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Abstract This paper proposes a method for the
simultaneous separation and recognition of speech
mixtures in noisy environments using two-channel based
independent vector analysis (IVA) on a home-robot
cleaner. The issues to be considered in our target
application are speech recognition at a distance and noise
removal to cope with a variety of noises, including TV
sounds, air conditioners, babble, and so on, that can occur
in a house, where people can utter a voice command to
control a robot cleaner at any time and at any location,
even while a robot cleaner is moving. Thus, the system
should always be in a recognition-ready state to promptly
recognize a spoken word at any time, and the false
acceptance rate should be lower. To cope with these
issues, the keyword spotting technique is applied. In
addition, a microphone alignment method and a model-
based real-time IVA approach are proposed to effectively
and simultaneously process the speech and noise sources,
as well as to cover 360-degree directions irrespective of
distance. From the experimental evaluations, we show
that the proposed method is robust in terms of speech
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recognition accuracy, even when the speaker location is
unfixed and changes all the time. In addition, the
proposed method shows good performance in severely
noisy environments.

Keywords Blind Source Separation, Independent Vector
Analysis, Noise Reduction, Distant Speech Recognition

1. Introduction

As a human-robot interaction interface, speech
recognition has recently attracted considerable interest
because its accuracy has been increased, even in severely
noisy environments, through a lot of research in recent
years. However, various issues to be considered on
speech (or voice) user interfaces have newly emerged
from autonomous mobile robot research fields. The first
issue is derived from robot application characteristics. For
example, a robot can move. So, microphones as speech

input devices move with it. The distance from a speaker
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to a microphone on a robot can increase. This issue is
based on the assumption that people do not want to push
a button to utter a voice command as well as use a remote
controller. From this fact, distant speech recognition has
become a fundamental function; also, a robot should be
always listening to a speaker’s voice command. Second,
while an automated system including the speech user
interface is applied to a home environment, the
suppression or removal of a variety of noise sources such
as TV sounds (speech, music, and other sounds), wind,
and noise from air conditioners, as well as other noises
from home appliances and babble noise, are still
challenging to enhance speech
accuracy. In addition, a robot can generate noise signals
by itself while it is moving. Thirdly, there is a real time
issue. The speech recognition algorithm must be executed
in real time on an embedded system such as a DSP
(digital signal processing) board that has low memory
and CPU resources. In the worst case, the speech
recognition algorithm should share the CPU and memory
resource simultaneously on the same DSP board with
another program such as
simultaneous localization and map-building (SLAM). As
a result, the optimized noise removal and recognition
algorithms basically have to be executed in real time on
an embedded system for intelligent human and robot
interaction.

issues recognition

control and service

Figure 1. System configuration and conditions for distant speech
recognition in a mobile home-robot cleaner in an indoor noisy
environment.

rejection

Noisy Blind Source MFCC

Speech Separation Extractions
Figure 2. System flow diagram for simultaneous separation and
recognition of spoken words.
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In this paper, our target application is a home-robot
cleaner encountering the various issues mentioned above.
People can utter a voice command at a distance at any
time, as shown in Figure 1. There exist a lot of noise
sources such as TV sound, babble noise, refrigerator
sound, and so on. To cope with the above issues, we
designed the noise removal and speech recognition
algorithms on a home-robot cleaner, as shown in Figure
2. As a noise removal method, we adopt the blind source
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separation technique, based on the independent vector
analysis (IVA) using two microphones, because this
algorithm is very effective to cope with a variety of noise
sources. In addition, this method is very robust to white
and non-stationary noises. In our lab, a real-time
independent vector analysis algorithm for improving
speech intelligibility in a mobile phone is developed and
proposed in [14]. As one of the conventional frequency
domains ICA [7][9], independent vector analysis (IVA)
can solve some weaknesses of the traditional independent
component analysis (ICA) approach [1][4][5][6], such as
intensive computation and slow convergence of the time-
domain approach, permutation problems [12], and
scaling problems with the output [2]. In addition, it can
adapt to a moving target signal promptly and improve
the separation performance, which separates source
signals by estimating an instantaneous demixing matrix
on each frequency bin [3]. It solves the frequency domain
blind separation (BSS) effectively without
suffering from the permutation problem between the
frequencies by utilizing dependencies of frequency bins.
The scales of the outputs may be different from the
original ones, which can cause frequency distortion when
the signal is reconstructed. However, this problem can be
solved by adjusting the learned separation filter matrix,
which uses the minimal distortion principle [13]. From
these advantages, we use the IVA as a noise removal
method. In addition, when the robot cleaner moves, it
generates significant noise by itself — brush rotation
sound, motor sound, and so on. Here, speech is mixed
with the mechanical noises and the low sound energy
disappears. From this fact, the noise suppression
technique, e.g., an adaptive filter, is more suitable than
the noise removal technique [8]. Here, the IVA algorithm
plays a role of an adaptive filtering function. This is why
we choose the IVA algorithm as a noise removal method.

