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ABSTRACT

Although many noise-robust techniques have been
presented, the improvement under low SNR condi-
tion is still insufficient. The purpose of this paper is
to achieve the high recognition accuracy under low
SNR condition with low calculation costs. There-
fore, this paper proposes a novel noise-robust speech
recognition system that makes full use of spectral sub-
traction (SS), mean variance normalization (MVN),
temporal filtering (TF), and multi-condition HMMs
(MC-HMMs). First, from the results of SS with clean
HMMs, we obtained the improvement from 46.61%
to 65.71% under 0 dB SNR condition. Then, SS+
MVN+TF with clean HMMs improved the recog-
nition accuracy from 65.71% to 80.97% under the
same SNR condition. Finally, we achieved the further
improvement from 80.97% to 92.23% by employing
SS+MVN+TF with MC-HMMs.

Keywords: Noise-Robust Speech Recognition,
Spectral Subtraction, Feature Normalization, Tem-
poral Filtering, Multi-Condition HMM

1. INTRODUCTION

There are high hopes of a voice interface as a
method of resolving digital divide problem. How-
ever, there are few products with the voice interface
due to degrade recognition accuracy in noisy envi-
ronments. Many systems deal with this by methods
such as using several microphones or a headset micro-
phone. However, these methods have disadvantages
in costs or usability. For those reasons, improvements
in performance when using a single stand-type micro-
phone present a huge challenge.

Noise reduction methods typified by spectral sub-
traction (SS) [1] or a Weiner filter (WF) [2] are widely
used to improve the recognition accuracy. In par-
ticular, WF has been adopted into the ETSI ES
202 050 (ETSI-AFE), standardized by the European
Telecommunications Standards Institute (ETSI) [3].
WF, however, has high calculation costs in compari-
son with SS.
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As another approach, noise-robust feature extrac-
tion methods have been proposed. Especially, Cep-
stral mean normalization [4], mean variance normal-
ization (MVN) [5] have been widely used for com-
pensating for statistical mismatches during training
and testing conditions. These methods are called
feature normalization. In addition, MVA process-
ing [6] can also improve the recognition accuracy.
MVA emphasizes important changes by applying an
autoregressive-moving-average (ARMA) filer to the
features followed by MVN. The authors have also al-
ready proposed a finite impulse response (FIR) filter
applied to the features [7]. These methods are gener-
ally called temporal filtering (TF).

Solutions by means of an acoustic model have also
been proposed (e.g., hidden Markov model (HMM)
com-position [8] and multi-condition training (MC-
training) [9]). The HMM composition method creates
a new HMM composing both the HMMs of speech
and noise in the linear spectrum domain. Then, MC-
training is a training method that generate an HMM
(MC-HMM) from speech signals under various envi-
ronments.

Although many approaches have been presented,
the improvement under low SNR condition is still in-
sufficient. Moreover, few systems with combination of
them have been presented. With these backgrounds,
in this paper, we propose a novel noise-robust speech
recognition system that makes full use of SS as the
noise reduction, MVN and TF as the robust feature
extraction, and MC-HMMs as the robust acoustic
models. The purpose of this study is to realize the
high recognition accuracy under low SNR condition
with low calculation costs.

First, we mention SS and its performance in Sec-
tion 2. Next, we describe the noise-robust feature
extraction and its performance in Section 3. Then,
we report MC-HMMs and its performance in Section
4. Finally, we summarize and talk of future challenges
in Section 5.

2. NOISE REDUCTION
2.1 Spectral Subtraction

To analyze an observed signal, the short-time
Fourier transform is applied to it with a frame width
and period. When X;(t), S;(¢), and N;(t) (where
1 is the frequency bin) represent the discrete Fourier
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transform on the observed signal, a speech signal, and
a noise signal of the t*" frame, respectively, the power
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where « and § are an over estimated coefficient and
a flooring coefficient, respectively. In this paper,
|N;(t)|? is estimated noise spectra, which calculated
from 200 ms immediately before the observed signal —
is inputted. « copes with variances of noise spectra, /3 9461
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been widely used, but its recognition performance de- = '
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2.2 Experimental conditions g"g”
We performed noisy speech recognition experi- it
ments in order to evaluate SS. We used the 100 R
place names database supplied from Japan Electron- 932}
ics and Information Technology industries Associa- : ‘ . ‘ . . : —
tion (JEITA), and each data sample was a noise-free #0730 24 28 32 36 40 44 48 52

speech signal at a sampling frequency of 16 kHz with
16-bit quantization. We used the 17 kinds of noise
listed in Table 1 from JEITA database, each type of
noise was added to the noise-free speech signals at 20,

