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Abstract

We propose a new method of phoneme detection and
classification using neural networks. Neural networks
can automatically learn phoneme spotting and classifi-
cation by this method if hand-labeled speech data are
given. In this method, first, the candidate time posi-
tions of consonant in continuous speech were extracted
using an acoustic cues which indicated the possibility of
the consonant location. Then, the phoneme label corre-
sponding to the running spectra around the candidate
point was determined based on hand-labeled results for
speech wave. These candidate points were divided into
several groups depending on acoustic cues in order to re-
duce the charge of neural network learning. The neural
networks were trained by the backpropagation learning
procedure as those were able to label continuous speech
similar to hand-labeled results when the running spec-
tra around the consonant candidate points were given.
The speaker independent consonant recognition experi-
ment showed the recognition rate of about 80 % for the
test data set. This result proved the effectiveness of this
method.

1 Introduction

The back propagation learning method for artificial neu-
ral networks was proposed and its application method was
studied in various fields [1-3]. One of the most impor-
tant problem of the neural network application for phoneme
recognition in continuous speech is segmentation or phoneme
spotting. Neural networks must learn not only to classify
running spectra but also to identify phoneme location in ut-
terance. Unfortunately, there is no clear phoneme boundary
in continuous speech. Therefore, it is difficult to train neural
networks for segmentation of speech. Even if we can teach
real phoneme boundary to neural networks, neural networks
must learn not only all kinds of phoneme spectra time pat-
terns but also those time-shift patterns. In such a case,
the number of spectra patterns for learning becomes very
large. Furthermore, the time structure of spectra pattern is
so important for phoneme recognition that it is difficult to
recognize both the typical pattern and its time-shift pattern
with a high recognition rate. We need other methods to
avoid these kinds of difficult problems.

Our method is derived from the following considerations:
It is difficult to find phoneme boundary in continuous speech,
but it is easy to find acoustic evidence which might indicate

ICSLP 90, Kobe, Japan, November 1990

phoneme location in the neighbouring area. For example, we
can observe a power dip in the time pattern of the speech
energy in the vicinity of consonant location in almost all
cases. If the power dip is made by voiced stop consonant,
it generally exists just before the onset of explosion. If the
power dip is caused by nasals, it generally exists around the
boundary between nasal murmurs and vowels.

The onset of speech segment is also important. For ex-
ample, the running spectra from the beginning of the voice-
less stops has rich information for recognition. The running
spectra around these kinds of positions include useful and
important information for consonant recognition.

According to these considerations, we propose a new
method which makes it easy to learn the time structure from
the running spectra and which can reduce the number of
categories for learning.

2 Consonant Detection and Classification
Method

The method proposed here is as follows:

1) The time positions of consonant candidates are extracted
from continuous speech using acoustic cues which indicate
the possibility of the consonant location. The acoustic cues
used for the extraction and the grouping of consonant can-
didates are the onset of the speech segment, the voiceless
part and the power dip in the speech energy time pattern.

2) The candidates are classified into several groups depend-
ing on acoustic cues around the candidate positions.

For example, the candidate groups extracted by the power
dip can be divided into two groups. One is a group which
does not have a voiceless part in the vicinity of the power dip
position and the other is a group which has a voiceless part
in its vicinity. The latter group can be further divided into
two groups depending on whether the power dip is located
before or after the voiceless part.

The number of phoneme categories is reduced by this method,
and the training of neural networks become easier.

3) The phoneme label corresponding to the consonant can-

didate is automatically determined based on hand-labeled
results for speech wave. These labels include the labels of
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vowels and semi-vowels because the power time pattern of
vowel segment often has power dip.

4) The neural networks are trained by the backpropaga-
tion learning procedure as those can label continuous speech
the same as hand-labeled results when the running spectra
around the candidate position are given.

The illustration of this procedure is shown in Figure 1.
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Figure 1. lllustration of the procedure of the learning and the
recognition of consonants.

