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Abstract

The paper deals with the problem of automatic
phonetic segmentation of speech signals, namely for
speech analysis and recognition purposes. Several
methods and approaches are described and evaluated
from the point of view of their accuracy. A complete
instruction for creating an annotated database for
training a Czech speech recognition system is provided
together with the authors’ own experience. The results
of the work have found practical applications, for ex-
ample, in developing a tool for semi-automatic speech
segmentation, building a large-vocabulary phoneme-
based speech recognition system and designing an aid
for learning and practicing pronunciation of words or
phrases in the native or a foreign language.
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1. Introduction

Modern speech analysis and synthesis techniques re-
quire large databases of recorded speech signals. The re-
cordings must be annotated, i.e. accompanied by precise
phonetic transcription of their content. Often we also need
to know exact positions of individual words and phonemes
in the signal. This leads to a task that is referred to as pho-
netic segmentation and label alignment. It is an important
task whose results find application in speech synthesis (to
make an inventory of basic speech sounds), in recognition
(for training models of speech units, usually phonemes), in
speech learning and rehabilitation (for identifying wrongly
spoken parts of an utterance).

Though the segmentation problem has been investi-
gated for many years and several comprehensive studies
have been published (e.g. [1]), for many researchers it still

remains a challenging task. Recently, we could meet new
methods based on artificial neural networks [2], analysis
through synthesis [3], edge detectors [4]) or multi-level
segmentation [5]. The problem of speech detection and
segmentation in extremely noisy environment is dealt, for
example, in [6].

In this paper we describe our approach and the meth-
ods we applied for creating a large annotated database
designed for the purpose of the recognition of spoken
Czech. Because no such database did not exist before, we
had to start from scratch. To minimise the tedious work
associated with recording and annotating speech data we
have developed methods and tools that allowed us to per-
form signal segmentation and phonetic label alignment in a
semi-automatic and even automatic way. We believe that
learning our approach and experience may be useful for
those who must accomplish a similar task, either in Czech
or other language.

The paper is structured as follows: In the next section
we state briefly the technical parameters of the database
that was the main subject of the segmentation work. Sec-
tion 3 gives a detailed overview of the methods we used.
Section 4 deals practical implementation issues and section
5 is focused on comparing the accuracy of the methods.
Practical applications based on the research are mentioned
in section 6.

2. A training database for speech
recognition of Czech

In 1998 we started to collect a large corpus of read
Czech sentences. The structure of the corpus was designed
so that the data could be used for training a phoneme based
continuous speech recognition system for Czech language.
We adopted a phoneme inventory defined in [7] (with a
minor modification that consisted in including also the
rarely occurring phoneme ,,schwa“) and constructed a set
of 82 phonetically rich sentences. The set, which is an
extension of that proposed in [8], covers all 42 phonemes
in various context. The less frequent phonemes have at
least 16 occurrences while the vowels, for example, appear
in several hundred instances. Up to now the sentences have
been recorded by 60 people, who were selected with re-
spect to the gender and age. Several speakers passed two
recording sessions, so the complete corpus contains almost
14 hours of speech, now.

The signal was recorded by a common head-mounted
microphone set directly to a computer using 8 kHz sam-
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pling rate and 16 bit resolution and stored in the WAV
format. Each sound file was further processed to get
parametric representation that is standardly used in our
speech recognition systems: i.e. a 20-dimensional feature
vector composed of 8 LP cepstral and 8 delta cepstral coef-
ficients, log energy together with its 1st and 2nd deriva-
tives and a value of the spectral variation function (SVF -
see section 4). The feature vectors were computed every 10
ms for 20 ms long frames. The energy and SVF values are
used only for phoneme boundary identification, not for
distance or probability computation.

3.

lows: Having a speech signal and its phonetic transcription
(containing also symbols for pauses and noise events), the
goal is to align the transcription with the signal, i.e. to find
the starting and ending times (frames) for all the symbols
in the transcription. There are several possible ways to
reach the goal and here are the most commonly used ones:

1.

