
DESIGN OF ROBUST SUBTRACTIVE BEAMFORMER FOR

NOISY SPEECH RECOGNITION

Mitsunori Mizumachi y, Masato Akagi z, and Satoshi Nakamura y

mmizuma@slt.atr.co.jp, akagi@jaist.ac.jp, and nakamura@slt.atr.co.jp

y
ATR Spoken Language Translation Research Laboratories,

2-2-2 Hikaridai, Seika-cho, Souraku-gun, Kyoto 619-0288, JAPAN.
z
School of Information Science, Japan Advanced Institute of Science and Technology,

1-1 Asahidai, Tatsunokuchi, Nomi-gun, Ishikawa 923-1292, JAPAN.

ABSTRACT

There is a big demand for noise reduction to en-

hance ASR robustness. A great variety of noise reduc-

tion methods have been proposed, but almost none of

them can reduce non-stationary noises. The authers

have proposed an algorithm that can reduce noises

that former methods, such as adaptive beamformers,

�nd di�cult to deal with. In this paper, the authors

verify the proposed method as a front-end for ASR

by phoneme recognition tests. Its feasibility is also

discussed under reverberant environments.

1. INTRODUCTION

One of the most attractive research topics in speech

signal processing is automatic speech recognition. The

performance of ASRs has been improved, especially

for clean speech input without any serious noise. How-

ever, a great variety of noises cause drastic declines in

ASR performance[1]. We must discuss the robustness

of ASRs in real environments to carry them a step

further. So far, many methods, such as Spectral Sub-

traction (SS) [2], have been proposed to reduce sta-

tionary noises. However, they do not cope well with

other non-stationary noises, and may also cause an-

other distortion in the target speech signal. One of

the topics that ASR reseachers are dealing with is the

reduction of non-stationary noise, because it exists ev-

erywhere in the environments in which ASRs are used.

The authors have proposed a method for reducing

non-stationary noises using a 3ch linear microphone

array. This method works by combining spatial �l-

tering, which is subtractive beamforming to estimate

the noise spectrum, and frequency �ltering, which

is a non-linear SS [3]. The authors have developed

a robust direction �nder in noisy environments by

introducing subtractive beamformers systematically

into the direction �nder [4]. The proposed method

does not need strong constraints since the subtractive

beamformers are designed analytically without using

adaptive �lters. This method can also reduce sudden

noises that adaptive �lters cannot follow, for example,

the shock sound when doors are opened or closed.
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Figure 1: Microphone array for subtractive beamforming.

The results of many fundamental experiments in-

dicate that the proposed method is superior to every

other method in reducing non-stationary noises that

vary from moment to moment [3]. In this paper, we

discuss whether the proposed method is capable of

becoming a front-end for ASR or not. The results of

phoneme recognition tests verify its feasibility. It is

also con�rmed that the proposed method is superior

to the delay-and-sum beamformer in usual reverber-

ant rooms.

In section 2, we describe an outline of the noise re-

duction algorithm [3] [4]. In section 3, the advantages

of the proposed method are discussed with respect to

conventional beamformers. In section 4, we verify the

feasibility of the proposed method as a front-end for

ASR. Finally, the conclusion is given in section 5.

2. ALGORITHM DESCRIPTION

The authors have proposed an algorithm of noise

reduction using a 3ch linear microphone array. The

microphone array consists of three linearly arranged

microphones at intervals of 10cm. This method works

by combining spatial �ltering and frequency �ltering.

The spatial �lter is analytically constructed based

on signal directions. To put it into practice, we have

proposed a subtractive beamformer [3] and a robust

direction �nder under noisy environments [4]. Here,

we give outlines of them and an overview of noise re-

duction.
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2.1. Subtractive Beamformer [3]

A subtractive beamformer is designed using two sig-

nals received by paired-microphones, for the purpose

of eliminating a directional noise signal. Let us assume

that a target signal s(t) and an obstructive noise sig-

nal n(t) exist. We can obtain the signal received by

each microphone as follows.

left mic. : l(t) = s(t� �) + n(t� �); (1)

center mic. : c(t) = s(t) + n(t); (2)

right mic. : r(t) = s(t+ �) + n(t+ �); (3)

where � means the di�erence in arrival time between

neighboring microphones for target signal s(t), and �

means the di�erence for noise signal n(t).

If we know � that equals the direction of a noise sig-

nal in advance, the beamformer glc(t) can completely

eliminate noise signal n(t).

glr(t) =
1

4

��
l(t+ � + � )� l(t + � � � )

	

�

�
r(t � � + � )� r(t� � � �)

	�
; (4)

where � is an arbitrary constant except zero. It is

enough to use only a single temporal shift +� or ��

to eliminate a noise signal. Taking account of both

+� and �� , we can obtain the noise eliminated signal

at the position of the center microphone.