source

However, there are some issues to be considered in our
application when we use the IVA. The problem is
demixing convergence time for robust speech
recognition. From experimental evaluation, we can
know that it takes about two or three seconds to demix
filter convergence on a dominant speech sound.
However, two or three seconds is too long for speech
recognition applications. The late convergence can
generate speech distortion, resulting in a speech
recognition failure. Thus, we propose the model-based
approach where the IVA begins with the trained model
off-line and online adaptation is continued. This makes
the adaption speed faster. However, when the speaker
location is different, the demixing filter coefficient is
changed. To cope with this issue, we designed the two-
microphone configuration in the vertical alignment
direction. This configuration makes the previously
trained demixing model similar to the online demixing
environment, irrespective of speaker location. So, the
demixing filter coefficient is not changed severely even
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when the target speech (voice command) appears
abruptly in the opposite direction. That is, the
preprocessing issue for distant talking is a little bit
simplified. Only when a distance is different are the
demixing filter coefficients changed and adapted to a
target speech.

We adopt the keyword spotting technique for speech
recognition because a home-robot cleaner should be
always ready to recognize a spoken word at any time,
even while people talk with other people and a TV is
turned on. So, if a captured sound is not a voice
command, it should reject it. The keyword-spotting
engine only responds to a predefined voice command
(keyword). Talking sounds and sounds generated from a
TV are not noise signals but are to be rejected in terms of
speech recognition. In our application, the false alarm rate
should be very low — unintentional operations of a robot
cleaner due to false acceptance pose a reliability issue and
cause the customer dissatisfaction.

This paper is organized as follows. In Section 2, we
describe the proposed method for simultaneous
separation of speech mixture and recognition on a home-
robot cleaner. Here we describe the microphone
method for two-channel blind

separation in order to cope with spoken words and

alignment source
various noise sources covering 360-degree directions. In
addition, the keyword-spotting technique is described to
accept only a keyword (voice command) uttered at a
distance and reject other signals around the clock. Then,
we conduct the representative experiments and discuss
the experimental results and performance issues in
Section 3. Finally, the concluding remarks are presented
in Section 4.

2. Proposed Simultaneous Separation and Recognition
Method

2.1 Two-Channel Microphone Alignment

To obtain clean speech signals from noisy speech signals
that can be randomly generated from 360-degree
directions, we use two microphones. The performance of
the multi-channel approach for noise reduction has been
proven in many previous research works [17][28]. It can
achieve high signal to noise ratio (SNR) from noisy
speech signals by effectively removing the background
noises. However, traditional speech recognition systems
only handle the front 180-degree ranges and unmoving
speech signals; utterance distance also has to be small. In
this paper, we handle speech recognition [27] from near
to 5 m distance, and our target system can move. Thus, a
home-robot cleaner and microphones can move together
even while a speaker is saying a voice command and
spoken sound signals gradually die away from the home-
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robot cleaner. If we align two microphones by laying out
the grounds horizontally on the upper side, we can obtain
an opposite direction of arrival angle (DOA) when a
speaker utters a voice command to the front side or rear
of a robot. Especially in the case of the blind source
separation method making use of a base microphone, the
demixing filter coefficients should be adapted to a
reversed direction of arrival angle as fast as possible.
However, as the convergence rate is not fast, we can
obtain slightly distorted speech signals. This result is
serious in terms of speech recognition application
because it results in a recognition failure.