Fig.2: Results of SS under 10 dB SNR condition

Table 1: Noisy environments 66
Running car (2000 cc) [Crowd
Running car (1500 cc) [Train (bullet train) 641 1
Exhibition hall (booth) [Train (conv. line) T
Exhibition hall (in aisle)|Computer room (mid-size) = gl |
Station Computer room (w. s.) g
Telephone box Air-conditioner (large) ,:;
Factory Fan-coil & 60t 1
Sorting site Elevator hall @
Highway ss| |
Table 2: Analysis conditions °"20 24 28 32 36 40 44 48 52
Pre-emphasis 1-0.97z 1

Frame length / Frame period | 25ms / 10ms

Window function Hamming Fig.3: Results of SS under 0 dB SNR condition
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Fig.4: Time-series of 15¢-MFCCs

10, and 0 dB SNR levels. Features consisted of 13-
dimensional MFCCs (including 0**-MFCC), and their
first and second order time-derivatives. The analysis
conditions are shown in Table 2. The HMMSs were
modelled in word units. The number of states was de-
termined based on the word length (22 to 70 states),
and the number of mixtures for each state was set to
2.

2.3 Experimental results of SS

Figures 1-3 show the results. These figures are

plotted with a as the horizontal axis and the recogni-
tion rate as the vertical axis. We notice that the best
result under each SNR condition was obtained from
different « and . In other words, it was difficult to
obtain the best results under all SNR conditions with
the same parameters. Then,
Figs.1-3 gave us the fact that « should be selected in
proportion to . In Fig.2, for example, a = 5.2 for
B8 =0.10, « = 4.4 for § =0.15, « = 3.2 for 8 = 0.20,
and o = 2.8 for § = 0.25 were proper values. In
addition, the smaller 8 tended to be preferred under
lower SNR condition. We presume that this tendency
was caused by the over-subtraction under high SNR
condition.

3. NOISE-ROBUST FEATURE EXTRAC-
TION

3.1 Feature normalization

MVN compensates for channel distortion and addi-
tive noise by normalizing a mean and a variance of
each feature. Now, we rewrite Eq. (2) in order to
consider the channel distortion. The equation is given
by

X = [H@OP(S:OF + [N:0)),  (4)

where H,;(t) is the channel distortion. To extract
mel-frequency cepstral coefficients (MFCCs), which
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Fig.5: Time-series of 1°-MFCCs followed by MVN

are useful features for speech recognition, we in turn
perform mel-frequency transformation, logarithmic
transformation, and discrete cosine transformation
(DCT). The representation of Eq. (4) in feature space
is given as

O (1) = Gl (1) + O (8), (5)

where CX(t), CH(t), and C5 N(t) are the n'h-
MFCC of the observed signal, the channel distor-
tion, and mixed signal (i.e., C¥, N(t) corresponds to
IS; (t)|? + |N;(t)|? in Eq.(4)), re-spectively. Since the
channel distortion slowly fluctuate in frame-time do-
main, we can assume that a derivative of each CX(¢)
is nearly 0. Therefore, the effect of the channel dis-
tortion can be reduced by subtracting the frame-time
average of each CX(t). Then, it is known that the
additive noise compresses a dynamic range of each
CX(t) [10]. Fig. 4 shows 15*-MFCCs for an utterance.
In this figure, the “Clean MFCC” denotes 15*-MFCC
on a noise-free speech signal, and the “Noisy MFCC”

CleanMS
——~NoisyMS | |

Q:
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=

§
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Modulation frequency [Hz]

Fig.6: Modulation spectra of 15-MFCCs followed
by MVN
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Fig.7: Amplitude responses of temporal filters

denotes that on a noisy speech signal. From Fig.4, we
can verify that the dynamic range of “Noisy MFCC”
is compressed by the additive noise. The effect of the
additive noise can be reduced by normalizing the vari-
ance of each C:X(t). The features followed by MVN

are calculated by

CX(t) — pin,
apv(p = Sl i, (©
o
where CMVN(t) is an n!"-MFCC followed by
MVN, u,, and o, are given by