3 Speech Materials

Continuous speech sampled at a 10 kHz and VCV bal-
anced word set sampled at a 15 kHz were used as the speech
materials. ”VCV balanced” means that consonants in the
word data set have all kinds of acoustic environment made
by the five Japanese vowels and nasals as following and pre-
ceding segments [4].

Continuous speech was uttered by five males and five fe-
males for about four minutes. The word set consisted of 492
words uttered by ten males.

4 Acoustic Analysis

We used speech power, LPC cepstrum coefficients, spec-
tral change parameters and zero crossing rates as an acoustic
parameter. These parameters were estimated every 10 ms.

We used two kinds of speech power for consonant candi-
date detection and recognition. Those were the logarithms
of raw speech power P;(i) and speech power P,(7) after pre-
emphasis by 1—27'. Here, i indicates a frame number. P,()
is more sensitive for consonant location than Py (i) and it was
used in order to extract power dips.

The power dip position (¢) was estimated under the con-
dition as

PZ(Z)“‘PZ(Z"‘J)<O fOT (j=17213)
Py =Pt +J) <0

Speech onset and the silent part were determined setting
suitable thresholds for two kinds of speech power.

Hand-1abeled Results
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Figure 2. Time patterns of acoustic parameters which were estimated every 10 ms.

Time ->
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phonetic labels, speech waveform, two kinds of speech power, voiceless parts, zero-crossing rates, spectral

change parameters and LPC power spectra.
spectra in the experiment.
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LPC cepstrum coefficients were used instead of the power
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A linear prediction analysis with a Hamming window of
20 ms in length was used to estimate the LPC cepstrum
coefficients. The number of prediction coefficients, which
depended on a sampling rate, were 20 for continuous speech
and 30 for a word set.

We investigated which acoustic parameter were the best
for the recognition of vowels and nasals in a preliminary ex-
periment. We found that LPC cepstrum coefficients were
the best parameter [5]. We also found that the recognition
score was improved if two kinds of LPC cepstrum coeffi-
cients were used. Those were the coeficients, Cy(i) and
Cy(7), which were estimated from a raw speech wave and
pre-emphasized wave respectively. Subscript k indicates a
k-th LPC cepstrum coefficients. Two kinds of LPC cep-
strum parameters estimated from word set were converted
to those of 10 kHz.

Spectrum change parameter S(2) at i-th frame was esti-
mated as follows;

S(i) = log(Tiar Liat (Chli — 4 +5) — Cili +4))°
+ 25 Tt (G — 4 +j) — Cil(i + 1)),

Here, 7 and & are a frame number and k-th LPC cepstrum
coefficient respectively.

The time pattern of acoustic parameters used in the ex-
periment are shown in Figure 2.

5 Input for Neural Networks

Speech power and LPC parameter were given to neural
networks as follows:

1) P(i), Po(i), Cu(5) (k=1 ~3), Ci(i) (k=1 ~
14)  and S(i) were used for the recognition of phoneme
located around a power dip which does not have a voiceless
part in its vicinity.

2) PD), P(3), Cu() (k=1 ~ 3), Ci(i) (k=
1 ~ 13), S(i) and zero crossing parameter were used
for recognition of phoneme which were located around the
power dip which had a voiceless part in its vicinity. Those
were also used for the recognition of phoneme located at the
onset of the speech segment.

The maximum and minimum values of each parameter
were obtained from the data set and all kinds of param-
eters were normalized as the range was limited from 1 to
-1. The acoustic parameters over 15 frames, which began
seven frames before the candidate point were used as input
for neural networks. The number of input units was 301
including the input unit whose value is a unit value.

We decided to use three layer neural networks and 6 or
16 hidden layer units based on the preliminary recognition
experiment.

Neural networks were trained as the output of the unit
corresponding to phoneme became 1. The structure of neu-
ral networks is shown in Figure 3.
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6 Recognition Experiment

We conducted an experiment on the learning and the
recognition of consonants in continuous speech in order to
verify the effectiveness of our method. A recognition experi-
ment for four kinds of consonant candidate groups classified
in accordance to acoustic environments around a candidate
point were carried out.