To cope with the above issue, we design the two-
microphone configuration by laying out the grounds
vertically on the upper and lower sides respectively, as
shown in Figure 3 (b). We can only see one microphone
on the upper side — the basic input microphone, as shown
in Figure 3 (a). The other microphone is below the upper
cover and is used for capturing a reference noise signal.
The advantage of this microphone configuration is that
we can obtain a similar direction of arrival angle
irrespective of speaker location, and distance covering
360-degree directions.

Vertical
alignment

(b) Two-Microphone Configuration: Veertical alignment

(a) Mobile Home-Robot Cleaner

Figure 3. The mobile home-robot cleaner and its two-
microphone configuration. Only the base microphone is visible;
the other microphone is hidden within the robot.
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Figure 4. The proposed online two-channel based independent
vector analysis and post filtering using a voice activity detection
method to effectively remove residual noise from a separated
speech signal part.
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2.2 Model-based Independent Vector Analysis and Online
Adaptation

We employ a real-time independent vector analysis (IVA)
method for noise removal. By using two-channel IVA, we
classify captured signals into speech and other noise
signals because the number of separated signals cannot
be greater than the number of microphones used. The
base microphone is Microphone 1 and the reference
source is the signal obtained from Microphone 2. The
proposed system starts with the IVA parametric models
previously trained for demixing the matrix of a defined
target location. The IVA parametric model is not
dependent on the Then, the
adaptation method is combined to cope with other speech

direction. real-time
locations. The overall structure for the IVA is as shown in
Figure 4, consisting of a mixing step, a separation step,
and an online learning step. Additionally, the post-
filtering method is employed to remove residual noise;
the voice activity detection is also applied to enhance the
performance of the post-filtering.

—> 71=51

= y2=52

Figure 5. Two-channel based basic blind source separation
architecture: mixing and demixing relation.

A. Mixing Step

The traditional concept of blind source separation is
given in Figure 5, composed of mixing and demixing
parts. We can assume that speech and noise are inputted
to the microphones through the mixing process in a
convolutive environment [10][11] as shown in the left
part of Figure 5. That is, the input signals, xi(f) and x2(t)
are computed as follows:

From the above assumption, speech and noise can be
separated by estimating the demixing process as shown
in the right part of Figure 5. It is blind separation because
we cannot know the mixing process. First, the Hanning
window is applied to the input signals, xi(f) and xz(t)
respectively, as follows:

K-1

w(t)x;(n, k) ®)

t=0

x'1=w(t)-x1( ) xl(n k)
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K-1

w(t)x,(n,k) (6)
=0

x'2=w(t)-x2( ) xz(n k)

-

Here, the window length should be sufficiently longer
than the length of the mixing filter hij(f). Then, the fast
Fourier transforms (FFT) are applied to equations (5) and
(6) as follows:

K-1

Xy (n, k)= Y x; (0] +t)e M )
t=0
K-1 i

X, (n,k) =YX, (n] + t)e_]Wkt 8)
t=0

Equations (7) and (8) are the same as the following mixed
form:

X,(nk)=H
X, (nk)=H

B. Separation Step

IIZ

11(K)S; (n,k) +Hy,(K)S,(n, k) 9)

IIl

21(K)S; (n,k)+ Hy(K)S,(n, k) (10)

Next, we can estimate the original signals S: and S:
through estimating the inverse matrix, W of the mixing
matrix, H. Let the original signals Si=Y1 and S:=Y2 in the
frequency domain; then, the separated source signals,
Y=WX, are given as:

Yl(n,k) =

Y, (n,k) = Wy, (k)X (n,k) + W, (K)X,(n, k) =S, (n, k) (12)

