
unmixing matrix, Ei represents the matrix in which the ith
diagonal element is one, and the others are zero. Thus they
satisfy the equation

∑

i Ei = I . This solution gives a Single-
Input Multiple-Output (SIMO) signals. Here the term ”SIMO”
represents the outputs are the transmitted signals observed at
multiple microphones.

The permutation ambiguity can be solved by taking into
consideration correlation of envelopes of power spectrum
among frequency bins. By calculating all correlations among
frequency bins, the most highly correlated frequency bins are
considered the spectrum of the same signal.
C. Integration of VAD and ICA

ICA with the number of sound sources given by VAD
is realized by selecting signals. This selection is defined as
follows:

Y (ω, t) = M Ŷ (ω, t) (5)

M =

{

1 J = I
0 otherwise

(6)

where Ŷ (ω) is the observed signal vector, and J is the num-
ber of microphones and I is the number of estimated sound
sources. In this paper, the maximum number of simultaneous
sound sources is given in advance.

Given the number of active speakers, the system must
decide who stopped speaking. In case of two speakers, it
is easy because the system focuses on only one speaker. It
determines which one is speaking by using mean square error
between the power spectrum of output signal of ICA and that
of the observed signal spectrum for the estimated frames in
which one speaker is speaking.

The region for silent periods are filled with silent spectrum
that is obtained in advance. If such region is filled with 0
signal, it may not be treated as silence by ASR with acoustic
model that is trained with clean speech signals.

Fig. 3. SIG2’s ear Fig. 4. Humanoid SIG2 with two ears

III. SPEECH RECOGNITION WITH AUTOMATIC
GENERATION OF MISSING FEATURE MASK

In this section, we explain how SIMO signals separated by
ICA with VAD is recognized; that is, selecting speech signal
out of SIMO signals, estimating missing features, generating
missing feature masks, and MFT-based ASR.



A. Issues in applying MFT-based ASR to speech signals
separated by ICA

In applying MFT-based ASR to SIMO signals separated by
ICA, we have to solve the following three main issues:

1) Selecting speech signal out of SIMO signals for recog-
nition

2) Designing acoustic features for MFT-based ASR, and
3) Estimating spectral distortion and generating MFM for

MFT-based ASR.
We discuss these issues in the following subsections.

B. Selecting speech signal for recognition based on IID
As mentioned in section II, we solved the scaling ambiguity

of ICA with inverse unmixing matrix. As a result, SIMO
signals are obtained as outputs of ICA. Therefore, we must
select speech signal out of SIMO signals for recognition for
each sound source.

Saruwatari et al. [17] selected the strongest spectrum in
order to apply binary mask. This selection method is not well
suited to MFT-based ASR, partially because the binary mask
also causes errors or distortion in spectrum, and partially be-
cause our system uses a pair of omni-directional microphones
while they used a pair of directional microphones.

The selection based on power spectrum is usually good,
but may not be for the speaker located in front of the robot.
For example, if two speakers locate on the right and in front
of the robots, the left channel of SIMO signals separated
by ICA for the center speaker is less affected by the right
speaker, although the power of the right channel may be
larger. In summary, we should consider the relative location
of microphones and speakers.

Since the positions of microphones are known, the relative
position of sound sources is enough for selection in case of
two speakers. One candidate for obtaining the relative position
is information obtained by sound source localization. In
solving the scaling ambiguity with inverse unmixing matrix,
ICA generates SIMO signals consisting of left and right
channels. Therefore, location may be obtained by using inter-
aural intensity difference (IID) and interaural phase difference
(IPD).

When the sounds are captured by the robot’s ears (Fig-
ure 3), IID is emphasized because of the head-related transfer
function (HRTF). IPD is usually not so stable due to per-
mutation ambiguity. Even if the separation of ICA is not so
accurate, the tendency of IID is usually recovered. Therefore,
the relative position of speakers can be estimated by the
normalized IID defined as follows:

I(fL
p , fR

p ) = (fL
p − fR

p )/max
(

fL
p , fR

p

)

(7)

where fp is the intensity of signal f defined by the envelope
of signal, or power spectrum. fL

p and fR
p are intensities of

signal f observed at each microphones. The normalized IID,
I(fL

p , fR
p ), is used to obtain the relative position of speakers

by sorting the intensity of sound sources. Given the position
of each microphone, we select the output of microphone
closest to the speaker as speech signals for recognition.

C. Missing Feature Based Speech Recognition
When several people speak at the same time, each separated

speech feature is severely distorted in spectrum from its orig-
inal signal. By detecting and masking the distorted feature,
the MFT-based ASR improves its recognition accuracy. As
result, it needs only clean speech in training acoustical model
of ASR.