1 T
Hn = f Zcr)t((t)v (7)
1 - X 2
=\ T KO- )

where T is the frame number of the utterance. Here,
Fig. 5 shows 158-MFCCs followed by MVN. The
difference of the range is compensated for, and we
can confirm that these MFCCs have high similarity.
Moreover, it can be expected that MVN reduces the
effect of the over-subtraction in SS because we can as-
sume that the over-subtraction is the mismatch dur-
ing training and testing.

3.2 Temporal filtering

It is important that we effectively deal with
frequency-domain signals of time-series of features
or spectra. The frequency-domain signals are called
modulation spectra, and its frequencies are called
modulation frequencies. It has been reported in [10]
that a part of modulation spectra have been impor-
tant for speech recognition. Especially, modulation
frequencies of 1 to 16 Hz are an essential band corre-
sponding to change of syllable. Figure 6 shows clean
and noisy modulation spectra of 15¢-MFCCs followed
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Fig.8: Unwrapped phase responses of temporal fil-
ters
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Fig.9: Time-series of 1°t-MFCCs followed by
MVN+TF

by MVN. This figure is plotted with the modulation
frequencies as the horizontal axis and its amplitude as
the vertical axis, and “Clean MS” and “Noisy MS”
indicate clean and noisy modulation spectrum, re-
spectively. We can find out a modulation frequency
band with large (1 to 10 Hz) and small (30 to 50 Hz)
amplitude in this figure. The band with large ampli-
tude is very important for recognition. In addition, it
can be found out that the important band in “Noisy
MS” was attenuated by noise. Therefore, a signif-
icant improvement can be expected by emphasizing
the important band using TF.

For example, Chen, et al. in [6] have proposed the
method that applies an ARMA filter to the features
followed by MVN. The ARMA filter is defined by

M _m

M D m=0% (9)
IM +1—-M  mm’

where M is the order of the ARMA. It has been

reported in [6] that the good results have been ob-

HARMA(Z) = 5




Isolated Word Recognition Based on Combination of Multiple Noise-Robust Techniques 85

tained with low calculation costs (M = 2). However,
the ARMA filter can cause phase-distortion due to
nonlinear-phase. As a result, the potential perfor-
mance cannot be reduced.

Therefore, we employ an FIR filter as TF for over-
coming the disadvantage. An FIR filtering can ex-
clude the effect of the phase-distortion, and an FIR
filter can flexibly be designed. In this paper, we
prepare three different the FIR filters with the sim-
ilar amplitude response to that of the ARMA filter.
Moreover, the FIR filters are also designed to have as
few filter-taps as possible. Figures 7 and 8 show the
amplitude responses and the phase responses, respec-
tively. “FIRTFE” indicates the characteristics of the
FIR filters. First, all amplitude responses in Fig. 7
are gentle. The filters have few filter-taps, and con-
sequently we can realize the low calculation costs.
Then, in Fig. 8, we can find out that the nonlinear-
phase of “ARMA” and the linear-phase of “FIRTF”.

Now, Fig. 9 shows 1st-MFCCs followed by MVN
and TF. TF smoothes these MFCCs, which present
the higher similarity than those in Fig. 5.

3.3 Experimental results with respect to
noise-robust features

In this section, we report the results of experiments
with respect to the noise-robust features. The exper-
imental conditions were the same as those in Section
2.2.

First, we performed the experiments to confirm
the effectiveness of TF. The results are shown in Ta-
ble 3. Under lower SNR conditions, “ARMA” led
to improvements in comparison with “no-filter”, and
“FIRTF” presented further improvements. Addition-
ally, the filters with high attenuation (i.e.,“FIRTF
Type-1IT” and "ARMA M = 27) tended to be pre-
ferred in “Average”.