Wi (k)X (n, k) + Wi, (K)X, (n,k) = S, (n,k) (11)

where the demixing matrix W is same as H'. To resolve
the scale problem, we apply the minimal distortion
principle as follows:

W=P.D-H" (13)

where P is permutation matrix. If we assume that P is
identity matrix I, equation (13) is rewritten as

W=D-H"' (14)
where D is diag(H). Thus, equation (14) can be written as
W = diag(H)-H! (15)

Equation (15) should be satisfied with the following
condition with respect to any diagonal matrix, E.

diag(H-E)(H-E) ™" = diag(H)-H' (16)

Here, W=EH"'. Thus, W can be written as equation (17)
and diag(H) can also be replaced as equation (18).
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Wy Wy, 0 E,J|Hy Hy

diag(H) = diag(W_l)

-1
E

-1
—diag { 1 0}[H11 le}
0 EZ HZl H22
:diagﬂHu Hu}{l/El ’ }
H21 HZZ 0 ]'/EZ

[Hy o f/E; 0 3
0 Hy,l| 0 1/E

Thus, equation (15) can be arranged by using the
equation (18) as follows:

W =diag(H)-H"
— Hll 0 1/El 0 El 0 Hll H12 -
|0 H,| 0 1/E, |0 E,|Hy, H,y

-1
_ |:Hll 0 :||:H11 H121| (19)
0 HZZ HZl HZZ

From equation (19), the separation model, Y=WX become
Y=W-X asin equation (20) or equation (21) and (22):

= -1
Y, 0 Hy||[Hy Hy X,
Yo | WiWo, —Wp,Wo | 00 Wy || Wy Wy |[ X,

W, 0
1 { 2 },Wis

where diag(W1) is ———————
W11W22_W12W21 0 Wn

W, W, || X
H', and Y is { 1 12}{ 1}. Therefore, equation (21)
Wy Wy |[ X,

can be written as follows:

Yz W11W22 - W12W21 0 W11 Yz

W, 0
0 W,

1 {
where ————
Wi Wa, = Wi, Wy

adjustment term.

} is for the scale

C. Online Learning Step

For real-time blind source separation, it is necessary to
extract outputs immediately. Thus, the learning process
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must be a fully online algorithm that is appropriate for
practical embedded systems. Let the demixed signal y be
the wx. Then, the coefficients of the separation filter
matrices are updated at every frame as follows:

w(n+1) :w(n)+r]AW(n) (23)

(1, -Ry (n))W(n) (24)

M=

AW(n) =

I
—

where Rﬂ(n) is the online version of the scored
correlation at the current frame. We apply the natural
gradient in order to compute the demixing filter
coefficients. The equation (24) is the online natural
gradient learning rule. In addition, we apply the
nonholonomic constraint [15] as given in equation (25) in
order to solve the stability problem that can arise in the
case of online learning. We can obtain the following
gradient with the constraint by simply replacing the
identity matrix I, with Aﬁ(n).

L
AW, (n) =3 (Ay(n) ~Ry (n)) W (n) (25)
1=1

where Aii(n) is equal to R; (n), and A (n) is 0 when i
is not equal to I. We can adjust the learning rate with a
normalization factor E_l(n) as given in equation (26).
Furthermore, equation (26) is normalized with respect to
the input level in order to improve the convergence
property as given in equation (27).

W(n+1)=W(n)+n-y&(n)-AW(n) (26)
L e 27
E,.(m):[35(m—1)+(1—ﬁ)§T (27)

D. Voice Activity Detection and Post-Filtering

The condition of a blind source separation is that the
number of sources L is less than or equal to the number of
observed signals M. However, we use only two
microphones although there are a lot of noise sources in a
home environment. Thus, it is not possible to separate all
of the sources within a home environment. We therefore
only classify the captured signals into speech signals and
noise signals according to the decision of the voice
activity detector [19] while the blind separation process is
going on. Furthermore, even when there are only two
observations, the real-time separated outcome is not
satisfactory for speech recognition because of residual
noises. Thus, we apply the post filtering method [17][18]
to the separated output signal. The post-filtering method
is based on the minimum mean square estimation
(MMSE). To enhance the performance of the post filtering
for noise reduction, the voice activity detection algorithm
is also utilized because accurate noise power estimation
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can increase the performance of the speech enhancement.
The voice activity detection and post-filtering module is
combined with the IVA as shown in the bottom right of
Figure 4. These algorithms are well known and proved in
many research papers.

