


To attain online processing, we introduced FlowDesigner-
based architecture to integrate SSL, SSS, and ASR. This
architecture brings fast processing and easy implementation
because it provides a simple framework of shared object based
module integration. To optimize the parameters, we developed
parameter optimization with aGenetic Algorithm (GA)[6],
because the system parameters are mutually dependent on
each other, and it is dif�cult to build an analytical model to
optimize such parameters. To improve VAD, we integrated
new VAD based on a power spectrum and location of a
sound source into the system, since VAD relying only on
power often fails due to a low signal-to-noise ratio (SNR) of
simultaneous speech.

The rest of the paper is organized as follows: Section II
presents issues and approaches in our robot audition system.
Section III explains the implementation of the robot audition
system. Section IV describes evaluation of the system, and
the last section concludes the paper.

II. RECOGNITION SYSTEM OF SIMULTANEOUS SPEECH

SIGNALS

This section shows issues in our robot audition system
and our approaches. Our robot audition system had three
issues; First, it worked under an off-line environment. Second,
eleven parameters required by the system were not optimized
properly. Finally, because of the leakage of energy from other
channels and remaining noises, ASR often failed to detect
voice activity.

A. Implementation for online processing

Our robot audition system did not work online since all
components were not integrated into one system, that is, it was
an of�ine system. A large amount of data is communicated
in the system. The processing speed would be faster when
modules in the system are linked as one object, because data
communication is achieved only by communicating a pointer
on a shared memory. However, it is better that the modules are
as independent as possible in terms of easy implementation.
To maintain fast processing time and re-usability of modules,
we introduced FlowDesigner architecture [7].

FlowDesigner is a free (GPL/LGPL) data �ow oriented
development environment. Six modules in the system – Sound
Source Localization (SSL), Sound Source Separation (SSS),
Parameter Selection, Voice Activity Detection (VAD), Acous-
tic Feature Extraction, Automatic Missing Feature Mask Gen-
eration shown in Fig. 3 – are implemented as module blocks
on FlowDesigner. When two blocks have matching interfaces,
they are able to be connected regardless of their internal
processes. One-to-many and many-to-many connections are
also possible. Thus, complex applications can be built simply
by combining small reusable blocks. A block is coded in
programming language C++ and implemented as an inherited
class of the fundamental block. It is compiled as a shared
object on Linux. Since data communication is done by using
a pointer, it is much faster than socket-communication-based
middlewares such as OpenRTM [8]. Therefore, FlowDesigner

TABLE I

PARAMETERS FOR SYSTEM TO RECOGNIZE SIMULTANEOUS SPEECH

SIGNALS

Genes Hand- Alleles
(Parameters in recognition system) tuned Min Max Step #Elem

Leak-estimate factor 0.25 0.05 0.5 0.05 10
Canceling rate for leak-estimate factor 1 0.2 1.8 0.2 9
Compensation for background noise 1.2 0.1 1.5 0.1 15
Coef�cient for smoothed spectrum 0.5 0.1 0.8 0.1 8
Weight for reducing background noise 0 0 1 0.1 11
Coef�cient for estimating a priori SNR 0.8 0.1 1 0.1 10
Ampli�cation rate for leak-estimate-fact 1.5 1 2 0.1 11
Coef�cient for estimating BG-noise 0.98 0.8 1 0.02 11
Reverberation decay 0.5 0 0.5 0.05 11
Instantaneous reverb. attenuation level 0.2 0 0.5 0.05 11
AMG threshold 0.25 0 0.65 0.05 13

maintains a well-balanced tradeoff between independence
and processing speed. As mentioned above, because a large
amount of data is communicated in our system, FlowDesigner
is suitable for our system. Concretely, SSS in Fig. 3 has the
heaviest traf�c, and a large bandwidth of 12.8 Mbps for input
and 8 Mbps for output are necessary. The following sections
describe each module in detail.

