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High-speed Noise Cancellation with Microphone Array

We propose the use of a microphone array based on independent component

analysis as a method for high-speed elimination of noise in speech input to

mobile terminals. The effectiveness of the proposed method is confirmed by

evaluation experiments that reproduce an actual mobile environment.

1. Introduction

Noise cancellation is an important
technology for improving call quality
for mobile terminals and for speech
user interfaces such as speech recogni-
tion and speech translation. Techniques
for enhancing speech in signals that
include background noise are being
researched widely. The single micro-
phone-based spectral subtraction [1]
has been widely known as a technique
for suppressing background noise. The
technique differentiates between inter-
vals with speech and intervals without
speech. The input signal for the inter-
vals without speech is recognized as
background noise and use it to create a
noise spectrum. The noise spectrum is
then subtracted from the input signal for
the intervals with speech and noise are
mixed to suppress the noise. Accord-
ingly, good performance is achieved in
the noise cancellation when the noise
signal is stationary and the technique is

easily implemented, so this technique is

currently in wide use. When the back-
ground noise is a non-stationary signal,
however, such as in a noisy restaurant
or with vehicles coming and going in
busy traffic, good noise cancellation
performance cannot be obtained. For
this reason, methods that use multiple
microphones (microphone arrays) are
being investigated. Since a microphone
array uses spatial information such as
the phase differences among the signals
that arrive from the sound source to
each microphone to suppress noise, it
has better noise suppression perfor-
mance than a single microphone that
assumes a stationary noise signal. There
are a beam forming method [2] and a
Blind Source Separation (BSS) method

[3] that uses Independent Component
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Analysis (ICA) in the microphone array
methods. The comparison of these two
methods are shown in Table 1.
Because of limited installation
space and computing power, it is cur-
rently very difficult to mount many
microphones on a mobile terminal.
Nevertheless, practical use of a small
microphone array with a limited num-
ber of microphones is now possible.
The beam forming method has a long
history, and PDA terminals that com-
bine adaptable beam forming and non-
linear signal processing for hands-free
communication are already on the mar-
ket. However, beam forming in princi-
ple assumes that the desired sound
source is in a different position from

other sound sources, so when the posi-

Table 1 Comparison of methods based on a microphone array

Beam forming method

Advantages Already proven in commercial use

Disadvantages

Poor performance in automatic
tracking of a moving sound source

ICA-based BSS method

Can automatically follow a moving
sound source

Estimation of the separation matrix
takes computation

Hardware and microphone cost are
barriers to commercialization
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tion of the sound source changes or the
noise and target sound sources are in
the same direction, the noise canceling
performance may be reduced.

As opposed to the beam forming
method, which separates sound sources
that are in different spatial locations, the
ICA-based BSS method uses signal
independence to separate sound sources
that have independent statistical proper-
ties, and so does not require location
information in principle. That is to say,
even if the noise and the target sound
source are in the same direction, only
the target sound can be extracted, and
has an advantage of a wider range of
application. On the other hand, howev-
er, the ICA requires successive learning
of the statistical properties (maximiza-
tion of a non-Gaussian distribution ' to
be exact). The solution to this opti-
mization problem requires nonlinear
iterative computing, which makes the
ICA unsuitable for real-time process-
ing. Although a module that achieves
greatly improved separation perfor-
mance in a real-time actual environ-

ment by implementing high-speed com-

method uses the fact that the parameters
of the transfer function ~ from the user's
mouth to the microphone of the mobile
terminal settle within a prescribed
range, and adopts the Maximum a Pos-
teriori Probability (MAP) of these para-
meters. This is a way to estimate the
parameters, and the parameters are esti-
mated so as to maximize the a posteri-
ori probability of the parameters based
on the speech data. Furthermore, since
the ICA of this method converges faster
than the conventional ICA, speech of
higher quality can be extracted.

Below we describe evaluation
experiments on ICA-based noise can-
cellation and the ICA that makes use of

the transfer function.