2.3 Keyword Spotting in Stop and Running Modes

In our system, a home-robot cleaner should be always in
a recognition-ready state to respond to a voice command
in a home environment. There are a lot of noise sources
here, such as talking, children, TV sounds, mechanical
noises from refrigerators, air-conditioners, and so on.
Thus, false acceptance is a critical issue because the
proposed system can behave abnormally. To resolve this
issue, the keyword spotting technique is applied.
Keyword spotting refers to the detection of all
occurrences of any given word in a speech signal [17].
Most previous work on keyword spotting and our system
are based on hidden Markov models (HMMs) as in
[23][24][25][26]. The keyword spotting engine has filler
models. The filler models can compete with the keyword
models in terms of log likelihood in each state sequence.
If a final output is a keyword, the accumulated log
likelihood values are compared to the predefined
threshold. If it is greater than the predefined threshold, it
is only accepted. The threshold is defined from the off-
line experiments that evaluated the false acceptance rate
(FAR) and the false rejection rate (FRR). Our main interest
here is the false acceptance rate. Thus, we define the
threshold when the FAR is under 5% even though the
FRR is high.

In our system, the keyword spotting method has two
main functions. The first function is to play the role of an
activator to start a speech recognition system like an end
point detector (EPD). First, we give the system a name,
such as “Robo-king”. After that, a real voice command is
spoken such as “start cleaning”. The other function is the
main speech recognition function. Thus, we have to utter
a voice command to control our system such as “Robo-
king, start cleaning”. We classify the recognition modes
into the stop mode and the running mode. When a robot
cleaner is cleaning a room in the running mode, severe
noises occur because of the operation of brushes and
motors. In addition, the simultaneous localization and
map-building (SLAM) algorithm is run for autonomous
cleaning. Thus, the speech recognition engine should
share the CPU and memory resources with the SLAM
engine. From this condition, we use only one keyword
recognition mechanism in the running mode in order to
use the CPU and memory resources as little as possible.
The one keyword is the name of the robot cleaner. If a
speaker says the name, “Robo-king” in the running mode,
the robot cleaner is stop to recognize the next voice
command. At this time, the mode of the robot cleaner is
changed into the stop mode. If there is not any voice
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command for some periods of time, the cleaner start to
clean a room continually. In stop mode, 25 keywords are
used to control the robot and provide information for a
user.

3. Experimental Simulations
3.1 Experimental Setup

To implement the proposed method, we used an ARM-11
DSP board and an RVDS 4.0 compiler. The operating
system is the embedded Linux. The speech input is
sampled to 16 khz PCM, and the 39" mel-frequency
cepstral coefficients (MFCC) feature vectors are used for
robust speech recognition. The frame length is 25 msec
(400 samples), and the frame shift interval is 10 msec (160
samples). The number of keywords is 25. In addition, the
TTS (Text-To-Speech) engine is applied as well to respond
to a voice commend of a speaker where the output speech
sampling rate is also 16 khz. The robot control engine and
speech recognition engine are run simultaneously as an
independent thread on the same embedded operating
system. They use a message-passing mechanism for
communicating between them. All kinds of test speech
databases are generated in a reverberation chamber. The
room size is 7 m x 5 m, and the height is 2.75 m.

lss

sS4 52

T

Figure 6. The horizontal two-microphone alignment setup.
3.2 Experimental Evaluations

