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Abstract  Noise reduction has been extensively studied to prevent the accuracy of automatic speech recognition (ASR) being
severely degraded due to various noise sources observed in practical use. The effect of noise reduction is usually dependent on the
parameters used in the noise-reduction method, which need to be tuned for different types of noise to achieve the best accuracy.
We propose a method for automatically switching noise-reduction parameters in such a way that ASR accuracy is maximized. The
proposed method assigns the most suitable parameter set to each speech sentence by measuring and grouping the characteristics
of noise observed in each sentence. Experiments using speech sentences contaminated by various types of noise showed that the

proposed method can reduce the word error rate of ASR.
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1. Introduction

Automatic speech recognition (ASR) systems have
been commonly used for interfacing between users and
machines in various applications, e.g., smartphones, car
navigation systems, and robotic automation systems. De-
spite their convenience, their accuracy is affected by the
acoustic environments in which such applications are used,
which are often very noisy. The characteristics of noise,
such as power spectral distribution, sound pressure level,
and stationarity, also vary depending on the chosen envi-
ronment. For example, in running vehicles, speech will
be contaminated by noise from the road, engine, wind, air
conditioners and/or music from the audio system. Thus,
extensive studies have been conducted to make ASR sys-
tems more robust against such varied noisy environments.

A common method of developing noise-robust ASR
systems is making the classifier become robust such as by
training an acoustic model using Gaussian mixture model
(GMM)-based hidden Markov models (HMMs) (GMM-
HMMs) [1-3]. It was also recently reported that the use
of deep neural networks (DNNs) improves ASR accuracy
compared with a GMM-HMM [4, 5]. With these meth-
ods, the differences in the input acoustic features for each
phoneme still need to be maintained, even when speech
signals are recorded in noisy environments. However, it
becomes very difficult to identify the target speech from in-
put acoustic features when the signal-to-noise ratio (SNR)
of the observed speech is very low [6]. Therefore, ASR ac-
curacy in very noisy environments cannot be sustained by

Journal of Signal Processing, Vol. 21, No. 2, March 2017

simply revising the methods for acoustic model training.

To combat degradation in ASR accuracy, noise reduc-
tion is usually applied to the noisy speech signals as a
pre-processing of ASR systems. Of those noise-reduction
methods [7], those using microphone arrays can be seen
more frequently in recent practical applications, and are
able to reduce noise using the spatial characteristics of
sound sources. Beamforming [8, 9] combined with post-
filtering [10-14] is a framework that is known to be practi-
cally effective [15]; however, the power spectral densities
(PSDs) of a target source and that of surrounding noise
need to be estimated.

We previously investigated methods for estimating the
PSDs of sound sources separately by looking into the tem-
poral [16] and spatial [17,18] characteristics of each sound
source. With these methods, several parameters that can
only be determined empirically are needed to calculate the
PSDs and coefficients of the post-filter. Since previous
studies discovered that noise-reduction performance using
estimated PSDs is highly dependent on the parameters se-
lected, an additional method for automatically selecting the
best parameters needed to be investigated [19, 20].

In this study, we propose a method for automatically
switching noise-reduction parameters, providing the high-
est ASR accuracy. The method introduces the noise-power
vector, which quantifies the characteristics of noise con-
taminating each speech sentence by measuring the spectral
power of different frequency bands. The noise-power vec-
tor is then used to group speech sentences to assign the best
noise-reduction parameter set. ASR systems will achieve
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the lowest word error rate (WER), following noise reduc-
tion with the best parameter set. The WER is modelled by a
function of the centroids of groups and parameter sets. The
lowest WER value is searched for by adjusting the position
of the centroids and parameter sets using the hill-climbing
algorithm.

The rest of this paper is organized as follows. We give
an overview of a previously developed noise-reduction
method using a microphone array in Section 2. In Sec-
tion 3, we explain the details of the proposed selection
method of a noise-reduction parameter set. We present
the experimental results obtained using speech sentences in
various noisy environments along with discussion in Sec-
tion 4 and conclude the paper with some remarks in Sec-
tion 5.