2. Noise Cancellation
Using ICA
In the previous chapter, ICA-based
BSS was described as a method for sep-
arating out the target signal. The method
estimates multiple linear mixed signals

without using any knowledge about the

s,: User speech from the Mixing process

target sound source

original signal or the mixing process.
There are two types of BSS method:
time domain ICA and frequency
domain ICA. The proposed method
uses the frequency domain ICA for
simplicity in handling the transfer func-
tion. Furthermore, the environment is
assumed to have two sound sources,
which are speech (target sound source)
and noise (interference sound source) to
simplify the target system. This makes
it possible to use only two micro-
phones, thus reducing both the compu-
tational complexity and the implemen-

tation cost.

2.1 Model for Mixed Signals
(Measured Signal) in an

Actual Environment

The model for mixed signal separa-
tion in a two-microphone ICA system
for mobile terminal is shown in Figure
1, where s represents the sound source
signal. The term s, is the user speech
from the target sound source and s, is

noise from the interference sound

Separation process

a,;: Approximation constant wi,

>y1§

Microphone 1\Ws2! Approximati
constant

» %1

putation has been developed, the imple-

a,,: Approximation
constant

mentation cost is high because it
requires dedicated hardware and a
directional microphone. This becomes

an obstacle to commercialization as a

v

product. %
o of

>YZ§ ZZ*@))

L3 w,,: Approximation constant

In this article, we propose a new
, prop Microphone 2

ICA-based BSS method for obtaining a
high quality speech signal with a small

s,: Noise from the interference

sound source z,: Separated noise

Y ¥s: User speech of mixed recorded noise z,: Separated user speech

Figure 1 Mixed signal separation model for a two-microphone ICA system for mobile terminals

number of microphones. The proposed

*1 Non-Gaussian distribution: The property of
a probability variable that does not show a
Gaussian probability distribution.

*2 Transfer function: Ratio of the Laplace trans-
form of the output signal and the Laplace
transform of the input signal in a transmission
system.
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source. The signals y, and y, detected at
the two microphones are recorded via
the transmission path from the sound
source signal. Denoting the transfer
function from the signal source to the
microphone as A, the relation between
the signal source and transfer function
and the measured data is linear, y=As.
However, A is a mixed array, and each
element of A represents the transfer sit-
uation from the respective target and
interference sound sources to the two
microphones. Here, the interference
sound source and the target sound
source are assumed to be statistically

independent.

2. 2 Separation Signal Model
The BSS method uses the signal

independence to reconstruct the original
signal from the mixed signal y. The
separation matrix W is obtained and the
separation signal z is obtained from

equation (1).

z=Wy (1)

If the entire transfer function from
the signal source to the microphone is
known, then z can be reconstructed to
the sound source signal by calculating
W with W=A", but the details of transfer
function A are not known in advance.
Also, the transfer function changes if
the sound source moves, some means
of changing the separation matrix W to
track the moving sound source is

required. Therefore, on the basis of the

assumed independence with respect to
the signal source, we adopted the BSS
method that reconstruct the original sig-
nal source, by estimating the separation
matrix W for the independence to be

maximum.

2.3 Estimation of the Separa-

tion Matrix

Here we explain a method based on
the maximum likelihood criterion«'g,
which is often used for estimating the
separation matrix [4][5]. If p(y) is the
probability distribution function for
measured signal y, then the likelihood
with W as a variable is expressed as
p{y(@®/W}. Actually, the log of the like-
lihood is used more often for conve-
nience in computation. Estimation with
the log maximum likelihood is
expressed by the following equation

).

A T

W=arg max} log p{y(t)/ W} (2)
Generally, W cannot be solved

analytically by using this equation, so

an iterative computation using an equa-

tion such as equation (3) must be used.

Wia=Wt+niWw (3)

From the gradient methodm,

Ly Doep (M
ow
= — El0)y' DW ()

Here, I is the unit matrix, E[X] is
the expected value of X, and ¢(y) is the
differential of the probability distribu-
tion function of y. Finally, the updating

equation for W is as follows.

