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Abstract

In this paper, we propose a new method for speech recognition
in the presence of non-stationary, unpredictable and high-level
noise by extending PreFEst [3]. The method does not need to
know noise characteristics in advance and does not even esti-
mate them in its process. A small set of evaluations demon-
strates the feasibility of the method by showing a good perfor-
mance even with a signal-to-noise ratio of less than 10 dB.

1. Introduction
Speech recognition can improve the productivity of a factory
when used effectively. For example, we have to record the con-
ditions of our products at the last stage of a string of manufac-
turing processes. The people who test these products record the
results by voice, and accordingly their hands are free and they
do not need to take their eyes off of the products. As a result,
the number of times a belt conveyer is stopped is fewer than be-
fore, and the productivity as a whole is improved. The number
of words that should be recognized is not very large because
the test items are fixed beforehand. The task is therefore not
difficult for speech recognition. The problem is that there are
various noise sources that make non-stationary, unpredictable
and high-level noise in the factory.

Speech recognition is very vulnerable to additive noise.
Therefore, taking some measures to overcome noise problems
is indispensable for the practical use of speech recognition. The
prime method with one microphone is PMC (parallel model
combination) [1]. This method is based on model compensa-
tion and needs to estimate the model for all types of noises in
advance. Therefore, it does not work in the presence of non-
stationary noise.

In this paper, we propose a new method for speech recog-
nition under noisy environments. The method does not need to
know noise characteristics in advance and does not even esti-
mate them in its process. The method is not based on model
compensation although it uses prior information about clean
speech.

2. Outline of the Proposed Method
The proposed method is an extension of PreFEst (Predominant-
F0 Estimation Method)[2] [3] which was developed to esti-
mate melody and bass lines from music signals. The proposed
method is composed of four processes.

1. Create acoustical templates from speech sounds of can-
didate words recorded in a silent room to prepare proba-
ble tone models (section 2.3)

2. Perform short-time spectral analysis of the observed sig-
nal (section 2.1)

3. Represent spectral components of the observed signal as
a probability density function (PDF). Then, consider that
this PDF is generated from a weighted-mixture model
of tone models for all possible fundamental frequen-
cies (section 2.2). Estimate the weighting values of tone
models each time (section 2.4)

4. Regard the weighting values of tone models as the rel-
ative dominance of acoustical templates in the observed
signal, and get the recognition result by calculating the
cumulative summation using the DP-matching algorithm
(section 2.5)

Each process is described in the following sections.

2.1. Spectral Analysis of Observed Signal

The observed signal is spectrally analyzed every T using a
multi-rate filter bank [2]. Then, instantaneous frequencies are
calculated from the output of the filter bank. When the output
of the filter bank is X(ω, t) = a + jb, the instantaneous fre-
quencies are

λ(ω, t) = ω +
a∂b
∂t

− b∂a
∂t

a2 + b2
. (1)

Because the candidates for the frequency component are
represented as equilibrium points on the mapping from the cen-
ter frequency of the filters to the instantaneous frequencies [4],
they are obtained as

ψ(t) = ω|λ(ω, t) − ω = 0,
∂

∂ω
(λ(ω, t) − ω) < 0. (2)

The power of the frequency component is given as the value
of the power spectrum of a short-time Fourier transform, that is,
ψ(ω, t) = |X(ω, t)|.

2.2. Weighted-mixture Model of Tone Models [2]

The probability density function p
(t)
ψ (x) of the observed signal

at time t is given as follows:

p
(t)
ψ (x) =

ψ(ω, t)∫
ψ(ω, t)dω

. (3)

The PDF of the m-th tone model whose fundamental frequency
is F is described as follows:

p(x|F,m,µ(t)(F,m)) =

H∑
h=1

p(x, h|F,m,µ(t)(F,m)) (4)

where
p(x, h|F,m,µ(t)(F,m)) = c(t)(h|F,m)G(x|F,h), (5)
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H denotes the number of harmonics taken into consideration,
and G denotes the Gaussian distribution that has its maximum
at h · F .

We consider that the observed PDF p
(t)
ψ (x) is gen-

erated from a weighted-mixture model p(x|θ(t)) of
p(x|F,m,µ(t)(F,m)),

p(x|θ(t)) =

∫ Fh

Fl

M∑
m=1

w(t)(F,m)p(x|F,m,µ(t)(F,m))dF

(6)
where Fl and Fh denote the lower and upper limits of the pos-
sible fundamental frequencies, respectively, and w (t)(F,m) de-
notes the weighting value of a tone model and satisfies∫ Fh

Fl

M∑
m=1

w(t)(F,m)dF = 1. (7)

If we can estimate model parameters θ (t) as if the observed
PDF p

(t)
ψ (x) is generated from the model p(x|θ (t)), the weight-

ing value w(t)(F,m) represents the relative dominance of each
tone model.

2.3. Preparation of Probable Tone Models

Template speech sounds of the candidate words are recorded
in a silent room. The total number of templates is N and the
spectral envelope of the n-th template at time t is represented
by C(t)(x|n). C(t)(x|n) and voiced/unvoiced indices of the
templates are obtained every T by using STRAIGHT [5].

