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Voice and sounds are the primary media employed for
human communication. Humans are able to exchange
information smoothly using voice under different sit-
uations, such as a noisy environment and in the pres-
ence of multiple speakers. We are surrounded by var-
ious sounds, and yet are able to detect the location of
a sound source in 3D space, extract a particular sound
from a mixture of sounds, and recognize the source
of a specific sound. Also, music is composed of vari-
ous sounds generated by musical instruments, and di-
rectly affects our emotions and feelings. This paper
introduces real-time detection and identification of a
particular sound among plural sound sources using a
microphone array based on the location of a speaker
and the tonal characteristics. The technique will also
be applied to an adaptive auditory system of a robotic
arm, which interacts with humans.
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1. Introduction

Voice and sounds are the primary media employed in
human communications. Voice is used not only for sim-
ple daily communication, but also for logical discussions.
Humans are able to exchange information smoothly using
voice under different situations, such as in a noisy envi-
ronment in a crowd and in the midst of plural speakers.
Humans are surrounded by various sounds every day, and
yet are able to detect the position of a sound source in 3D
space, extract a particular sound from a mixture of sounds,
and identify what generates a specific sound. Music is
composed of various sounds generated by musical instru-
ments, and directly affects our emotions and feelings. We
are able to recognize specific musical instruments used in
a musical performance, and are able to imagine a scene or
a particular image when listening to a tune.

By realizing a human-like auditory system using a com-
puter, a robot that interacts with humans by employing
voice, sound and music will be presented. The tech-
niques developed will be applied for recording a sound
with high quality by reducing noise, presenting a clari-
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fied and enhanced sound, and realizing microphone-free
speech recognition by extracting particular sounds.

Various techniques for detecting and identifying a par-
ticular sound from a sound signal have been proposed thus
far. These are classified into two approaches; one is sound
source separation from a monophonic input [ 1-3], and the
other uses sound source information based on the stereo
inputs [4-6]. Since most of the techniques require a sound
source model or assume certain special conditions and re-
strictions, the computational costs become large, which
causes difficulties for real-time processing.

This paper presents a robotic auditory system that re-
acts to and interacts with acoustic sounds and musical
sounds. A technique for real-time detection and identi-
fication of particular sounds among plural musical sounds
using a microphone array, based on the location of a sound
source and its tonal characteristics will be described. The
algorithm was then installed in a robotic arm, which
tracks a particular sound source in the midst of plural
sounds.

2. System Configuration

Figure 1 shows the system configuration, which con-
sists of a microphone array, a low-pass filter (LPF), a com-
puter with an A/D card, and a robotic arm. The micro-
phone array is composed of 5 microphones L-Q arranged
diagonally, as shown in Fig. 2. The microphone array
was connected to the computer via the A/D card for the
input sound signals. The sampling frequency was set to
16.0 kHz, and an analysis window of 1024 points was
chosen in this study. The cut-off frequency of the LPF,
which was placed in the inlet of the A/D card, was set to
8.0 kHz.

The system was able to identify the direction of an arbi-
trary sound source among plural sources by parallel input
sound signals from the microphone array, and selectively
enhancing a particular sound signal. At the same time, a
particular sound was identified based on the direction of
the sound source and the tonal characteristics.
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3. Estimation of Sound Source Direction

We assume that the source sound is a plane wave, and
travels straight. The direction of the sound can be esti-
mated by measuring the time delay between two micro-
phones, as shown in Fig. 3. The direction can be esti-
mated by the calculation of CSP (cross-power spectrum)
phase analysis coefficients as
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Fig. 4. Experimental result of direction estimation.
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Fig. 5. Experimental results of estimation of location.

where x;(n) and x;(n) are the sampled signals of micro-
phones Nos. 1 and 2, respectively. DFT represents the
calculation of the discrete Fourier transform, the * repre-
sents a complex conjugate, and k corresponds to the time
difference between the two signals [7, 8].

An experiment was conducted by placing source
sounds in front of the microphone array at intervals of 5°
on a circumference with a 150 cm radius, and the direc-
tion was estimated in open 3D space. The experimental
results are shown in Fig. 4. The results presented that the
fair estimation was assumed in the direction between 30°
and 150° in front of the microphone array.

4. Estimation of Sound Location in 3D Space

The direction of a sound source can be estimated by
using a pair of microphones placed apart. By using two
arbitrary pairs from five microphones, the location of a
sound source in 3D space can be calculated based on tri-
angulation measurements. We conducted an experiment
to estimate the position of the source. Sound sources were
placed in front of the microphone array at intervals of 300
mm. A human voice was output from an acoustic speaker,
and its position was estimated using the algorithm.