Template utterance with known segmentation

Methods of speech segmentation

The phonetic segmentation problem is defined as fol-

Manual segmentation. A human expert listens to the
signal while simultaneously watching its waveform and
places manually the phoneme labels. In general, this is
the most accurate approach, although it is known that
even skilled experts (phoneticians) may differ slightly
when positioning phonemes in the same signal [1]. Ob-
viously, this approach is very tedious and expensive.

Segmentation based on DTW. This method can be em-
ployed if we have a reference template for the utterance
to be processed and this template is already segmented
and labelled. Using the well-known Dynamic Time
Warping (DTW) algorithm (see, for example [9] or
[10]) we can try to match and align both the signals and

Distance matrix

\\\ ........ 7

Estimated phoneme boundaries

Fig.1. llustration of the DTW based phonetic segmentation method

. Utterance to be

their transcription symbols. The method assumes that
we have somehow produced the templates (usually us-
ing the manual way).

Segmentation based on HMM. Provided we already
have statistic models (hidden Markov models - HMM
[9,10]) of all acoustic (phonetic and noise) units we can
use them to create a composite model based on the tran-
scription and search for the best alignment between this
model and the signal. However, to get good models of
the phonemes, we need to train them on large amount
of previously segmented and extracted samples of each
phoneme.

Embedded segmentation with HMM. This most com-
plex approach is based on an iterative procedure in
which HMM training and signal segmentation is per-
formed simultaneously. It assumes a large set of pho-
netically transcribed signals, a rather powerful machine
and a lot of patience because many iteration steps are
needed to achieve good models and an acceptable seg-
mentation performance. This approach is the only one
that does not require any manual work because it may
run in fully automated, unsupervised manner. However,
several published works show that the models and the
quality of the segmentation are more or less inaccurate
compared to the results achieved by a proper combina-
tion of the previously mentioned methods.

In the following subsections we shall take a closer
look at the most convenient methods that are based on the
DTW and HMM techniques.

3.1 DTW based alignment method

Let us have utterance template Y. Its signal is split
regularly into frames that are represented by feature vectors
y={,,...yy}. The template is pho-
netically transcribed as a sequence of K
labels a = {a,,a,,...a,} that have been
aligned with the frame vectors. Sequence
k={yo:yalVnryal s> Ve 1}
denotes the pairs of left and right bounda-
ries (frames) belonging to each label a;.

DTW path

Due to obvious initial and continuity con-
ditions, we get ¥, =¥y Vin = Veny +1
and y =Yy

Now we have another utterance X
with the same phonetic transcription a and
feature vectors x = {x,,X,,...x,}. We
need a procedure that will find sequence
h={{xy, %0 L [Xp2: X2 1seenenne [xpxsXex 1}

that defines the phoneme boundaries in
that utterance.

segmented

The problem can be solved by ap-
plying the Dynamic Time Warping algo-
rithm. Searching for the minimum DTW
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distance between X and Y using the formula

D(X,Y) = mjnzd(xm,wam,) (1

m=1

we obtain the best alignment relation w between frames x
and y and hence also the best alignment (in the sense of the
DTW distance) between sequences & and . The boundary
points defining sequence h are determined as

(2

Xy =Vusy and x, = Y tei)
The illustration of the principle is in Fig.1.

In practice, the two utterances X and Y, even if they
have the same transcription, may differ significantly in
their length and timing. Therefore the relation w (named
the DTW path) should have the most general form allow-
ing an arbitrary number of vertical, diagonal and horizontal
transitions in the DTW plane. In such case the w is not a
function and the interpretation of the equation (2) must be
slightly modified, namely for special (though rare) situa-
tions when y,, (or y,) projects itself to more than one x

frames, or when more than one boundary points of signal y
project to the same x frame. These situations can be solved
by applying additional rules that determine the boundary
points unambiguously and also respect a minimum pho-
neme length.