B. Parameter Optimization by Genetic Algorithm

To improve recognition performance, we modi�ed our
robot audition system so that suitable parameters could be
selected depending on circumstances. We optimized the pa-
rameters for combinations of speakers' locations. Our system
has eleven parameters as shown in Table I. We made a gene
correspond to a parameter, and made alleles correspond to
parameter values. These parameters are dependent mutually,
and thus it is dif�cult to optimize them manually. To solve
this problem, we applied GA to parameter optimization.

We prepared three speech datasets for the parameter opti-
mization. Dataset 1 contained mixtures of two simultaneous
speech signals. The mixtures were composed by convolving
speech signals of 216 Advanced Telecommunications Re-
search Institute International (ATR) phonemically-balanced
words and measured impulse responses. The impulse re-
sponses were measured at twelve positions in a room, where
a robot was located at the center. The distance between the
robot and a sound source was selected from one of 100,
150, and 200 cm. The azimuth of the sound source in the
robot's coordinates was selected from 0◦, 30◦, 60◦, and 90◦.
The height was 136 cm. In our con�guration to generate two
simultaneous speech signals, one speaker was located in front
of a robot, that is, 0◦, and the other speaker was located in
other directions at the same distance. As a result, two simul-
taneous speech signals for the nine combinations of positions
were composed. Dataset 2 contained clean speech data of
continuous speech corpus called the Acoustical Society of
Japan Japanese Newspaper Article Sentences (ASJ-JNAS). It
includes 306 utterance sets (153 male and female for each).
Each utterance set consists of 150 sentences excerpted from
ASJ-JNAS. So, Dataset 2 contains about 45,000 sentences in
total. To create Dataset 3, we �rst composed speech signals
by convolving 216 ATR phonemically-balanced words and
impulse responses which were measured at 100, 150, and



200 cm from 0◦. Dataset 3 is, then, generated as a set of
separated speech obtained by extracting a sound source in
front of the robot (0◦) from the composed speech signals.

As an acoustic model, the system used a triphone model
consisting of HMM with 3 states and 4 mixtures. The triphone
model is obtained as follows: �rst, it was trained on Dataset
2, and then it was adapted to Dataset 3 by usingMaximum
Likelihood Linear Regression (MLLR). A grammar language
model was used to recognize isolated words. The size of
vocabulary in a word dictionary for ASR was 200 words.

The procedure of parameter optimization with GA is as
follows:

1) Initialization
An initial population which includesN individuals is
generated. All genes of each individual are decided at
random.

2) Crossover
This process makes children from parentsM pairs of
individuals are selected at random, and the pairs make
2M children.M is called the number of crossovers. In our
GA, children are generated by using a uniform crossover
method. Since generated children are added to population,
the size of the population becomesN + 2M .

3) Mutation
Each individual in the population mutates with a mutation
ratepm. In our GA, each gene is replaced with an allele
selected at random.

4) Calculation of �tness
Fitness is de�ned as a word correct rate of our system,
since our goal is to optimize parameters to improve a
word correct rate. The word correct rates of our system
are calculated by separating and recognizing Dataset 1.

5) Selection
The constant size of populationN should be maintained.
As a method of selection, we adopted a combination of
elite selectionand roulette selection. The procedure of
selection is as follows:
a) Elite selection

L individuals which have theL-best �tness in the
population (N + 2M individuals) are selected.

b) Roulette selection
N ¡ L individuals are selected from the remaining
population. An individual which has high �tness is
selected with a high probability.

6) Evaluation of the population
The system compares the �tness average of all individuals
in a current generation with that in the previous generation.
When the difference is less thanTGA, the population is
considered to have converged.

In optimizing the parameters, let population sizeN = 100,
number of crossoverM = 40, number of elite selection
L = 10, and mutation ratepm = 0.01. We optimized the
parameters for a central speaker in three combinations of
speaker directions. Two loudspeakers were located in the cen-
ter (0◦) and the left (30◦, 60◦, or 90◦). In each combination of
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speaker directions, the loudspeakers were located at a distance
of 100 cm, 150 cm, or 200 cm from the robot. Transitions of
�tness are shown in Fig. 1.