Then the short-term Fourier transformation Glr(!)

of a beamformer glr(t) can be calculated as

Glr(!) = S(!) sin!(� � �) sin!�: (5)

It is important to note that Glr(!) has no term con-

cerned with noise signal n(t). Setting � as � � �, the

spectrum S(!) of target signal s(t) can be estimated.

S(!) = G(!)= sin2 !(� � �); (6)

!(� � �) 6= n� (n: integer): (7)

2.2. Direction Finder [4]

The direction �nder used to construct a subtrac-

tive beamformer must work well under noisy environ-

ments. The authors succeeded in making a robust di-

rection �nder by integrating subtractive beamformers

with a traditional cross-correlation method.

First, the direction of the most dominant signal is

estimated based on the whiten cross-correlation be-

tween l(t) and r(t) [5]. It turns out that the signal

coming from this direction is either a target signal or

the noisiest signal that should be reduced.

Next, we obtain two signals that suppress the

above signal completely using subtractive beamform-

ers. Those are equal to beamformer glc(t), calculated

with Eq. (4) using l(t) and c(t), and beamformer

gcr(t) as well. The second direction is also estimated

based on the whiten cross-correlation between glc(t)

and gcr(t).

Finally, we must decide which directions correspond

to the target signal and the noise signal in each frame.

In the �rst frame, assuming that the target signal

comes nearer to the front than the noisiest signal, we

can distinguish two signal directions. From the second

frame onward, each direction estimated in the preced-

ing frame becomes an index. The sound source moves

smoothly in ordinary circumstances. So, we can ob-

tain the directions of both the target signal and the

noise signal in each frame.

2.3. Outline of Noise Reduction

The procedure of noise reduction is as follows. In

each short term frame, after �nding two signal direc-

tions, the noise spectrum is estimated by choosing the

most suitable beamformer automatically in each fre-

quency bin. Noise reduction is rounded out by sub-

tracting the noise spectrum from the spectrum of the

received signal, i.e., non-linear SS.

3. ADVANTAGES OF THE
PROPOSED METHOD

It is noteworthy of notice that the proposed method

can easily reduce non-stationary noises. Subtractive

beamforming without using an adaptive �lter used to

reduce any noise unrelated to its acoustic characteris-

tic.

There are several methods that employ subtractive

beamformers constructed with adaptive �lters [6] [7]

[8]. However, they do not work well for noises whose

acoustic characteristics vary rapidly and noises that

closely correlate with the target signal. Furthermore,

the adaptive �lter generally requires a high compu-

tational cost for adaptation. On the other hand, the

proposed method works well with a low computational

cost, since the subtractive beamformers can be de-

signed analytically due to a robust direction �nder.

This method can also reduce sudden noises that adap-

tive �lters cannot follow, for example, the shock sound

when doors are opened or closed, since it does not need

any constraints for the noise signal.

4. PERFORMANCE TEST

We veri�ed the performance of the proposed method

as a front-end for ASR. First, phoneme recognition

tests were conducted to determine both its essential

performance and its predominance over other meth-

ods. Then, its feasibility in reverberant environments

was also examined based on an objective distortion

measure that is good for evaluating the method as a
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Figure 2: Phoneme error rates. The three bars correspond to
the phoneme error rates of noise-added speech (blackened bar),
noise-reduced speech by the optimized delay-and-sum beam-
former (grayish bar), and noise-reduced speech by the proposed
method (whitened bar).

front-end for ASR.

4.1. Phoneme recognition test

The authors examined the decline of the ASR per-

formance under additive noise conditions, and the im-

provement by noise reduction. For this purpose, we

used the speaker-dependent HMM with 12th order

MFCCs, as a baseline ASR. The phoneme recogni-

tion tests were conducted using 1048 words from an

ATR Japanese speech database [9] for training. Ex-

periments were conducted using open data. A total

of 216 phoneme balanced words were used for testing,

uttered by the same speaker in the same database.

Some test sets were prepared by adding random noise

(125Hz-6000Hz) on several SNRs and reducing them.

The speech signal came from the front, and the noise

signal came from 30 degrees to the right. For a

relative evaluation, the conventional delay-and-sum

beamformer [10], was used as a typical algorithm for

noise reduction. Let us assume that the signal direc-

tions are known for the delay-and-sum beamformer.

On the other hand, the proposed method estimates

them automatically.