The experimental results of estimation of the location
are shown in Fig. 5. Estimation errors are shown as vec-
tors, where the origin of a vector shows the actual position

M A .
f a source sound, and the end point indicates the esti-
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Fig. 6. Experimental results of direction estimation.

more accurate was the estimation. The results proved sat-
isfactory estimation of the frontal area of the microphone
array.

5. Enhancement of a Particular Sound
A sound source located in the direction 6 is selectively

magnified and enhanced by the calculation of the delay-
and-sum beam forming [3] as

2

M
_ in(t)exp{ﬂnf(i— 1)dcis’9 }

i=1
where M is the total number of microphones, d is the dis-
tance between two microphones, c is the speed of sound,
and i is the microphone number.

A speech enhancement experiment was carried out by
placing a sound source at 45° and 135° directions. The
results of the enhancement are shown in Fig. 6, wherein
sounds traveling from 45°, 90° and 135° direction were
enhanced. Fig. 6(a) and (b) show successful enhancement

of sounds from the 45° and 135° directions, respectively.

6. Identification of a Particular Sound

Humans are able to identify and isolate a particu-
lar sound from a mixture of sounds, including musical
sounds, by using information such as the location of the
source and tonal characteristics [9-11]. Computerized
sound segregation can be realized by reproducing this pro-
cedure. As presented in the section above, the active se-
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Fig. 7. Examples of MFCC.

lection of a particular sound source in 3D space could be
achieved using a microphone array.

In this study, we also examined musical instruments
and their sounds. Attention was paid to the tonal charac-
teristics and their attenuation in the time-domain for seg-
regation of a sound from multiple sounds, and we exam-
ined the template matching method based on templates
obtained from the Mel-Frequency cepstrum coefficients
(MFCC) with tonal characteristics [11,12]. We also se-
lectively employed human voices and five musical instru-
ments, including an electric guitar (clean tone sound), an
electric guitar (distorted sound), a classical guitar, a har-
monica and a recorder.

Figure 7 shows examples of the 24th order MFCC ex-
tracted from the electric guitar (clean tone), the recorder
and the human voice. The Mel cepstrum coefficients are
often used for voice recognition, since different coeffi-
cient values are obtained for different speakers and dif-
ferent vowels. We attempted to extract differences from
the musical instruments, and found this technique to be
effective for feature extraction.

6.1. Characteristic Parameters

For identification of musical instruments, MFCC
should be considered with the effects of its change in the
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Fig. 8. Comparison of MFCC of different pitches.

pitch and sound attenuation in the time-domain. The com-
parison of MFCC based on the change in pitch is shown
in Fig. 8, and the difference in MFCC attenuation in the
time-domain is presented in Fig. 9.

From the figures, we found that the MFCC changes
with not only a change in the pitch but also with sound at-
tenuation. In this study, the MFCC from the 1st to the 24th
orders were employed to present the tonal characteristics
for the identification of musical instruments. Character-
istic parameters derived from the MFCC, as listed below,
are stored as templates, and are used for feature extrac-
tion.

T1) MFCC from 1st to 24th order
T2) Binarized MFCC from 1st to 24th order

T3) Derivatives of MFCC among adjacent orders from
Ist to 23rd order

T4) Binarized derivatives of MFCC among adjacent or-
ders from 1st to 23rd order

Each template was averaged by shifting the window frame
30 times.

6.2. Template Matching Technique

For the template matching method using the character-
istic parameters, we first prepared templates of the musi-
cal instrument sounds. As described in the section above,
the MFCC changes due to a difference in the pitch and at-
tenuation, even if the sounds are obtained from the same
musical instrument.
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Fig. 9. MFCC attenuating in the time-domain.

Table 1. Templates of musical instruments and human voice.

Electric guitar
(Clean tone)
Electric guitar
(Distortion)
Classic guitar

/1st string/, /2nd string/, /3rd string/,
/4th string/, /5th string/, /6th string/
/1st string/, /2nd string/, /3rd string/,
/4th string/, /5th string/, /6th string/
/1st string/, /2nd string/, /3rd string/,
/4th string/, /5th string/, /6th string/
/C4/, /G4/, [ES/, IC6/, IG6/

/C6/, [E6/, [F6/, IA6/, IB6/

fal, i/, lu/, lel, lo/ (Japanese vowels)

Harmonica
Recorder
Human voice

Here, we propose to prepare multiple templates for
each instrument with arbitrarily selected pitches. Ta-
ble 1 shows the templates selected for each musical in-
strument. For the string instruments, sound templates
from each string were registered, and for the human voice,
five Japanese vowels were selected to be stored as tem-
plates.