Wia=WAnil —El¢»)y IW,  (5)

This W is used as the basis for inde-
pendent component separation in the
frequency domain, and then the fre-
quency separation signal is reconverted
into the time domain to obtain the inde-

pendent signals in the time domain.

3. ICA Based on a
Transfer Function

Conventional estimation method
based on the maximum likelihood crite-
rion is one of the general non-linear
optimization methods that involve mul-
tiple local optima and require iteration.
Unless some means is contrived to
overcome it, the result may depend on
the initial value and the number of iter-
ations needed may be large and indeter-
minate. These issues are particularly
troublesome in the case of non-station-
ary noise, for which tracking is a strik-
ingly difficult problem. To solve that
problem, we propose using the a priori
knowledge that the parameters of the
transfer function for the space between
the user’s mouth and the microphone
are confined to a certain range to
achieve an optimization method that is
both fast and stable.

The flow of the proposed method is

NTT DoCoMo Technical Journal Vol. 9 No. 4

*3 Maximum likelihood criterion: A criterion
in which the probability of obtaining the
observed data is maximum, assuming a partic-
ular probability model.

*4 Gradient method: One of the methods for
numerical optimization using the slope of a
function (differential of a vector).
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shown in Figure 2. A major feature of
the proposed method is that the compu-
tation is done in two stages, which are
initialization and iterative estimation. In
the first stage, the initial values of the
transfer function parameters are
obtained from the relation between the
user’s speaking position and the micro-
phone position. The obtained initial val-
ues are then used to estimate the separa-
tion matrix. In the mobile phone envi-
ronment, the position of the user’s
mouth relative to the microphone can
be considered as constrained to a cer-
tain range. Therefore, we use the para-
meters of the transfer function for
between the user’s mouth and the
microphone. For the background noise,
on the other hand, the parameters are
unknown, but they can be estimated by
using data from the noise intervals at
the beginning of the speaking. If the
parameter distribution is even partially
known in advance, parameter estima-

tion can be formalized by MAP estima-
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Figure 2 Processing procedure

tion rather than maximum likelihood
estimation, allowing accurate and stable
estimation of the separation matrix with
fewer iterations. Because the position of
the user’s mouth relative to the micro-
phone is confined to a certain range, we
can assume that a part of the mixed
matrix (a,, and a,,) to be nearly con-
stant, and the part that corresponds to
the separation matrix (w,, and w,,) can

also be assumed as nearly constant.

3.1 Estimation of the Initial

Values

We first measure the frequency
response between the user’s mouth and
the microphone. Those measurements
are used in the following procedure to
estimate the initial values of the separa-
tion matrix elements that relate to the
transmission of the target sound source.
1) Set the Initial Value of w,,

Detect intervals during which the
user is not speaking. Use the measured
data from the speechless intervals (y,
and y,) and equation (6) to obtain w,,
such that of energy of output z, is mini-

mized.

w,, = argmin R[z,Z,] (6)
Here, R[x, y] expresses the correlation
of xand y [5].

Estimate w,, from equations (5) and (6)

in the following way.

W, =a(R,~R)IR,~R,) @

Here,

R,=Rly.yl

2) Set the Initial Value of w,,
Based on the uncorrelated signal

criterion between z, and z,.

Rlz,,7,]=0 (8)

With this criterion, obtain the initial

value of w,,.

_ W WLE(y32) + oW ()

T B P (i) v

3.2 Estimation of the Separa-

tion Matrix

Generally, if there is a priori knowl-
edge about the parameters, use of the
MAP criterion for estimation is consid-
ered effective. The a posteriori proba-
bility of the separation matrix, p(W/y),
is expressed as the product of the a pri-
ori probability of W, p(W), and the like-
lihood, p(y/W).

p(Wiy)=p(W)p(y/W) (10

As we can see from the above equa-
tion, if, without prior knowledge of W,
p(W) is assumed to be a uniform distri-
bution, then the MAP criterion and the
maximum likelihood criterion become
the same. Given a priori probability
p(W) about W, a more accurate estima-
tion is possible. The equation for esti-

mation of W on the basis of the MAP
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criterion is as follows.
W=arg max) log [ p(M)p {y(0)/W}] (1)