Those candidate groups were as follows:

The first three groups were obtained using a power dip and
the last one was a candidate group located at the onset of a
speech segment.

1) The first one was a candidate group which did not have a
long voiceless part in its vicinity. This group included nasals,
voiced stops, liquids, week fricatives, voiced fricatives and
vowels including semi-vowels.

2) The second was a candidate group which had a voiceless
part in its vicinity, and the candidate position was just after
the voiceless part. This group included all kinds of voiceless
consonants.

3) The third was a candidate group which had a long voice-
less part. The power dip was positioned just before the
voiceless part. This group included voiceless fricatives.

4) The fourth was a candidate group which was located at
the onset of the speech segment. This group included all
kinds of phonemes. The number of voiceless consonants at
the onset were larger than that of voiced consonants because
voiceless stops had a silent part before explosion. Therefore,
we used voiced consonants and vowels as one category in this
experiment.

Each group can be further divided into several groups
using other acoustic cues. However, the size of the speech
database was not large enough to learn all categories. As a
result, we made a recognition experiment for four groups.

INPUT UNITS

Figure 3. Structure of three layer neural networks used in the
experiment. The number of input units is 301 including the in-
put unit whose value is 1. The number of hidden units depends
on the data set for recognition.
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Table 1. Confusion matrix for the first candidate group.
w\ ovr|m,n,N|b, d h zZ r | vowel | N of DATA
m,n,N | 87.4 0.5 06| 16| 3.4 6.5 1058
b,d 22 | 844} 09 3.5 7.3 1.7 1177
h 2.7 1.7 {88.9] 4.0| 0.0 2.7 593
Z 2.0 2.6 3.1 186.7 1.2 4.4 840
r 2.7 5.0 0.5 | 2.2 |84.6 4.9 773
vowel | 10.9 0.2 277 66| 23| 774 1394
% CORRECT
Table 2. Confusion matrix for the second candidate group.
N\ out|{ p,t k ts ch f s sh | Nof DATA
p,t | 74.3]203) 00| 0.0 54| 0.0 0.0 74
k 6.9 |79.7| 1.0|10.0(| 2.1} 0.0 0.3 290
ts 2.3 54769 69| 00| 7.7 0.8 130
ch 2.1 62| 3.4(80.3| 0.7 0.0| 7.2 290
f 3.1 2.0 0.0] 0.8 1925 1.2} 04 254
s 0.0 23| 43| 1.3 ] 1.078.2]12.9 395
sh 0.2 05) 00| 2.8 0.0} 5.3|91.2 434
Table 3. Confusion matrix for the third candidate group.

Table 4. Confusion matrix for the fourth candidate group.

w\ our| f s | sh |NofpaTA
f 87.6 | 2.1 10.3 233
s 1.7 [ 85.6 | 12.7 644
sh 7.7(13.5] 78.8 780

In the recognition experiment, we divided the data in
each group into two data sets using one as a training data set
and the other as a test data set. The number of categories
in each group was determined by the amount of data and
the difficulties of recognition.

Confusion matrices obtained for test data sets are shown
in Table 1 ~ 4.

7 Conclusion

We had a recognition experiment for four kinds of con-
sonant candidate groups which were classified depending on
acoustic environments around a candidate position. More
than one candidate position often existed around consonant
in the experiment. For example, two candidate positions
were located before and after the voiceless part if the du-
ration of the voiceless parts was long. Furthermore, other
candidates can be extracted by using other acoustic fea-
tures. For example, it is easy to extract a stable part by
using spectral change parameters which are located at vowel
parts, nasal murmurs and long voiceless parts.

The degree of difficulty to discriminate consonants de-
pends on the location of candidate positions because the lo-
cation of important cues for recognition are different among
consonants. Therefore, the confidence of recognition results
depends on the candidate location. In such a case, a recog-
nition system must combine the recognition results if the
the recognition results are different from each other.

Further investigations will be carried out to combine the
recognition results and to obtain the higher discrimination
score.
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