The results of the phoneme recognition tests are

shown in Fig. 2. There are three bars in each SNR

and they correspond to the phoneme error rates of

noise-added speech, noise-reduced speech by the opti-

mized delay-and-sum beamformer, and noise-reduced

speech by the proposed method. It is obvious that the

proposed method can decrease phoneme error rates.

The optimized delay-and-sum beamformer is applica-

ble as well, but the decrease in the error rate is 5%

at most even though it knows the signal directions.

In low SNR conditions, the proposed method o�ers a

remarkable advantage. These results also show that

0 2 4 6 8 10 12 14
50

60

70

80

90

100

LPC−SED [dB]

R
ec

og
ni

tio
n 

R
at

es
 [

%
]

Figure 3: Relationship between the LPC-SED and phoneme
recognition rate. Each mark shows the mean LPC-SED for 216
words.

the proposed direction �nder works well under noisy

environments.

4.2. Objective distortion measure

The authors have proposed an objective distortion

measure, called LPC log Spectral Envelope Distor-

tion (LPC-SED)[3], that equals the Cepstrum Dis-

tance mathematically. LPC-SED is the Euclidean dis-

tance between a clean speech and a distorted speech

on LPC log spectral envelopes. LPC-SED is roughly

gauge the feasibility of a noise reduction method as a

front-end for ASR.

In this section, we discuss whether LPC-SED is

compatible with the speech recognition rate or not.

The relationship between LPC-SED and the phoneme

recognition rate is shown in Fig. 3. Taking a broad

view of this relationship, LPC-SED is appropriate as

an order scale because the phoneme recognition rate

increases proportionally as LPC-SED approaches zero,

which means no distortion. Therefore, we can adopt

LPC-SED to determine the feasibility of a noise re-

duction algorithm quickly.

4.3. Performance evaluation in rever-
berant environments

In practical ASR situations, there are a lot of non-

stationary noises in a reverberant room. Accordingly,

we should verify whether the proposed method can

reduce non-stationary noises in such environments.

In this experiment, target speech signals were

Japanese vowels that came from the front, and the

noises were two narrow-band noises that came from

30 degrees to the right. They were mixed so as to be

0 dB on SNR in various reberberant conditions. Noise

reduction was conducted in both a computer simula-

tion and real environments. The latter included a less

reverberant soundproof room (room volume of 43m3
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Figure 4: Improvement in the LPC-SED under various re-
verberant environments. Each bar shows the result of noise
reduction in a computer simulation (no reverberant condition),
a soundproof room (less reverberant condition), a small o�ce
(common reverberant condition), or a large room (more rever-
berant condition).
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Figure 5: Superiority of the proposed method over the op-
timized delay-and-sum beamformer under reverberant environ-
ments. The superiority refers to the di�erence in the improve-
ment of the LPC-SED.

and reverberant time of 50ms), an ordinary small of-

�ce (58m3 and 350ms), and a reverberant large room

(150m3 and 550ms).

Fig. 4 shows the results of noise reduction for each

target vowel and each environment. The proposed

method is e�ective since the LPC-SED decreases in

all conditions. A direction �nder based on cross-

correlation is usually weak under reverberant environ-

ments. This is the main reason that the improvement

of the LPC-SED is less in more reverberant conditions.

Fig. 5 shows the superiority of the proposed method

over the optimized delay-and-sum beamformer. This

superiority is de�ned as the di�erence between the

improvements of the LPC-SED in dB. Each circle

means the di�erence in the mean improvement for �ve

Japanese vowels. In an actual reverberant room, the

proposed method is de�nitely superior to an optimized

delay-and-sum beamformer that knows the signal di-

rections.

Fig. 5 shows the di�erence between the proposed

method and the optimized delay-and-sum beamformer

in the improvement of the LPC-SED . Each circle

means the di�erence in the mean improvement for �ve

Japanese vowels. In an actual reverberant room, the

proposed method is clearly superior to the optimized

delayed-and-sum beamformer that knows signal direc-

tions.

5. CONCLUSION

The authors presented a noise reduction algorithm

with a robust direction �nder. This method can eas-

ily reduce non-stationary noises by combining spatial

�ltering and frequency �ltering. A spatial �lter is a

subtractive beamformer designed analytically without

using adaptive �lters. It mainly contributes to reduc-

ing non-stationary noises.

The results of phoneme recognition tests show that

the proposed method enables a maximum 20% im-

provement in the phoneme recognition rate under

a directional noise condition, whereas the optimized

delay-and-sum beamformer made no more than a 5%

improvement. Feasibility is also con�rmed under ac-

tual reverberant environments.
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