Then, we carried out the experiments combined
MVN+FIRTF (Type-III) with SS. The results are
shown in Figs. 10-12. The improvements were ob-
tained under all SNR conditions. Especially, under
0 dB SNR condition, we obtained the improvements
from 77.38% to 80.97% in the best case (i.e., pa-
rameter set {«o,8} is {2.4, 0.05}). Furthermore, we
can notice that the best performance under all SNR
conditions can be obtained from the similar param-

Table 3: Recognition results [%] of noise-robust fea-
tures with clean HMMs

MVN+ MVN+ MVN+ MVN+ MVN+ MVN+

SNR ——— ARMA ARMA FIRTF FIRTF FIRTF
M=L AM=2 Type-I Type-II Type-IIT

20 [dB]| 99.18 99.18 99.14 99.17 99.16 99.14
10[dB]| 95.92 96.50 96.27 9642 96.54 9647
0 [dB]| 70.17 76.58 7692 7576 77.04 77.38
Average | 88.42 90.75 90.77 90.45 9091 91.00
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Fig.10:  Results of SS+MVN+FIRTF (Type-III)

with clean HMMs under 20 dB SNR condition
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with clean HMMs under 10 dB SNR condition
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eter set (i.e., {a,8} is {2.4, 0.05} or {2.4, 0.15}).
In other words, the effects of the over-subtraction
were reduced by combining the noise-robust features
with SS. However, since the recognition accuracy is
still insufficient, we introduce multi-condition train-
ing (MC-Training).

4. NOISE-ROBUST ACOUSTIC MODEL
4.1 Multi-condition HMM

MC-training has been proposed as a training
method to improve the recognition performance in
noisy environments [9]. The method generates an
acoustic model from noise-free and noisy speech sig-
nals. The acoustic models are called MC-HMMs. The
schematic of MC-HMMs is shown in Fig. 13. If the
speech signals for training are recorded from single
environment (i.e., Noise-free, Noise-A, and so on),
the HMMs specialized in the environment are gen-
erated. To train MC-HMMs, therefore, we should
use the speech signals recorded under various envi-
ronments. Consequently, MC-HMMs can acquire the
ability to cope with speech signals under various en-
vironments. Here, Table 4 shows the detailed results
in the previous experiments. In this paper, a train-
ing set for MC-HMMs consists of both the noise-free
speech signals and noisy speech signals. To generate
the noisy speech signals, “Station”, “Factory”’, and
“Sorting site” were artificially added to the noise-free
speech signals at 20 and 10 dB SNR levels. These
types of noise are the worst 3 in Table 4.

4.2 Experimental results with respect to MC-
HMDMs

We inform the results of experiments with respect
to MC-HMMs in this section. In the experimental
conditions, the number of mixtures for each state was
set to 3, and all the others were the same as those in
Section 2.2.

First, we evaluated the performance of MC-HMMs
with the noise-robust features. The results are shown
in

Noise-C

Noise-free

Word AN

Noise-A

Noise- C
/ \ B\ Noise
# Noise-free \

Noise-D

Fig.13: Schematic of MC-HMMs

Table 4: Detailed results [%] of SS+MVN+FIRTF
(Type-III) with clean HMMs

Noise SNR | 0[dB] | 10[dB] | 20[dB]
Runningcar (2000 cc) 98.90 | 99.47 | 99.60
Runningcar (1500cc) 98.27 | 99.40 | 99.50
Exhibition hall (booth) 7523 | 97.07 | 99.23
Exhibition hall (in aisle) 83.07 | 97.83| 99.10
Station 58.17 | 94.43 | 98.83
Telephone box 98.40 | 99.40 | 99.57
Factory 60.93 | 9523 | 99.10
Sorting site 62.73 | 94.87 | 99.13
Highway 78.17 | 97.20 | 99.30
Crowd 88.03 | 98.20 | 99.23
Train (bullet train) 9727 | 9927 | 99.50
Train (conv. line) 73.83 | 95.07 | 9927
Computer room (mid-size) | 80.60 | 98.10 | 99.47
Computerroom (w. s.) 8397 | 97.63 | 99.17
Air-conditioner (large) 8443 | 98.13 | 9940
Fan-coil 89.83 | 98.60 | 99.23
Elevator hall 64.63 | 9470 | 98.97
Average 80.97 | 97.33 | 99.27