2. Noise Reduction Using Microphone Array

Fig. 1 is an overview of the framework considered in
the paper. In this section, we review a well-known noise-
reduction framework using microphone arrays, also known
as beamforming with a Wiener post-filter, followed by a
brief summary of the PSD-estimation method for design-
ing the Wiener post-filter.

2.1 Problem setup

Assuming that an M-sensor microphone array is sur-
rounded by K spatially coherent sound sources Sy (w, T)
and spatially incoherent background noise V,, (w,7), let
X (w, 7) be the signal observed with the m-th microphone
of the array given by

K
X @,0) = 3" App (@) Sk (@, + Vi (@,7) (1)
k=1

Here, A, (w) denotes the transfer function between the
m-th microphone and k-th sound source; w and 7 are the
indices of frequency bins and frames, respectively. It is
also assumed that each sound source is uncorrelated with
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other sources, i.e.,

E|Si@. S} @) =0 Vkk#K

E[Vu(w, DV, (w,D], =0 Vm,m#mnm'
E[St (D V,, (w0,1], =0 Yk, VYm

where E [-], denotes the average across frames. In this
study, we aimed at extracting the signal of target source
S| (w, 1) provided its arrival direction 6; is known.

2.2 Beamforming with Wiener post-filter

Beamforming with Wiener post-filtering [11] is a well-
known approach to noise reduction using microphone ar-
rays. Beamforming is first applied to microphone observa-
tion, the output signal of which is given by

Yi(w,7) = W} (0)X (w0, T) 2)

where
Wi (@) = [Wi) (@), ..., Win (@)]" 3)
x(w,7) = [X) (0, 7), ..., X (w, D] (4)

and " and T denote the Hermitian conjugation and trans-
position, respectively. The weights of the beamforming
w; (w) are designed to emphasize sound arriving from 6,
with, e.g., the minimum variance distortionless response
(MVDR) method [9].

To boost noise-reduction performance, the Wiener filter
H (w, 7) is then applied to the output of the beamforming
given by

Z(w,7)=H(Ww, 7)Y (w,71) ®))

The Wiener filter gain H (w,7) is calculated using the
PSD of target source ¢s (w, T) and that of other interfer-
ing sources and background noise ¢y (w,7) (referred to
as noise hereafter). Details on estimating ¢s (w, T) and
¢y (w, ) and calculating H (w, T) are given in the rest of
this section.

Finally, the output signal in the time-domain is ob-
tained by applying the inverse Fourier transform to
Z(w,7).

2.3 PSD estimation in beamspace

To calculate the Wiener filter gain, the PSD of the target
sound source and noise needs to be estimated from micro-
phone array observation. As modeled in (1), the noise con-
sists of K—1 spatially coherent interfering sources and spa-
tially incoherent background noise. Due to the differences
in their spatial propagation properties, the noise-reduction
method [16] estimates the PSD of these noise components
separately.

PSD estimation in beamspace [17] is first applied to
separate the coherent interfering sources. Let L (> K)
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beamformers, which focus their directivity on different an-
gles, be applied for microphone array observation. Given
that each source signal is assumed to be uncorrelated with
other source signals and background noise, the PSD of the
[-th beamforming output ¢y, (w) can be approximated by
an affine transformation of the PSDs of each source ¢g, (w)
with the directivity gain of the /-th beamformer to the k-th
source direction |Dl,k(a))|2 and noise PSD, as shown in

by, D117 D1 &*] [ s, dv,
A T | N R N O
oy, IDeil? ... IDiklPllgs,] lov,
S~ S~ =
Py(w) D(w) D5(w) Py(w)

where the indices of w and 7 are omitted.

If the transfer function A, (w, T) can be modeled by
any means such as using array manifold vectors [8, 13], the
directivity gain is given by

M
Dy (@) = ) W, Ani @) )
m=1

where * denotes the complex conjugate.
Thus, the PSD of each coherent sound source can be
separated by

Dy, y (,7) = [ps,48 (@, 7)., b5 o (@, )]
= G (w) Py (w,T)
~ O5 (0, 7) + G () Py (w) (3
where

[ D'(w) L=K
G(‘“)‘{D+(w) L>K ®)

and * denotes pseudo inverse.