3.2.1 Evaluation of Speech Recognition Accuracy according to
a Microphone Alignment

Prior to showing the robustness of the proposed vertical
microphone alignment method, the defect of the
traditional horizontal microphone alignment is proved to
evaluate it in each direction with same test data. Two
microphones are attached on the upper side panel of a
home-robot cleaner as shown in Figure 6. The distance
between microphones is 12 cm. Then, speech recognition
tests are done at the four different locations, S1(0 degree),
52(90 degree), S3(180 degree), and S4(270 degree). The
two-channel input data are computed by the IVA method
and then passed to the isolated word recognizer. To
generate the test speech database, we recorded the test
files with 20 men and 20 women speaking the 10 voice
commands three times at 3 m and 5 m distance,
respectively. Thus, the total 2400 speech utterances are
used for each direction respectively. To verify the
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recognition accuracy at all directions and in the same
conditions, 2400 files from the recorded clean speech
played by the
(loudspeaker) and then evaluated. The experimental
results are shown in Table 1, where the isolated word
recognizer is used in order to verify just the speech
recognition accuracy in each direction. As a starting
point, we used the demixing filter coefficients that are
trained in off-line for the S1 direction. So, the recognition
accuracy showed good results in the direction SI.
Meanwhile, we obtained the degraded accuracy at other
directions because the demixing filter coefficients could
not be adapted promptly from the S1 direction to other
spoken directions (S2, S3, and S4), where a distorted
speech output may be passed promptly to the feature
extractor and recognizer in order to meet the real-time
constraint. The worst recognition accuracy was obtained
at the opposite side, S3, because the direction of arrival
angle is abruptly changed into the opposite direction.

database are mouth simulator

S1 S2 S3 S4
Recognition Rate (%) | 90.51% | 89.35% | 83.10% | 89.58%

Table 1. Respective average speech recognition rate and
comparison results in four different directions. The distance from
a mouth simulator playing recorded speech files to the home-
robot cleaner was 3 m and 5 m.

If we use the horizontal microphone alignment method
shown in Figure 6, the four kinds of demixing filter
coefficients are required. In addition, we would have to
choose the maximum likelihood value among the output
values estimated in all directions. These require high
computational and memory resources that are not
pertinent to an embedded system. Thus, we applied the
proposed vertical microphone alignment method shown
in Figure 3. This alignment was not dependent on the
360-degree Through the experimental
evaluations under the same conditions and with the same
data used in Table 1, we proved the robustness of the
proposed method. We obtained a similar result in all
directions when we wused the vertical microphone
alignment method. The average speech recognition rate
was 91% and the difference in the speech recognition
rates between test locations was smaller than 0.3%. When
we evaluated the baseline speech recognition rate by
using one-channel PCM data without a noise reduction
method, the speech recognition rate was 90.7%. From this
experiment, we can see that the IVA demixing filter
coefficients are trained and adapted very well to a target
speech.

directions.

3.2.2 Performance Evaluation of the Keyword spotting

First, we evaluated the performance of the traditional
end-point detection based isolated word recognizer to
prove the effectiveness of the keyword spotting
technique. Then, we compared it to the keyword spotting
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engine. Actually, the traditional EPD-based speech
recognition system has severe weaknesses because the
EPD fails to find the start point of a speech in severe non-
stationary noisy environments; furthermore, in some
applications there is no PTT (Push To Talk) button. Thus,
an EPD-based speech recognition interface is not an
appropriate method in noisy service environments. To
prove this, we evaluated EPD-based speech recognition
accuracy using a noisy speech database recorded where a
television was turned on. Our hypothesis was that the TV
sounds would be a critical factor that could cause the
degradation of detection rate in an indoor environment.
The number of test utterances was 6,400. The speaking
distance was 3 m, and the SNR (Signal to Noise Ratio)
was between 5 dB and 10 dB on average. The
experimental results are shown in Table 2. The baseline
test result of the EPD-based isolated word recognizer is
very poor because the speech sounds generated from the
TV indeed prevented the EPD from finding the start point
of a voice command. In addition, we can see that the two-
channel based IVA method did not discriminate well
between a voice command and TV sounds even though
the speech recognition accuracy increased 17.21% after
applying the IVA when compared to the baseline
recognition rate. The speech-like residual noises in the
separated speech output caused the degradation of the
speech recognition accuracy. Therefore, we evaluated the
performance of the keyword spotting engine, and
obtained an average 19.23% improvement in detection
rate when compared to the EPD-based isolated word
recognizer with two-channel based IVA.