3.2 HMM based method

The HMM segmentation method perform on a very
similar principle. Here, instead of the template signal we
employ a composite model M created by concatenating
HMMs of all the symbols occurring in the transcription of
the signal to be segmented. This long HMM is matched to
the speech signal X using the Viterbi algorithm. It will find

et ikelihood matrix -

........................

....................................

........................................

Concatenated phoneme Hidden Markov Models

Estimated phoneme boundaries

Fig. 2. Phonetic segmentation based the HMM technique

the most probable alignment (so called Viterbi path) be-
tween the signal and the states of the composite model. The
Viterbi procedure defines the probability of X given model
M by formula (3):

M
P(X,M) = max er(m}w(m-l}pw[m}(xm) 3)
¥ m=]

where the w is the Viterbi sequence of model states maxi-
mising the P(X,M), 7, (m is the probability of the

transition from the state visited (on path w) in frame m-1I to
the state aligned to frame m and p,,,, (x,)is the probabil-

ity that vector x, is emitted by the latter state.

Again, like in the DTW method, we can identify the
moments when the Viterbi path enters and leaves individ-
ual phoneme models and project them onto the x axis. In
this way we obtain the sequence h that determines the most
probable phoneme boundaries. The method is illustrated in
Fig.2.

4. Practical issues

The database segmentation project was performed in
the following steps:

A. A specially designed sentence containing all Czech
phonemes was recorded and manually segmented. The
most representative instances of each phoneme were
stored under the name ABC set.

B. The same speaker (MJN - man, one of the authors of
this paper) recorded the complete set of the 82 sen-
tences. (This set was named MJNI.) Each sentence
was automatically pre-segmented using an artificial

™ Viterbi path C.

Utterance to be

reference template made by concatenating the
parameterised signals of the corre-
sponding phonemes taken from the
ABC set. Each phoneme boundary was
checked visually and acoustically and
some manual corrections were made.

A software tool for semi-automatic
phonetic alignment and labelling was
developed. The tool, named Aligner,
helps a user by automating most of the
procedures associated with recording
and processing the speech database -
see subsection 4.1,

D. Ten male and ten female speakers re-
corded the complete set of the sen-
tences. Their data was segmented by
means of the Aligner. Each processed
sentence was checked and the labels
and their positions were manually cor-
rected if necessary.

E. An initial set of phoneme HMMs (the
HMM]1 set - standard left-to-right mod-

segmented



4 Methods and Application of Phonetic Label Alignment in Speech Processing Tasks
J. NOUZA, M. MYSLIVEC

Radioengineering
Vol. 9, No. 4, December 2000

they are no further than * 1 frame. The
positions of the peaks are marked (by
white lines), which helps the user in
manual fine-tuning.

5. Segmentation accuracy

In order to evaluate the accuracy

of the proposed phonetic alignment

procedures we performed a series of

experiments. These experiments should
have compared manually positioned

boundaries with those determined by
the two basic (DTW and HMM) meth-

Fig. 3. A snapshot of the Aligner tool with check and modify windows open

els with 3 states and 4 mixtures) was trained on the
available data and used for the fully automatic
(unsupervised) segmentation of the sentences recorded
by another group of twenty speakers. Both the new and
previous sets were employed in training more accurate
3-state-16-mixture models (the HMM?2 set).

F. All later acquired speech data were automatically seg-
mented using the HMM method and the HMM2 set.

4.1 Aligner - tool for segmentation

The Aligner provides assistance to those who repeat-
edly record, segment and check speech databases. It simpli-
fies recording by picking up and displaying sentences from
the given list, it generates their phonetic transcription,
computes speech signal parameters and produces segmen-
tation based on the DTW (or
HMM) method.

The segmented and la-
belled signal can be checked

ods and various reference sets.