2.4 PSD estimation of incoherent background noise
and Wiener-filter calculation

As can be seen in the second term of (8), components
originating from the spatially incoherent background noise
are still included in the estimated PSD (i)s 4+~ (w, 7). These
background noise components should be removed to es-
timate the PSD of coherent sound sources. To this end,
the noise-reduction method uses the temporally stationary
property of the background noise. Provided all spatially
coherent sources including the target source are nonsta-
tionary, the PSD of background noise can be estimated by
measuring the level of stationary components. The station-
ary components in ¢g, .y (w, 7) can be estimated by taking
the minimum value of a temporarily smoothed PSD in a
given time interval T, that is,

¢n; (@, 7) = min {fs,+n (w, )} (10)
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Here, ¢s,.n is calculated by applying a recursive update
algorithm, that is,

bs,+n (W, T) =ads 1N (W, T)
+( - a)ds,en (W, T—1) (11)

where a denotes the forgetting coefficient parameter,
which is set so that its time constant is around 150 ms.

Given that the directivity of the first beamformer (/ = 1)
points to the angle of the target source, the PSD of target
source ¢s (w, 7) is calculated by

¢s (w,7) = ¢s, v (W, T) — ¢y, (W, T) (12)

Likewise, the PSD of noise can be calculated using the
PSD of other coherent sources and background noise, that
is,

K
oy (w,7) = p1 (W) {Z (¢s,+n (0, T) — P, (w, T))}
=

PSD of interference sources
+ ¢y (0T) (13)
—_—
PSD of background noise
where p; (w) is a weighting parameter.
Finally, the Wiener filter gain is calculated as follows.

On the basis of the minimum mean square error criterion,
the Wiener filter gain is basically calculated by

¢s (w, )

¢s (w,7) + ¢y (W, 7)

Hpase (0, 7) = (14)

Then, Hy,se (w, 7) is shaped to reduce the musical noise in
the output signal of the Wiener filter. It is smoothed in the
time domain, that is,

Hgmooth (W, T) =p2 (W) Hygse (W, T)
+ (1 = p2 (W) Hsmooth (w, 7= 1) (15)

and floored in the time-frequency domain, that is,

1 (Hsmooth (w,7) 2 1)
H = {Hgnooth (0, 7)  (p3 (W) < Hymoom (w,7) < 1) (16)
p3 ((1)) (Hsmooth (w’ T) <p3 ((1)))

where p; (w) and p; (w) are a forgetting coefficient and
flooring parameter, respectively.

Since noise-reduction performance is highly dependent
on the values given to parameters, the parameters p; =
[p1 (W), p2 (W), p3 (w)]T (j=1,...,J) need to be manu-
ally pre-adjusted for each noise environment, and one of
them needs to be selected to suit the given environment,
where j denotes each noise environment. This process
is heuristic since the relationship between the quality of
denoised, i.e., post noise reduction, speech and the pa-
rameters is not explained deterministically. The following
section introduces our parameter-switching method that
adapts to the noise environment, which eventually con-
tributes to noise-robust ASR providing a lower WER.
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3. Noise Adapting Parameter Switching
3.1 Noise characteristic measurement

Because the characteristics of a noisy environment vary
depending on the scene where the ASR is used, one can
hypothesize that the WER of ASR can be reduced by
switching the values set for the parameters of noise reduc-
tion depending on the noisy environment. The proposed
parameter-switching method selects a parameter set from
J pre-adjusted sets for each frequency p; (w) (j = 1,...,J)
that minimizes the WER. Given that a dataset consisting of
I speech sentences with various types of noise being super-
imposed and their correct word labels are provided, assume
the noise-reduction parameter sets p; (w) are manually pre-
adjusted using parts of the dataset. The ASR is applied to
the denoised speech using every p;(w) (j=1,...,J), and
the parameter set that minimizes the WER is then selected
as the optimal parameter set.