EPD based Keyword
Noise Type EPD base.d ASR; ,ASR Spotting
Baseline with 2Ch .
IVA with 2Ch IVA
Drama 46.51% 61.02% 80.5%
Music 58.86% 80.15% 86.3%
Msic 50.99% 70.90% 85.4%
Speech

News 32.47% 45.59% 82.4%
Average 47.21% 64.42% 83.65%

Table 2. Speech recognition experimental results for TV sounds:
drama, music, music and speech, and news. The SNR is between
5dB and 10 dB on average, and the distance from the TV to the
home-robot cleaner is 1 m. The speaking distance is 3 m.

From the experimental evaluations in Table 2, we
employed the keyword spotting based speech recognition
approach. Speech recognition accuracy is important;
however, the false acceptance rate is a critical problem in
our system because the robot cleaner can execute
operations at any time. Thus, the out-of-vocabulary
(OOV) rejection method is a crucial factor in. To do this,
we applied the 25 filler models to our keyword-spotting
engine. Then, we defined the threshold so that the false
acceptance rate could be 5% lower. In our system, we
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decided that the threshold was 8 where the detection rate
was 97.1% and the false acceptance rate was 4.8% as
shown in Table 3. Using this configuration, the keyword
spotting test evaluation for TV sound noises as shown in
Table 2 is performed. The test result in Table 3 is
evaluated using a total of 6,400 clean speech files from a
database, recorded at distances of 3 m and 5 m. In
addition, the number of the OOV test files is 70,000.

Threshold 0 8 10 | 20 | 30 40
Detection Rate 95.4%|97.1%|97.9% | 98% |97.1% |95.8%
False Acceptance Rate | 3.9% | 4.8% | 5.4% [6.9%] 8.8% |11.5%

Table 3. Experimental results to decide the threshold for
rejecting an out-of-vocabulary command.

3.2.3 Performance Evaluation of Two-channel based IVA

As a speech enhancement technique, independent vector
analysis is well known as a method that does not distort
the inputted speech signals. We have already shown the
improvements in terms of speech enhancement by using
the signal-to-interference ratio (SIR) measure in previous
work [14]. To show the robustness of two-channel based
IVA in speech recognition application, experimental
evaluations are done using a total of 6,400 files recorded
under different noisy conditions.
generated using the speech database set in which 64 men
and 64 women articulate 25 keywords two times at a
distance of 50 cm. To generate the noisy speech database,
we recorded the test files in each noisy environment
respectively after the 6,400 original speech files were
played at a 3 m distance and the noise signal played
simultaneously at a 3 m distance and at a 45 degree angle.
The test data used two types of noise — babble and pub
noises. The sound level of babble and pub noises is
adjusted in order to make the SNR 0, 10, 20, and 30 dB.

These data are

Noise Type SNR Baseline 2Ch IVA
0dB 0% 55.88%
. 10dB 77.31% 90.34%
Babble Noise  ™44p 92.44% 95.8%
30dB 98.32% 98.32%
0dB 0% 44.54%
. 10dB 61.34% 86.55%
Pub Noise 20dB 91.6% 92.44%
30dB 98.32% 98.74%
Average 64.92% 82.83%

Table 4. Experimental results from noisy environments using
babble and pub noises in SNR 0, 10, 20, and 30 dB. After
applying the two-channel IVA method, we obtained an average
17.91% improvement in detection rate. The speaker distance was
3 m from a mouth simulator (loudspeaker) to a home-robot
cleaner.