1) Features for ASR: Since MFCC is not appropriate for
recognizing separated sounds from simultaneous speeches
by MFT-based ASR [8], we use Mel scale log spectrum
(MSLS) that are obtained by applying Inverse Discrete Cosine
Transform (DCT) to the MFCC features. The detailed flow
of calculation is as follows:

1) FFT: 16 bit acoustic signals sampled by 16kHz are
analyzed by FFT with 400 points of window and 160
frame shift to obtain spectrum.

2) Mel: Spectrum is analyzed by Mel-scale filter bank to
obtain Mel-Scale spectrum of 24th order.

3) Log: Mel-scale spectrum of 24th order is converted to
log-energies.

4) DCT: The log Mel-scale spectrum is converted by
Discrete Cosine Tranform to the Cepstrum.

5) Lifter: Cepstral features 0 and 13-23 are set to zero so
as to make the spectrum smoother.

6) CMS: Convolutive effects are removed using Cepstral
Mean Substraction.

7) IDCT: The normalized Cepstrum is transformed back
to the log Mel-scale spectral domain by means of an
Inverse DCT.

8) Differentiation: The features are differentiated in the
time domain. Thus, we obtain 24 log spectral features
as well as their first-order time derivatives.

The [CMS] step is necessary in order to remove the influence
of convoluted noise, such as reverberation and microphone
frequency response.

2) Speech recognition based on missing feature theory :
MFT-based ASR is a Hidden Markov Model (HMM) based
recognizer which assumes that the input consists of reliable
and unreliable spectral features. Most conventional ASRs
are based on HMM, and estimate a path with maximum
likelihood based on state transition probabilities and output
probability in Viterbi algorithm. MFT-based ASRs differs
from conventional ASRs in estimation of the output prob-
ability.

Let f(x|s) be the output probability of feature vector x in
state S. The output probability is defined by

f(x|S) =

M
∑

k=1

P (k|S)f(xr|k, S),

where M is the number of Gaussian mixture, and xr is a
reliable part in x.

This means that only reliable features are used in the prob-
ability calculation. Therefore, the recognizer can avoid severe
degradation of performance caused by unreliable features.



D. Formulation of Generating Missing Feature Mask
Generating missing feature mask is formulated based on

estimated error. By considering a function that converts spec-
trum to feature, we can reveal the relation between distortion
of spectrum and that of feature. In addition, our method makes
it possible to generate masks for the differential features.

1) A priori mask: As the result of ICA, a “true” vector, s0,
is distorted by the “error” vector, ∆ê. The distorted vector
can be expressed as x0 = s0 + ∆ê. We define the smooth
function F (s) as the mapping from spectrum s to feature.

Now, the error in feature space is expressed as follows:

∆a prioriF = |F (x0) − F (s0)| (8)

where the absolution operator is applied to each element of
vector. Given the “ture” feature F (s0) of the vector s0, the
MFM is defined as follows:

M =

{

1 |F (x0) − F (s0)| < T
0 otherwise

(9)

where T is threshold parameter. We call the mask generated
by (9) a priori mask.

2) Automatic generated mask: It is practically impossible
to know the true vector s0 in advance. Therefore by using the
separated speech signal vector x and estimated error vector
s0, the error in feature space is expressed as follows on the
assumption of the error, ∆e, is not so large.

∆F (x) ' |F (x) − F (x − ∆e)| (10)

And MFM M ′ can be generated by

M ′ =

{

1 |F (x) − F (x − ∆e)| < T
0 otherwise

(11)

where T represent the threshold parameter.
Next we consider generating masks of the time differential

feature. The time differential feature is defined

∆tF (s) = F t(s) − F t−1(s) (12)

where the spectrum s includes all the time-frequency spec-
trum, and F t(s) represents the tth frame feature of F (s).
By using ∆F , the error vector of time differential feature is
evaluated by the following equations:

∆tF (x) − ∆tF (x − ∆e)

= {F t(x) − F t−1(x)}

−{F t(x − ∆e) − F t−1(x − ∆e)}

= {F t(x) − F t(x − ∆e)}

−{F t−1(x) − F t−1(x − ∆e)}

= ∆F t(x) − ∆F t−1(x − ∆e) (13)

With the threshold parameter T , we can generate the mask
for time differential feature as follows:

M t =

{

1 |∆F t(x) − ∆F t−1(x − ∆e)| < T
0 otherwise

(14)

E. Generation of MFM with output of ICA
MFM is generated by estimating reliable and unreliable

components of sounds separated by ICA. Since the influence
of the signals leakage be weak, and we assume the error
vector, ∆e, is not so large. In addition, the function, F , can
be assumed as smooth because our process of converting from
spectrum to feature includes only filtering, log scaling and
absolution operations.