Considering of the dynamic time warping between the ob-
served signal and the template speech, tone models are gener-
ated by using plural C (t)(x|n) included within an adjustment
window whose center is t from each template. When the num-
ber of C(t)(x|n) within the adjustment window is r, the total
number M of tone models at fundamental frequency F is r ·N .
Figure 1 illustrates the relation between C

(t)
0 (x|m) at time t

and the envelopes of templates C (t)(x|n).
The parameter µ

(t)
0 (F,m) of the tone model

p(x|F,m,µ
(t)
0 (F,m)) with fundamental frequency F

is
µ

(t)
0 (F,m) = {c(t)

0 (h|F,m)|h = 1, · · · ,H} (8)

where

c
(t)
0 (h|F,m) =

C
(t)
0 (x|m)δ(h · F )∑H

h=1
C

(t)
0 (x|m)δ(h · F )

(9)

provided that the voiced/unvoiced index at time t is voiced.
Such a generation method of tone models can not represent

adequately the characteristics of the unvoiced sounds. There-
fore, we substitute the following equation for equation (9) when
the voiced/unvoiced index at t is unvoiced.

c
(t)
0 (h|F,m) =

1

H
δ(h · F ). (10)

2.4. Parameter Estimation using EM Algorithm [3]

When we observe PDF p
(t)
ψ (x), we want to estimate parame-

ter θ(t) of model p(x|θ(t)) of the observed PDF based on prior
distribution p0(θ

(t)). Ultimately, each iteration in the EM algo-
rithm updates the old estimate θ ′(t) = {w′(t), µ′(t)} to obtain
the new improved estimate θ(t) = {w(t), µ(t)} for estimation

Figure 1: The relation between C
(t)
0 (x|m) at time t and

C(t)(x|n) of templates.

of the maximum a posterior probability of θ(t) based on the
prior distribution [3].

w(t)(F,m) =
w

(t)
ML(F,m) + β

(t)
ω ω

(t)
0 (F,m)

1 + β
(t)
ω

(11)

and

c(t)(h|F,m) =

ω
(t)
ML(F,m)c

(t)
ML(h|F,m) + β

(t)
µ (F,m)c

(t)
0 (h|F,m)

ω
(t)
ML(F,m) + β

(t)
µ (F,m)

(12)

where

w
(t)
ML(F,m) =

∫ ∞

∞
p
(t)
ψ (x)P1dx

P1 =
w′(t)(F,m)p(x|F,m,µ ′(t)(F,m))∫ Fh

Fl

∑M

v=1
w′(t)(u, v)p(x|u,v, µ′(t)(F, v))du

(13)

and

c
(t)
ML(F,m) =

1

w
(t)
ML(F,m)

∫ ∞

−∞
p
(t)
ψ (x)P2dx

P2 =
w′(t)(F,m)p(x, h|F,m,µ ′(t)(F,m))∫ Fh

Fl

∑M

v=1
w′(t)(u, v)p(x|u, v, µ′(t)(F, v))du

. (14)

w
(t)
ML(F,m) and c

(t)
ML(h|F,m) are the maximum likeli-

hood estimates when noninformative prior distribution is given,
and ω

(t)
0 (F,m) and c

(t)
0 (h|F,m) are the most probable param-

eters given in advance. β (t)
ω determines how much importance is

attached to ω
(t)
0 (F,m), and β

(t)
µ (F,m) determines how much

importance is attached to c
(t)
0 (h|F,m). β(t)

µ (F,m) which is the
weighting value of the most probable parameter µ

(t)
0 (h|F,m)

of the prior distribution should be sufficiently large because we
want to know how large the dominance of C

(t)
0 (x|m) is. We

then define the dominance of C (t)
0 (x|m) in the observed signal

as follows:

s(t)(m) =

∫ Fh

Fl

ω(t)(F,m)dF. (15)
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2.5. DP-matching based on dominance

In section 2.3, the tone models that compose a weighted-
mixture model at time t are prepared by using r pieces of spec-
tral envelopes from the corresponding N pieces of templates.
In this case, the reverse process is performed, that is to say,
s(t)(m) is distributed to each template that has generated the m-
th tone model. Consequently, r pieces of s (t)(m) are distributed
to one template. The cumulative summation of the dominance,
which is called ”the word dominance”, is obtained using the
DP-matching algorithm [6] based on the dominance. The can-
didate word whose word dominance is the maximum is regarded
as the recognition result.

In the DP-matching algorithm, the following slope con-
straint is applied.

g(i, j) = max

[
g(i − 2, j − 1) + 2s(i − 1, j) + s(i, j)
g(i − 1, j − 1) + 2s(i, j)
g(i − 1, j − 2) + 2s(i, j − 1) + s(i, j)

]
(16)

where i and j denote the discrete time indices of the spectral
envelopes of the observed signal and the templates respectively.
Needless to say, the size of the adjustment window used in the
DP-matching algorithm is equal to r.