The experimental results are given in Table 4, where the
false acceptance rate of the baseline keyword spotting
engine is 4.8%. Table 4 describes the detection rate. Here,
1,000,000 speech files are adapted to the original HMM
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models using maximum posterior estimation. Those files
from the speech database are uttered at a distance. Table
4 shows that the detection rate at SNR 30 dB was about
98%. This result showed about 7.5% improvement when
compared to the recognition result of the isolated word
recognizer in Table 1. From this result, we can see that the
matched condition between acoustic model and test
feature vectors could increase the recognition rate. In
addition, we obtained the average 17.91% improvement
compared to the average baseline detection rate when the
two-channel based IVA is applied.

(a) Time domain noisy speech plotin running mode (b) Frequency domain noisy speech plot: frequency
domain view of (a).

for cleaningaroom

e M M. ety

(c) Time domain naise removed speech plotof (a)

Figure 7. The captured original noisy speech data and its
separated speech data for when a robot cleaner was moving and
then stopped after recognizing a voice command, “Robo-king
stop”. While capturing data some people were talking quietly,
and this talking is also obtained even though the SNR was under
0 dB, as shown in (c).

2Ch IVA
88.5%

Baseline
58.74%

Noise Type SNR
5dB ~10dB

Motor Noise

Table 5. Detection rate in running mode. Only one keyword is
applied to deactivate a home-robot cleaner. The motor noise
signal is generated when a home-robot cleaner is moving, This
caused the degradation of speech recognition rate.

The two-channel based IVA method showed the
robustness even in the running mode of a home-robot
cleaner. Figure 7 describes the time domain and
frequency domain view of the captured sample file before
and after the two-channel based IVA method is applied.
While a home-robot cleaner is moving, the motor and
brush noise sounds are generated. These noises caused
the degradation of speech recognition rate. When we
checked the SNR, it was approximately between 5 dB and
10 dB because the moving speed was different. To obtain
the statistical information in the running mode, we
performed the offline tests using 6,400 recorded speech
files. To generate the noisy speech database in the
running mode, we made a home-robot cleaner clean in a
reverberation chamber, where the 6,400 original speech
files were played at a 3 m distance. After that, we
recorded the above status. The off-line experimental
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result in the running mode is shown in Table 5. We
obtained 29.76% improvement in detection rate after the
two-channel based IVA method was applied.

4. Conclusions

In this paper, our main focus was to recognize a keyword
uttered at a distance in noisy environments around the
clock where the false acceptance rate should be lower.
Our system can move and a user can utter a voice
command at a long distance. The performance of a speech
recognizer in such a situation is vulnerable to various
noises. Thus, we employed the independent vector
analysis based two-channel noise reduction method for
robust speech recognition on a mobile home-robot
cleaner. Additionally, we did not use a remote controller
to activate a speech recognition function. A home-robot
cleaner should be always listening to all kinds of sound
signals generated in real life, and then promptly respond
to a specific keyword. Meanwhile, it should reject other
sounds and speech signals. To cope with the above issue,
the keyword spotting technique is applied. Here, the real-
time blind separation of noisy speech mixtures and
recognition are performed on an ARM-11 digital signal
processing board.

In our system, our goal is to provide reliable and stable
speech recognition. We prefer a low false acceptance rate
to a high recognition rate. So, we focused on preventing
abnormal operation. We did not deal with the distance
speech recognition issue in order to increase the accuracy
of speech recognition. Speech feature enhancement,
search problems to find the best word hypothesis, and
hidden Markov model parameter estimation can be
considered to enhance the performance of distant speech
recognition [27], and these could be some ideas for future
work. In addition, we failed to consider the reverberation
issue within an indoor environment. The speech
recognition rate is abruptly decreased by up to 40% when
the reverberation time is greater than one second. The
dereverberation method is still
performance of
incomplete because the room impulse response can be
changed according to a variety of conditions and
materials even though there a lot of work has been done
in this area [20][21][22]. We think that this is an important
research area and future work should aim to solve the
speech recognition problem in reverberant environments.

unsolved The
dereverberation methods is still
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