Let m(ω, t) be the observed spectrum at a microphone,
and x1(ω, t), x2(ω, t) be the separated spectrum, then x1(ω, t)
denotes the signal selection as described in section III-B. Now
they satisfy the following equation:

m(ω, t) = x1(ω, t) + x2(ω, t) (15)
x1(ω, t) = a1(ω)s

′

1(ω, t) (16)
x2(ω, t) = a2(ω)s

′

2(ω, t) (17)

where a1(ω), a2(ω) and s
′

1(ω, t), s
′

2(ω, t) are the estimated
the elements of mixing matrix and separated spectrums.
Ideally, m(ω, t) is separated as follows

m(ω) = W1(ω)s1(ω) + W2(ω)s2(ω) (18)

where W1(ω),W2(ω) are transfer functions.
The errors of separated spectrum are expressed as

s
′

1(ω, t) = α1(ω)s1(ω, t) + β1(ω)s2(ω, t) (19)
s

′

2(ω, t) = β2(ω)s1(ω, t) + α2(ω)s2(ω, t) (20)

where α1(ω), α2(ω), β1(ω), β2(ω) are the error coefficients
including scaling. Now the error of the estimated spectrum
x1(ω, t) is

e1(ω, t) =

(

α1(ω)a1(ω) − W1(ω)

)

s1(ω, t)

+β1(ω)a1(ω)s2(ω, t) (21)

In this paper, we find that spectral distortion is caused by
signal leakage and the distortion of original signal.

To estimate the error, we assume that the unmixing matrix
approximates well to W (ω), and that the envelope of the
power spectrum of leaked signal is similar to that of scaled
x2(ω, t). That is,

(

α1(ω)a1(ω) − W1(ω)

)

s1(ω, t) ' 0 (22)

β1(ω)a1(ω)s2(ω, t) ' γ1x2(ω, t) (23)
e1(ω, t) ' γ1x2(ω, t) (24)

As discussed above, we generate MFMs, M , for the
estimated observed spectrum, x, with the estimated error
spectrum, e, based on (11) as follows:

M =

{

1 |F (x) − F (x − e)| < θ
0 otherwise

(25)

In addition, the masks for time differential feature are gener-
ated based on (14)

M(k) =

{

1 |∆F k(x) − ∆F k−1(x − e)| < θ̂
0 otherwise

(26)



To simplify and thus speed up the estimate of the errors, we
normalize the difference ∆F with its maximum value.

IV. EXPERIMENTS AND EVALUATION

A. Experiment Patterns
We use two omni-directional microphones placed in the

ears of SIG2 humanoid robot (Figure 4) for evaluating the
system. We compare speech recognition accuracy obtained in
the following four different conditions:

1) ICA separation with utterances of different length,
2) ICA separation with VAD,
3) ICA separation with channel selection, and
4) ICA separation with VAD, channel selection, and miss-

ing feature masks.
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Fig. 5. Configuration 1:
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Fig. 6. Configuration 2:
Symmetric speakers

1) Recording conditions: Two voices are recorded simul-
taneously from loudspeakers placed 0.5–1.5 m (d) away from
the robot. The speech signals are assumed to arrive from
different direction of sound sources, θ = 30◦, 60◦, and 90◦.
The female speaker is on the left side of the robot and the
other is on its right side. The room size is 5 m×4 m, with
a reverberation time of 0.2–0.3 sec. We use combinations of
three different words selected from a set of 200 phonemically-
balanced Japanese words.

2) Acoustic model for speech recognition: We use multi-
band Julian as MFT-based ASR. It uses the triphone-based
acoustic model trained by clean speech with utterances of 216
words by 25 male and female speakers. The acoustic model
uses three states and four Gaussians per mixture.

3) Configurations for experiments: The SIG2 stands at 1 m
from the wall with a glass window and female and male
speakers are located in two configuration; one is asymmetric,
female speaker is in the center and male is on the right
(Figure 5). The other is symmetric (Figure 6). The main
parameters for ICA are as follows; the sampling rate of data is
16 kHz, the frame length is 1,024 points, and the frame shift
is 94. The initial values of unmixing matrix, W (ω), are given
at random. We tried all combinations of {{0.88, 0.9, 0.92} for
the threshold, θ̂, and {0.04, 0.05, 0.06}} for the threshold, θ.
These combinations are applied to each dataset, and finally
obtained {0.92, 0.04} as the best threshold.