In the template matching, the characteristic parameters
are obtained from the MFCC, and the distance to each
template e, is calculated as

M=

eg = (‘&—Tempis‘) N )

1
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-
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Table 2. Experimental results for sound identification (pattern distance values).

Templates

Clean tone | Distortion | Classic | Harmonica | Recorder | Voice

Clean tone 37.1 98.8 74.7 133.9 129.1 113.8

Distortion 96.6 37.8 98.6 112.6 118.9 113.5

Inputted Classic 74.2 93.0 41.3 128.4 123.3 113.0

Sounds Harmonica 112.8 105.4 122.3 43.6 133.5 140.0

Recorder 126.9 118.5 126.7 140.8 41.2 140.2

Voice 105.2 109.9 104.4 133.5 131.3 46.4

Error rate (%) 0.42% 0.45% 6.2% 0.0% 0.0% 0.0%
(1/240) (1/224) (16/257) (0/164) (0/167) | (0/172)

where 0; represent the obtained characteristic parameters,
Temp; is the s-th template, and i represents the MFCC
order.

The minimum e, then is selected as a candidate. In
case, if this is smaller than a predetermined threshold
value 7j, shown below, then the result of the recognition
is confirmed.

: (V& — Eq )?
Th:g?{;w N ()]

for all i, j

8i,8j: Instruments i, j

E: Average of Parameter Value

w: Standard Deviation of Parameter Value

6.3. Recognition Experiments

An experiment for the identification of a particular mu-
sical sound was carried out. For the identification of a
sound from an unknown source, the MFCC from the 1st
to the 24th orders are extracted and the characteristic pa-
rameters are calculated. The distances against each tem-
plate are then calculated, and the sound with the minimum
error is selected as a recognition result.

The identification of sounds from five musical instru-
ments and one human speaker situated in front of the mi-
crophone array was examined. All of the sounds were
recorded in advance, and the templates were extracted and
stored prior to the experiment. The experimental results
are shown in Table 2.

Correct recognition was achieved for the harmonica,
recorder and human voice, and fair results were obtained
for the guitars. Appropriate differences were found be-
tween the templates of input sound and the other ones
of different instruments, resulting in good performance of
the identification. In the identification of the three guitar
sounds, mis-recognition among the three was observed,
likely due to the small pattern distances. Guitar sounds
start attenuating just after the string is picked, and the
MEFCC changes with the attenuation to cause the error.
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Fig. 10. Interface panel for sound tracking.

7. Sound Tracking by a Robotic Arm

The sound identification algorithm was installed in a
robotic arm to track a particular person or musical instru-
ment among plural sound sources, as already shown in
Fig. 1. The sound location is estimated based on the two
diagonal directions M-L-N and P-L-Q. The microphone
array inputs five signals from L to Q simultaneously. An
interface panel is shown in Fig. 10, in which the sound
signals input and the estimated results are displayed in
real-time, together with the posture of the robotic arm.

Figure 11 shows a human voice tracking experiment.
The robotic arm system identified the two speakers’
voices, and tracked only the left speaker, while it did not
react to the right speaker. The robot also listens to musi-
cal instruments, and selectively tracks a particular musical
instrument.

8. Conclusions

Real-time detection and identification of a particular
sound among musical sounds generated by musical in-
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robot is able to listen to the sound and to behave like a
human and act as if it is appreciatively listening to music.

Future work is planned for improving the identifica-
tion algorithm to be applied to realize recognition of un-
known sounds which are not included in the templates in
advance. We are now working to construct a humanoid

' U robot that interacts with a human using voice and musical
. i sounds which represents new multimodal communication.
f L_.
Harmonica
Player
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Fig. 11. Tracking of Harmonica Sounds.

struments was presented. Using a microphone array and
using location estimation of a sound source as tonal char-
acteristics, the sounds were identified in real-time. First
the location of sounds among plural sound sources was
estimated, and the sound was enhanced according to the
location information. The sound was then identified to
track only the targeted musical instrument. Satisfactory
results of the identification were thus obtained by the pro-
posed algorithm. The algorithm was installed in a robotic
arm together with the microphone array to achieve real-
time tracking of a particular sound. The algorithm was
installed in a robotic arm together with the microphone
array to achieve real-time tracking of a particular sound.
Based on the tracking of a particular sound source, the
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