Table 5: Recognition results [%] of noise-robust fea-
tures with MC-HMDMs

MyNe MYN+ MVNE MVN+ MVN+ MVN+
SNR ARMA ARMA FIRTF FIRTF FIRTF

nofilter “" 301 A2 Typed Type-dl Type-l
20 [dB]| 99.58 99.52 9938 99.55 99.50 99.48
10[dB]| 98.91 98.86 98.51 98.91 98.83 98.74
0 [dB] | 88.91 90.53 89.43 90.51 90.61 90.40
Average | 95.80 9630 95.77 96.32 9631 96.21

Table 5. TF did not effectively work under 20 and
10 dB SNR conditions, although TF was able to im-
prove the accuracy under 0 dB SNR. TF can empha-
size the important modulation spectra attenuated by
noise but damage modulation spectrum of speech in
high modulation frequency band. Under the SNR
conditions considered in MC-training, TF normally
should be skipped. However, it is difficult to know
SNR for an input signal. Among these filters, there-
fore, “FIRTF Type-1” is prospective TF be-cause the
filter maintained the performance under 20 and 10
dB SNR conditions.

Then, we ran the experiments introduced SS to
MVN +FIRTF (Type-I) with MC-HMMs. The re-
sults are shown in Figs. 14-16. Although we achieved
further improve-ments from 90.51 to 92.23 under 0 dB
SNR condition by introducing SS, the performance
did not advance under the higher SNR. This tendency
was also caused by the above-mentioned reason. It
should be noted that introduction of SS improved the
performance under the unconsidered SNR condition
without degrading the performance under the consid-
ered SNR conditions.

Finally, Table 6 shows the detailed results of SS+
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Fig.14: Results of SS+MVN+FIRTF (Type-I) with
MC-HMMs under 20 dB SNR condition
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MC-HMMs under 10 dB SNR condition
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Fig.16: Results of SS+MVN+FIRTF (Type-1) with
MC-HMMs under 0 dB SNR condition

Table 6: Detailed results [%] of SS+MVN+FIRTF
(Type-1) with MC-HMMs

Noise SNR | O[dB] | 10[dB] | 20[dB]
Running car (2000 cc) 99.10 | 9930 | 99.37
Running car (1500cc) 98.87 | 99.33 | 99.50
Exhibition hall (booth) 90.77 | 99.03 | 99.43
Exhibition hall (in aisle) 9443 | 99.07 | 99.40
Station 82.47 | 98.77 | 99.30
Telephone box 98.93 | 9933 | 9947
Factory 85.03 | 98.50 | 99.43
Sorting site 85.83 | 98.70 | 99.53
Highway 91.30 | 99.03 | 99.43
Crowd 9590 | 99.03 | 9943
Train (bullet train) 98.50 | 9927 | 9937
Train (conv. line) 8427 | 9843 | 99.27
Computer room(mid-size) | 93.37 | 99.27 | 99.43
Computer room (w. s.) 9483 | 99.13 | 99.53
Air-conditioner (large) 93.87 | 9927 | 99.53
Fan-coil 96.57 | 99.30 | 99.47
Elevator hall 83.80 | 98.27 | 99.27
Average 92.23 | 99.00 | 99.42

MVN+FIRTF (Type-I) with MC-HMMs. Compared
with the results in Table 3, MC-HMMs brought about
the remarkable improvement in not only the consid-
ered types of noise (bold) but also the others. Par-
ticularly, under 20 and 10 dB SNR conditions, we
were able to accomplish the accuracy over 98% in
all types of noise. On the other hand, under 0 dB
SNR, the accuracy was below 90% in some types of
noise. Therefore, we should introduce the processing
specialized under observed environment.

5. CONCLUSIONS

To achieve the high recognition accuracy under low
SNR condition with low calculation costs, we have
proposed a novel speech recognition system based
on combination of multiple noise-robust techniques.
Concretely, the system comprises SS, MVN, FIRTF,
and MC-HMMs. Consequently, without degrading
the accuracy under the higher SNR conditions, the
combined method allowed the accuracy to be im-
proved from 46.61% to 92.23% under 0 dB SNR.

As challenges for the future, we would like to fur-
ther improve the performance under noisy environ-
ment by introducing the processing specialized un-
der observed environment. Moreover, we would like
to develop a total speech recognition system that in-
cludes both voice activity detection and misrecogni-
tion rejection with the aim of making speech recog-
nition systems more popular.
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