To quantify the characteristics of a noisy environment,
a noise-power vector, 6;, composed of noise power in a
different frequency band is introduced as

T
o; = [O'Low,i, O Med,is O'High,i] (17)

where 01 ow,i» OMed,i» and o mign,; denote the power of noise
observed in the i-th speech sentence in low (0.0-0.1 kHz),
medium (0.1-3.3 kHz), and high (3.3-8.0 kHz) frequency
bands, respectively. The noise-power vectors are given
by the average of the PSDs in the relevant frequency
band estimated by applying a previous method [21] to
the first element of the PSD of the background noise,
ie., ‘7#“ e Yo BN, (@, 7), where T is the number of
frames to be averaged across and wyag is each of the low,
medium, and high frequency bands, respectively. Measur-
ing the noise power in different frequency bands allows the
use of the spectral distribution of the noise in addition to
its loudness.

3.2 Parameter selection by grouping noise-power
vectors

Fig. 2 shows a scatter plot of the noise-power vector
calculated from 7 noisy speech sentences, i.e., 6; (i =
1,...,I). Noise-power vectors are grouped into U (I >
U > 2) groups; then, different noise-reduction parameter
sets are applied to the noisy speech sentences that belong
to each group in such a way that the overall WER averaged
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across the whole dataset is minimized. In other words, the
i-th dataset is grouped into one of the U groups u that is
assigned the best parameter set that maximizes ASR accu-
racy according to its noise-power vector.

The grouping is made possible by using centroids de-
fined in the space of the noise-power vector given by

T
qQu = [qLow,u, qMed,u> QHigh,u] w=1,...,0) (18)

where grow,us qMedu> and Grigh are the coordinates of the
u-th centroid. Initially, the centroids are set at the same po-
sitions as that of randomly selected U noise-power vectors
among all noise-power vectors measured from the / speech
sentences. Then, all noise-power vectors are grouped to
their closest centroid by

Q,3VYi st u=argmin|o; - q.|’ (19)

where Q, denotes the set of indices of the speech sentences
grouped into the u-th group.

3.3 Optimal grouping for maximizing speech
recognition accuracy

The grouping now needs to be optimized in order to
minimize the WER. On the basis of the hypothesis that the
parameter sets affect ASR accuracy, the WER of speech
sentences in the Q, group will be represented by a function
of Q, and p; (w), i.e., F (Q. p;(w)). This implies that
both €, and p;(w) have to be adjusted to minimize the
WER. The proposed method achieves this by tuning both
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Q, and p; (w) alternately as follows. Fig. 3 shows a flow
chart of the optimization.

Once Q,, is determined by the initial grouping given by
(19), the best parameter set is selected for each group by

¢ () = arg min {7 (Qurpj (@)} (20)

where ¢ (u) is the index of the chosen noise-reduction pa-
rameter set for the u-th group.

Then, the grouping is further optimized by adjusting
the positions of the centroids provided the parameter sets
¢, are fixed. To this end, a cost function that quantifies the
overall WER is introduced, that is,

_ 3:1 7: (Qu» p¢(u) (w)) Cu
u = U C

u=1Lu

2

where C, denotes the number of words in the speech sen-
tences that belong to the u-th group. Since the relationships
between (Qu, p; (a))) and ¢, cannot be described with a
simple model, it is difficult to analytically derive ¢, that
minimizes G,. Instead, the hill-climbing algorithm [22]
is applied to search the optimal q,. This method finds an
optimal value by updating parameters while evaluating the
change in the cost function. In this study, G, in (21) was
evaluated while q, was perturbed by €, given by

qu < qu € (22)
T
€= [ELow,u, EMed,u> EHigh,u] (23)

After updating q,, the parameter sets assigned to
groups will be reviewed and updated by (20). This two-
step process will carry on until no further reduction in G,
is observed by adjusting q,. Because G, may not be mini-
mized when the initial value of q, is not arranged properly,
the optimal search needs to be run multiple times with ran-
domly selected initial centroids; then, py(,) (w) and q, that
provide the lowest G, after reaching its minimum value
need to be selected.