B. Results of Experiments
1) Improvement of recognition accuracy by longer ut-

terance period : Figure 7 shows the results of recognition
accuracy of separate speech by ICA from two simultaneous
utterances. The length of utterance varies from one word
to one hundred words. As longer the speech period is,
the recognition accuracy is improved. This is because the
estimation of ICA becomes more accurate by using more
samples. The recognition accuracy with twenty words is 20
% greater than that with one word. The recognition accuracy
starts saturating around the length of twenty words.
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Fig. 7. Improvement of recognition accuracy by longer utterance period

2) Improvement of recognition accuracy by VAD: Figure 8
show the improvement of recognition accuracy by incorpo-
rating VAD into ICA for two configurations. Since in some
benchmark, two speakers start and stop utterance at different
times and thus in some period only one speaker utters. This
caused signal leakage to a silent period, but VAD avoids such
cases.

3) Improvement of recognition accuracy by channel se-
lection : Figure 8 shows the improvement of recognition
accuracy by selecting an appropriate channel of SIMO signals
separated by ICA. This channel selection improves recogni-
tion accuracy either with VAD or without VAD.

4) Futher improvement of recognition accuracy by
missing-feature masks : Figure 9 shows the improvement
of recognition accuracy by a priori (ideal) mask and masks
generated automatically (our masks). A priori mask attains
the recognition accuracy of over 97 %. Auto generated mask
improves by 5 % in average. It seems to depend on the
location of speakers.

Finally, the improvements of recognition accuracy are
summarized in Figure 10.

C. Discussions
Some observations about our system of listening to two

things at once by integrating ICA, MFT-based ASR, and
automatic missing feature mask generation are listed below:

1) ICA Separation with different utterance periods: Exper-
iment (1) shows the longer utterance improves the recognition
accuracy. The estimation of inverse unmixing matrix for ICA
needs 30 seconds for stable estimation, which means about
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Fig. 8. Effects of signal selection and VAD on Recognition
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Fig. 9. Improvement of recognition accuracy by missing-feature masks
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Fig. 10. Summary of improvements of recognition accuracy

15 seconds of actual non-silent simultaneous speech signals.
Needless to say, the period of utterance sufficient for stable
separation depends on the implementation of ICA and other
parameters of MFT-based ASR and automatic missing-feature
mask generation.

2) ICA with VAD: By ICA with VAD, the recognition
accuracy is improved. The rejection of leaked signals during
non-speaking period contributed to the correct recognition.
Actually, many people rarely speak for the completely same
time, and thus this rejection is essential process for speech
recognition.

3) SIMO-ICA with channel selection: The channel selec-
tion also proves valid for recognition. We consider that the
localization with IID works well. The location or configura-
tion of speakers affects the recognition accuracy, since the
closer speakers makes sound source separation deteriorate.
This is confirmed by comparing the results of asymmetrical
and symmetrical configurations.

4) ICA with missing-feature masks: The recognition ac-
curacy for speech signals separated by SIMO-ICA can be
improved by channel selection and VAD (detection of the
number of speakers). Further improvement can be attained by
automatic missing-feature mask generation with MFT-based
ASR. Missing-feature masks are generated by estimating
reliable and unreliable components of separated signals. By
employing all these improvements, the recognition accuracy
of two simultaneous speech signals is more than 80%.

In contrast of two microphones, Yamamoto et al. uses eight



microphones to separate three simultaneous speech signals by
Geometrical source separation with multi-channel post filter.
They developed automatic missing-feature mask generation
by taking into consideration the estimates of stationary noises
and channel leakage to improve the recognition accuracy by
7 to 30%.

V. CONCLUSION

We constructed robot audition system for unknown and/or
dynamically-changing environments without providing mini-
mum a priori information. To fulfill such requirements, we
employed ICA, MFT-based ASR and developed automatic
missing feature mask generation.

A. Evaluation of system
In this paper, we use ICA for source separation and MFT-

based ASR in order to construct robot audition system in
real-world environment. Combination of VAD, MFM, and
channel selection improves recognition accuracy by 20% .
The comparison of our system with Yamamoto’s system
consisting of GSS, multi-channel post-filter, and automatic
missing-feature mask generation may be interesting topics,
which will be reported in a separate paper in a near future.

To improve the performance of individual subsystems is the
first future task. Other remaining work includes more precise
estimation of reliable and unreliable components of separated
sounds.

B. Issues and Future Works
As said in discuss and evaluation section, there are rooms

to improve this system. For example, there is ICA with
information about speakers or accurate estimation of errors.

The issues include the limitation of the number of sound
source. This is essential problem of ICA, and to realizing it
leads to construct audition system for multi-environment. In
this paper, we assumed the environment without noise, so a
new method is desired to cope with noises. To operate in real
world, we additionally consider the noise caused by robot
itself, and the recognition of connected speech, and the real-
time processing of this system.

By solving above problems, we will try connected speech
recognition, or implement on the robot in the future.
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