C. Voice activity detection

VAD relying only on power is commonly used, however,
it cannot detect speech with a low SNR such as simultaneous
speech correctly. We propose a new VAD method based on a
power spectrum and location of a separated sound. We assume
that voice is active while localization results are provided. The
detected voice activity duration includes unnecessary noises
and silent durations, which deteriorate the performance of
ASR. To solve the problem, we applied the proposed VAD
method to speech separated by sound source separation.

The algorithm for our proposed VAD is as follows: �rst,
voice activity is estimated per time frame. Let the spectrum
of the separated sound sourcem at time framet be ŝm(k, t).
FBC(t) is de�ned as the number of frequency bands which
satisfy ŝm(k, t) ¸ Tsil at time framet. Since a speech signal
has harmonics,FBC(t) tends to be large. IfFBC(t) >
TFBC , voice activity Va(t) at time framet is estimated as
1 (active), otherwise 0 (silent). Voice activity duration is then
detected by considering a temporal sequence of the estimated
Va(t). Fig. 2 illustrates an example of detected voice activity
duration, where a horizontal axis is time and a vertical axis
is Va(t). When Va(t) are 0 for more thand time frames
continuously, an onset or an offset of voice activity duration
is detected. As a result, noises and useless silent durations
are removed.

III. I MPLEMENTATION OF REAL-TIME RECOGNITION

SYSTEM

In this section, we will explain the implementation of the
robot audition system that recognizes simultaneous speech
signals. Fig. 3 shows the architecture of the system. Our
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Fig. 3. Real-time robot audition system that recognizes simultaneous speech

system consists of seven modules: Sound Source Localization
(SSL), Sound Source Separation (SSS), Parameter Selection,
Voice Activity Detection (VAD), Acoustic Feature Extraction,
Automatic Missing Feature Mask Generation, and Missing
Feature Theory based Automatic Speech Recognition (MFT-
ASR). The six modules except for MFT-ASR are imple-
mented as blocks for FlowDesigner described in Section II.
For MFT-ASR, we use Multiband Julius. A CPU occupancy
of MFT-ASR is high in recognizing speech. Since data
communication between MFT-ASR and the other modules has
acoustic features and MFM rather than raw signal data, data
traf�c communication is light. Therefore, we did not imple-
ment MFT-ASR as a module for FlowDesigner. FlowDesigner
and Multiband Julius can run separately on different CPUs
since they communicate with each other via a network.

Our robot audition system run on a personal computer
with Pentium 4/2.4 GHz. The OS is Linux with kernel 2.4.
The blocks for FlowDesigner are compiled with optimization
option (-O3 -march=pentium4 -fomit-frame-pointer -msse -
funroll-loops -ffast-math) by g++ (GCC) 3.2.2.

A. Sound Source Localization

We adopted steered beamformer [9] as a localization al-
gorithm of our system. The basic idea behind the steered
beamformer approach to source localization is to direct a
beamformer in all possible directions and look for maximal
output. For this task, we tried to maximize the output power
of a simple delay-and-sum beamformer. It was reported that
the SSL system was able to reliably detect speech sources
within 5 meters, and the root mean square error of localization
results was about 1.4◦. The SSL block successfully tracked
two sources when their angle interval was more than 20◦.

B. Sound Source Separation

The SSS [10] consists of Geometric Source Separation
(GSS) and a multi-channel post-�lter. We modi�ed the GSS
proposed by Parraet al. [11] so as to provide faster adaptation
using stochastic gradient and shorter time frame estimation.
Initial separation using GSS was followed by the multi-
channel post-�lter that is based on a generalization of beam-
former post-�ltering [10], [12] for multiple sources. This
post-�lter used adaptive spectral estimation of background

noises and interfering sources to enhance the signal produced.
The main idea resides in the fact that, for each source of
interest, the noise estimate is decomposed into stationary and
transient components assumed to be due to a leakage between
the output channels of the initial separation stage. It was
reported that the SSS improved 10.3 dB in SNR on average
for separation of three simultaneous speech signals.

C. Voice Activity Detection

VAD extracts the speech duration required for ASR by
using spectra of speech signals separated by SSS. The method
of VAD is detailed in Section II-C.