4. Experiments

We compared ASR accuracy obtained using the pro-
posed method with that using the conventional method, in
which a single noise-reduction parameter set was applied.

4.1 Experimental conditions

The microphone array used in the experiment consisted
of three cardioid microphones. Each microphone was ori-
ented 120° from the others. Beamformings were designed
by using the MVDR method to point their directivity to-
wards the three directions to which the microphones were
facing.

Training and evaluation data were manually prepared
as follows. We measured the impulse responses from the
positions of the target and noise sources to the microphone
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array as shown in Fig. 4. Impulse responses from eight
different directions were measured to simulate incoherent
background noise. The measurements were carried out in
a reverberant chamber of which two different amounts of
sound-absorbing material was put up on walls and the ceil-
ing and in a meeting room to confirm that the proposed
method is effective in various reverberant environments.
Clean speech signals were convolved with the recorded im-
pulse responses of the target to make the target sound sig-
nals. In the same way, one of four different types of back-
ground noise recorded in cars, offices, shopping centers, or
exhibition halls was convolved with the impulse responses
of the noise from the eight directions, which were summed
together. Finally, the target sound and background noise
were added up with different SNRs, which were varied
from —10 to 10 dB.

The Complete Continuous Speech Recognition-I
(CSR-I) corpus [23] was used for the clean speech signals.
The corpus was divided into two subsets, that is, training
and evaluation datasets, which were composed of 323 and
328 English speech sentences spoken by four individuals,
respectively. An acoustic model and language model were
trained using the Kaldi [24] baseline tool for the CHIME
Challenge [25]. The acoustic model was constructed with
a GMM-HMM. For the proposed method, 28 sets of pa-
rameters were manually prepared.

It is expected that the number of the groups U would
also affect the ASR accuracy apart from the position of
centroids and selected parameter sets. Since the relation-
ship between U and ASR accuracy is not easily modeled,
we experimentally investigated the relationship by varying
U from 2 to 6.

The other experimental conditions are listed in Table 1.

4.2 Experimental results

In the experiments, the centroids were derived by using
the training process according to the flow chart in Fig. 3.
The centroids derived when U = 4 are listed in Table 2,
where the noise power is described in dBov, which denotes
the level relative to the maximum value that can be stored
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Table 1 Experimental conditions

Sampling rate (kHz) 16

Quantization bit rate (bit) 16

# of microphones, M 3

# of beamformers, L 3

Target distance, dr (m) 0.5,1.0,1.5,2.0
Noise distance, dy (m) 2.0,4.0

Frame length (ms) 32

Frame shift (ms) 16

# of sentences for training, I | 323

# of sentences for evaluation | 328

# of groups, U 2,3,4,5,6
# of parameter sets, J 28
Perturbation amplitude, € [1,1,1]7

Table 2 Centroids obtained by training when U = 4

OLow (dBOV)  0Med (dBoV)  opign (dBov)
Q -66 -61 =72
Q) -56 —64 -98
Qs -55 —42 —42
Qy =27 =30 -61

in an integer format on a computer [26]. The centroids
specified the groups of noise power observed in the speech
sentences. Fig. 5 shows the noise-power vectors, which
were divided into four groups using the centroids, in dif-
ferent colors/markers.

A parameter set was assigned for each of the groups.
The component values of the parameter sets for different
U are listed in Table 3. Note that we averaged the values
with respect to the frequency bins for simplicity. The ex-
perimental results obtained when U = 1 are equivalent to
those with the conventional method. The same parameter
set used for U = 1 was also used to evaluate the conven-
tional method when U > 2. The ASR results obtained us-
ing the assigned parameter sets are described by WER in
Table 4, in which WER values reduced by using the pro-
posed method are highlighted in boldface type.

The results clearly show that the WER was reduced in
most groups with the proposed method than with the con-
ventional method (U = 1).