Here, assuming that a priori proba-
bility p(W) concerning W is a normal
distribution, the density function p(W)
is as shown below. The expected value
u is taken as the initial value of the W
obtained in Section 3.1. The variance
s represents the change in the prior
estimated value of the separation
matrix.

p) =t —expt= -y 2

When estimating W with the gradient
method based on the MAP criterion,

A= alog[p(Vg)Wz;{y(r)/W}] _
dlog p(W) | olog[ p{y(t)/W}] 03
ow FY/ 4

The second term in equation (13) is the
same as the maximum likelihood esti-

mation, and the first term is as follows.

d log p(W)

oW =(W—U)/c? 14

Thus,

AW=n{I—¢()y" } WH(W—u)/c> (15

The update formula is

W= WeAnil =)y s WAW—i)/s* 16)

The separation matrix estimated as

above is used to perform the separation

and extract the target signal.

4. Evaluation Experiments
4.1 Evaluation Data

We evaluated the proposed method
by recognition of digits in connected
speech using 30 digits uttered continu-
ously by one female speaker. The sam-
pling rate was 16 kHz. We used the

mixed matrix
12,3
A= [4, 1

to create noisy speech data by mixing
airport noise and noise-free speech (in
the frequency domain). The experi-
ments described below assume that part
of the separation matrix (w,: 3.0, w,,:

2.0) is already known.

4.2 Overview of the Speech

Recognition Experiments

For the speech recognition, we used
the Hidden Markov Model (HMM) *
speech recognition software [6] openly
published by the University of Cam-
bridge. The software uses a 12-dimen-
sional feature vector that comprises the
Mel-Frequency Cepstrum Coefficient
(MFCC) frequency characteristics and
the normalized powerm. The HMM
parameters include the countable states
and the probability distribution function
for the output of each state. In the
speech recognition, the output probabil-
ity function for each state is represented

by a mixture of multiple normal Gauss-

ian distributions. In these experiments,
the HMM parameter for the number of
states is five, and the number of normal
Gaussian distribution mixtures is four

for each state.

4.3 Evaluation Results

Samples of the speech signal
extracted by the BSS method based on
the conventional and proposed ICA are
shown in Figure 3. The proposed
method suppresses the noise component
in the speech signal more than does the
conventional method. To confirm the
effectiveness in practical use, we per-
formed evaluation experiments in
which the method was used as speech
recognition preprocessing. The target
sound source was extracted by sound
source separation and then evaluated by
speech recognition. The proposed
method and the conventional method
evaluation results (accuracy, %) are
shown in Figure 4, where the horizon-
tal axis is the number of iterations
required for separation matrix estima-
tion. With a single estimation, the pro-
posed method performed with about the
same results as did the conventional
method with multiple rounds of estima-
tion results. We confirmed that the pro-
posed method improved the recognition
rate compared to the conventional
method by from 79% to 84%.

5. Conclusion

We have described noise cancella-

tion technology that uses a microphone

NTT DoCoMo Technical Journal Vol. 9 No. 4

*5 HMIM: A statistical method for modeling inde-
terminate time series data.

*6 MFCC: A series of speech feature coefficients
modeled on human auditory perception.

*7 Normalized power: The normalized value of
a speech signal power in log domain.
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(a) Conventional method

(b) Proposed method

Figure 3 Speech signal sample: BSS method based on the conventional and proposed ICA
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Figure 4 Evaluation results

array. This technology uses a two-
microphone array and introduces an
optimization method that uses sound
source location information obtained
from an actual mobile phone environ-
ment to highly general ICA statistical
signal processing. The experiments,

which reproduced a use scenario in an

actual mobile phone environment, con-
firmed that measuring and using the
parameters of the transfer function
between the user’s mouth and the
microphone resulted in better speech
recognition performance with less com-
putational complexity compared to the

conventional method.

We expect this microphone array
noise cancellation technology to broad-
en the scope of future speech communi-
cation and serve as a basic technology
for speech recognition and translation

services.
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