D. Acoustic Feature Extraction

This block calculates acoustic features for MFT-ASR from
the spectrum of separated speech. Mel-Frequency Cepstrum
Coef�cient (MFCC) is a common acoustic feature for ASR.
However, MFCC is not appropriate for recognition of speech
separated in frequency domain, since noise in each fre-
quency band spreads to all coef�cients in cepstral domain.
We used the Mel Scale Log Spectrum (MSLS) obtained by
applying Inverse Discrete Cosine Transformation to MFCCs.
The calculation of MSLS is described in [13]. The acoustic
feature vector composes 48 spectral-related acoustic features
consisting of 24 spectral features and 24 differential features.

E. Automatic Missing Feature Mask Generation

Since a multi-channel post-�lter provides information about
the amount of noise included in a frequency band, automatic
MFM generation uses the information to estimate MFM that
indicates reliability of each spectral feature. Since we use an
acoustic feature vector of 48 spectral-related acoustic features,
the missing feature mask is a vector of 48 corresponding
features. Each element of a vector represents the reliability of
each acoustic feature. The value may be binary (1, reliable,
or 0, unreliable) or continuous between 0 and 1. In this paper,
we used a binary missing feature mask. The detailed method
is presented in [13].

F. Missing Feature Theory Based Automatic Speech Recog-
nition

Missing Feature Theory Based Speech Recognition (MFT-
ASR) [14] outputs a sequence of phonemes from acoustic



features of separated speech and the corresponding MFMs.
MFT-ASR is an HMM based recognizer, which is commonly
used in conventional ASR systems. The difference is only
in their decoding processes. In conventional ASR systems,
estimation of a path with maximum likelihood is based on
state transition probabilities and output probability in HMM.
This estimation process of output probability is modi�ed in
MFT-ASR as follows: letM(i) be a MFM vector which
represents the reliability of thei-th acoustic feature. The
output probabilitybj(x) is given by

bj(x) =
L∑

l=1

P (ljSj) exp

{
N∑

i=1

M(i) log f(x(i)jl, Sj)

}
,

(1)
where P (¢) is a probability operator,x(i) is an acoustic
feature vector,N is the size of the acoustic feature vector,
Sj is the j-th state.

For MFT-ASR, we used Multiband Julius [15], which is
based on the Japanese real-time large vocabulary speech
recognition engine Julius [16]. It supports various types
of HMMs such as shared-state triphones and tied-mixture
models. Stochastic language models are also supported. In
decoding, an ordered word bi-gram is used in the �rst pass,
and a reverse ordered word tri-gram in the second pass. It
works as a standalone or client-server application. To run as
a server, we modi�ed the system to be able to communicate
acoustic features and MFM via a network.

G. Parameter Selection

Parameter selection module selects an appropriate param-
eter set for a current state by using results of SSL. There
are eleven parameters in our system described in Section
II-B, which concern the performance of SSS and ASR.
We optimized these parameter values for two simultaneous
speech.

We prepared parameter set database,P (θ(i)) which de-
notes a set of eleven parameters optimized for a combination
of sound source locationsθ(i) = (θ1(i), θ2(i), ¢ ¢ ¢, θM (i)).
M is the number of sound sources, that is, two in our
experiments. When the results of SSL att-th time frame are
φ = (φ1, φ2, ¢ ¢ ¢, φM ), whereφm is an azimuth of sound
sourcem in the microphone array's coordinates, a parameter
setP (θ(i)) for t-th frame is selected to satisfy the following
conditions:

8m jφm ¡ θm(i)j < θδ (2)

whereθδ is a threshold to assignφm to θm(i). If there exists
no parameter sets that satisfy the above conditions, hand-
tuned parameter set is selected.