Regardless of the value of U, there was a majority
group, or a group that included a relatively large number
of speech sentences. Although the WER was not reduced
in the majority groups, it was reduced in other groups, or
minority groups. With the conventional method, in which
a single parameter set was assigned to all the speech sen-
tences, the parameter set suitable for the majority group
was selected as the optimal one. However, such a param-
eter set was not suitable for the minority groups. With the
proposed method, another parameter set, which was espe-
cially suitable for each of the minority groups was selected
to reduce the WER.

Referring to the experiment with U = 6, one of the
groups included no speech sentences. The centroid was lo-
cated too far from the whole dataset to form its group in
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the noise-power vector space during the training process.
This shows the proposed method allows redundant groups
to disappear in order to minimize the WER. As a result, al-
though an ad hoc number of groups must be given at the be-
ginning of the training process, the number of groups tends
to be reduced to an appropriate number, not necessarily the
optimal number, automatically. Fig. 6 shows the resultant
numbers of groups when U was increased. The numbers
of groups saturated at five even if U was increased beyond
five. In these experiments, five groups were enough for the
data to reduce the WER by the parameter switching.
Finally, we aggregated the WER for the whole dataset,
as shown in Table 5. Note that the results listed in Ta-
bles 4 and 5 were obtained from the same experiments,
although Table 5 includes results for the training dataset as
well as the evaluation dataset. The WER reduction for the
minority groups resulted in eight to ten-point reductions
for the whole evaluation dataset. The experiment using the
dataset described above showed that the WER with U > 3
was roughly the same as that with U = 2. Because there

Journal of Signal Processing, Vol. 21, No. 2, March 2017



Table 3  Frequency-averaged noise-reduction parameter
sets

pi pax107  ps
U=1 pyy | 08 93 0.20
U=2 Pe(1) 0.8 9.3 0.20
Pe2) 2.0 9.3 0.20
Py | 0.8 93 0.20
U=3 py | 2.0 11.6 0.20
Pe3) 0.8 9.9 0.20
Py | 0.8 93 0.20
Py | 2.0 9.9 0.20
Pe3) 2.0 9.9 0.16
Po4) 0.8 9.9 0.20
Py | 0.8 93 0.20
Py | 2.0 11.6 0.20
U=5 pes | 08 9.3 0.20
Po4) 1.0 0.0 1.00
Po(5) 1.0 0.0 1.00
Pe(1) 0.8 9.3 0.20
Pe2) 2.0 11.6 0.20
U=6 Pe3) 0.8 9.3 0.20
Pe4) 1.0 0.0 1.00
Pe(5) 2.0 9.9 0.20
Pee) | 1.0 0.0 1.00

is no method of deriving the optimal U deterministically,
we suggest using the proposed method with varying U and
selecting the U resulting in the lowest WER.

Overall, the experimental results verified that the pro-
posed method was effective for improving ASR accuracy
in noisy environments by switching the noise reduction pa-
rameter sets according to the noise level measured in dif-
ferent frequency bands. It was also found that the proposed
method was able to adjust the number of groups automati-
cally.

5. Conclusion

We proposed and evaluated a method for automatically
switching parameters for noise reduction to improve the
accuracy of ASR systems. Noise characteristics are quanti-
fied by the noise-power vector measured from noisy speech
sentences, which is used to group the sentences and as-
sign the best parameter set to achieve the highest recogni-
tion accuracy. Experiments using datasets in various noisy
environments revealed that the WER could be reduced to
31.0% with the proposed method compared to 41.7% with
the conventional method.

Pursuing efficient features other than the noise-power
vector in order to group noisy speech sentences more ac-
curately would be a further research subject.
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22.9% 31.4%
23.5% 31.0%

1
2
3
Proposed method 4 | 22.5% 31.1%
5
6

Conventional method{

22.4% 31.2%
22.5% 32.1%

Communications Technology, who was earlier at NTT
Communication Science Laboratories, Dr. Kamado at NTT
DOCOMO, Inc., who was earlier at NTT Media Intel-
ligence Laboratories, and Dr. Masumura and Mr. Asami
at NTT Media Intelligence Laboratories for their valuable
comments.
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