3. Method for Determination of Speech
Period

It is difficult to determine the starting point of recognition in
the presence of high-level noise. Instead, we determine speech
periods by directly sensing the laryngeal of the speaker using
a throat microphone. We count the number of zero-crossings
of a short-term piece of the output waveform from the throat
microphone. We can determine the voiced period by watching
the time change of the count because the number gives a cue on
whether the vocal cord vibrates or not. Although the unvoiced
part of the start or end of the utterance can not be included in
the speech period by using the cue, this is not a big problem.
The reason is because the unvoiced part at the start or end of the
utterance is not important, since the unvoiced part has not been
adequately modeled yet.

All of the clean or noisy speech sounds for the evaluations
described in the next section were automatically extracted from
recorded tapes by using this method.

4. Evaluations
The proposed method was evaluated using several kinds of
noisy speech made by two types of methods; one was noisy
speech recorded in quasi-noisy environments and the other was
artificially made by computer.

4.1. Evaluations using Noisy Speech recorded in quasi-
Noisy Environments

Two kinds of noisy environments were simulated in an ane-
choic room by using computer room noise and factory noise
recorded in the JEIDA noise database [7], respectively. The
former noise was stationary and the latter was non-stationary.
One speaker uttered eight names of prefectures in Japan some-
what louder than usual in the noisy environments. The speech
sounds through a headset microphone (B&K Type4035) and
those through a throat microphone (Audio-Technica AT890)
were recorded into the L and R channels of a DAT recorder,
respectively.

Figure 2: Word dominance of templates for noisy speech
recorded in a quasi-noisy environment. The background noise
is computer room noise.

Figure 3: Word dominance of templates for noisy speech
recorded in a quasi-noisy environment. The background noise
is factory noise.

The noise level at the location of the headset microphone
was adjusted to the same level that the noise was recorded. As
a result, the noise level was about 70 dB(C) in both cases of
the computer room noise and the factory noise. As the sound
pressure level of the speech was about 78 dB(C), the signal to
noise ratio was about 8 dB. In addition to these kinds of noisy
speech, several clean speech sounds were recorded. One set of
them was used as the template speech.

Figure 2 and Fig. 3 show results for speech recorded in the
quasi-noisy environments of the computer room and the fac-
tory, respectively. The horizontal axes show the spoken words
and the vertical axes show the word dominance of the template
speech of the candidate words. The figures show that the domi-
nance of the correct word is larger than those of the other words.

4.2. Evaluations using Artificial Noisy Speech

We created some noisy speech artificially by adding noise to
clean speech at several signal to noise ratios (SNR) to evaluate
the difference in performance according to the SNR.

Figure 4, Fig. 5, Fig. 6, Fig. 7 and Fig. 8 show the results
obtained in the cases of clean speech and several kinds of noisy
speech made by combining two kinds of SNR and two kinds of
noise. The figures show that the word dominance of the correct
word and the margins (namely, the differences from those of the
other words) become smaller as the SNR decreases. Even when
the SNR is 0 dB, however, 13 out of 16 words are still recog-
nized correctly, although the differences of the word dominance
between the correct word and the other words are small.

As the reference data, in table 1 we show the number of
times the correct recognition of the same speech is achieved
by using traditional speech recognition that is based on cepstral
distances and that uses the DP-matching algorithm. The slope
constraint and the size of the adjustment window are the same
as in the proposed method. In the case of clean speech, all eight
words are recognized correctly. On the other hand, in the cases
that the SNR is 10 dB or 0 dB, the correct recognition count
declines to almost the chance level.
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Table 1: The number of correct answers to the total number of
words for traditional speech recognition.

computer room factory noise
SNR(dB) ∞ noise

10 0 10 0
Correct Answer
Total Number

8/8 1/8 2/8 1/8 2/8

5. Conclusions and Future Works
We proposed a new method that is an extension of the frame-
work of PreFEst to achieve speech recognition in the presence
of non-stationary, unpredictable and high-level noise. A small
set of evaluations shows the feasibility of the proposed method.
We plan to evaluate the method for another test set on a larger
scale soon.

The localization in time of estimation errors of tone models
contributes toward greater robustness of the proposed method,
but, unsuitable tone models of unvoiced sounds lower the per-
formance, because they have a bad influence on selecting the
best pass in the DP-matching. The establishment of a method
for creating suitable models of unvoiced sounds is an important
future problem to be tackled.
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Figure 4: Word dominance of templates in clean speech.

Figure 5: Word dominance of templates in noisy speech made
artificially by computer. The noise is computer room noise. The
SNR is 10 dB.

Figure 6: Word dominance of templates in noisy speech made
artificially by computer. The noise is factory noise. The SNR is
10 dB.

Figure 7: Word dominance of templates in noisy speech made
artificially by computer. The noise is computer room noise. The
SNR is 0 dB.

Figure 8: Word dominance of templates in noisy speech made
artificially by computer. The noise is factory noise. The SNR is
0 dB.