IV. EVALUATION

To evaluate our robot audition system by recognition per-
formance and processing speed, we performed experiments
where the robot with a microphone array separated two
simultaneous speech signals, and recognized speech of a
speaker in front of it. As for recognition performance, we

Fig. 4. ASIMO with eight microphones

TABLE II

POSITIONS OF TWO SPEAKERS IN THE EXPERIMENTS

Distance speaker A speaker B
(front) (left)

Position 1 100 cm 0◦ 30◦

Position 2 200 cm 0◦ 30◦

Position 3 100 cm 0◦ 60◦

Position 4 200 cm 0◦ 60◦

Position 5 100 cm 0◦ 90◦

Position 6 200 cm 0◦ 90◦

TABLE III

CONDITIONS OF THE EXPERIMENTS

Localization Voice activity Parameter
duration optimization

Condition 1 given given hand-tuned
Condition 2 given given GA-optimized
Condition 3 estimated not used hand-tuned
Condition 4 estimated not used GA-optimized
Condition 5 estimated estimated hand-tuned
Condition 6 estimated estimated GA-optimized

compared the recognition results when optimized parameters
were used or not, and when VAD was used or not. As for
processing speed, we measured processing time, processing
delay, and CPU occupancy of our robot audition system.

A. Conditions

We used Honda ASIMO as a testbed, and eight mi-
crophones were installed in the head of ASIMO (Fig. 4).
The positions of the microphones are bilaterally-symmetric.
The robot was located at the center of a room which was
7m £ 4m. Three walls were covered with sound absorbing
materials, while the other wall was made of glass which
makes strong echoes. A reverberation time (RT20) of the
room is about 0.2 seconds. However, the reverberation is
not uniform in the room because of an asymmetrical echo
generated by the glass wall. Two simultaneous speech signals
were recorded in the room. We used two loudspeakers to
create simultaneous speech. Table II shows six positions of
the loudspeakers in the experiments. The system had the
same acoustic and grammar language models as those used
in parameter optimization. Table III shows six conditions
of the experiments. “given” in Table III means that the
corresponding parameters such as localization result and voice
active duration, were given by hand. “estimated” means that
they were estimated by the system automatically.

B. Results

Our robot audition system separated two simultaneous
speech signals and recognized speech from speaker A. Fig. 5
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shows the results of recognition in word correct rate. The
results by using GA-optimized parameters outperformed those
by using the hand-tuned parameters in every case. The results
showed that parameter optimization using GA was successful.

When the results with/without VAD were compared, VAD
improved word correct rates in most cases. When the recog-
nition performance was low, VAD worked more effectively.
This proves that reduction of voice activity detection errors
improved the system performance drastically.

As for processing speed, we measured processing time
when our robot audition system separated and recognized
speech signals of 800 seconds. It took an average of 499
seconds for our robot audition system to recognize the speech
signal. FlowDesigner consumed 369 seconds on average,
and Multiband Julius consumed the remaining time. A CPU
occupancy of FlowDesigner was constantly about 75% in
running alone, while it ranged from 50% to 80% in Multiband
Julius running. On the other hand, a CPU occupancy of
Multiband Julius ranged from 30% to 40% in recognizing
speech, otherwise it was 0%. A delay between a beginning
of localization and a beginning of recognition was about
0.40 seconds, and a delay between an ending of separation
and an ending of recognition was about 0.046 seconds. As
a whole, our robot audition system ran fast as in real time.
When our system separated two sound sources and recognized
one separated sound, one CPU was suf�cient. However, when
our system separates more sound sources and recognizes more
separated sounds, it will require more CPUs.

V. CONCLUSION

We reported a microphone array embedded robot audition
system that recognizes simultaneous speech in the real world.
To attain online processing, we introduced FlowDesigner
based architecture for module integration. To optimize pa-
rameters, we developed GA based parameter optimization.
To improve VAD, we integrated a new VAD method based
on the power and location of sound sources. We performed
the experiments to evaluate these approaches through the
recognition of two simultaneous speech. As a result, we
con�rmed fast online processing, effectiveness of parameter
optimization, and ef�ciency of VAD.

A future work is the adaptation to changing environments
around a robot. Our system was optimized for the case when
a robot was located under a speci�c environment. Parameter
optimization using GA requires a high computational cost.
We should develop a faster method of parameter optimization
to adapt to a new and a dynamically changing environment.
Another future work is recognition of environmental sounds
except for speech to understand more general sounds.
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