We chose 2 speakers (1 man and 1
woman) who recorded the whole sen-
tence list two times. Both the repeti-
tions of each sentence were segmented
by an expert with the aid of the Aligner.
(The smallest unit for moving the phoneme dividing mark-
ers was one frame. i.e. 10 ms.) In a series of experiments
we evaluated and compared five different approaches:

1. DTW segmentation using the ABC reference set.
2. DTW segmentation using the MJN1 reference set.

3. DTW segmentation employing the second recording
of the same speaker as the reference. (For example,
the ZIM1 data was processed using the already
segmented ZJM2 data.)

4, HMM segmentation based on the HMM1 model set.
5. HMM segmentation based on the HMM2 model set.

For each test speaker we measured the shift between
the phoneme boundaries set by the expert and those deter-

Segmentation accuracy

in many ways. The user can 50 ] ]
listen to each labelled seg- 45 —e—ZJMI
ment, modify its boundaries 40 +—t+—t—t—1—1 —1 ‘M\—'“‘ —

as well as its label. He can 35 —=—MINT
also use visual cues for fast 30 L S // \\ —a—HMM1 || |
esﬁmaﬁ(?n of the phogeme g 25 - r \\ —e— HMM2
boundaries, such as the signal 20 / X ABC
waveform, the spectrogram -

and the contour of the spectral 15 )(

variation function (SVF). The 10

latter provides a measure of 5

local changes in the signal 0

spectrum [7]. The Aligner
automatically identifies SVF
peaks and moves the esti-
mated boundaries towards the
nearest SVF peaks provided

-9 8 -7 6 -5-4-3-2-101 2 3 45 6 7 8 9 10

Time shift [frames - 10 ms]

Fig. 4. Histograms comparing accuracy of different speech segmentation methods
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mined by the above five methods. The results were given
form of histograms that show the frequency of boundary
shifts of different lengths. In Fig.4 we can see the histo-
gram for the female speaker (ZJM), the histogram for the
male speaker was similar with slightly better values.

From Fig.4 it is evident that the best results were
achieved when the labelled data of the same person were
used as the reference. In this case about 50 % of the
boundaries were placed correctly (precisely speaking: in
accordance with the expert) and about 82 % of them were
shifted no further than 1 frame from the correct position.
Of course, this very high agreement rate can be achieved
only if one speaker provides multiple repetitions of the
same sentence. But even in case the segmentation was
based on other speaker's (MJN’s) data, the DTW method
performed quite well. (About 72 % phonemes boundaries
lie within the t1 frame range).

The previously mentioned two approaches represent
the ideal case when reference utterances have the same
transcription as the labelled ones. The other three ap-
proaches cannot benefit from this fact and that is why they
achieve a worse performance. On the other side they are
database independent because they employ either phoneme
templates (the ABC set) or models. Fig. 4 shows that the
DTW segmentation with the ABC set yields the worst
results (about 39 % and 65 % boundaries within the +1 and
13 frame range, respectively). However, they are still good
enough to be applied in the initial stage of the phonetic
segmentation when no other methods are applicable. On
contrary, the HMM based methods perform the better the
more already segmented data is available. We can see it in
Fig.4 if we compare the segmentation accuracy achieved
with the HMM1 and HMM2 sets. In the latter case more
than 90 % of all the boundaries lie within the +3 frame
range, which is an acceptable rate, in particular, for speech
recognition purposes.

6. Applications

Our work on the spoken data segmentation was moti-
vated mainly by a long-term research in automatic speech
recognition (ASR). However, some of the methods we deal
in sections 3 and 4 found applications also in other related
projects.

6.1 Phoneme based speech recognition

The database mentioned in section 2 was processed
exactly in the way described in section 4. We obtained a
large training material, in which each phoneme was repre-
sented by more than 1000 instances. This allowed us to
train high-quality models of 42 Czech phonemes (including
a model of background noise). Recently we prefer using
context-independent (monophone) models with a higher
number of mixtures (16 or 32) that are more convenient for
real-time applications. The models were tested in speaker-
independent isolated-word tasks with vocabularies con-

taining hundreds to several thousands Czech words (e.g.
Czech calendar names or city names). The results are
shown in Table 1. For details, see [11].

Database (size) Recog. rate Recog. time
[%] [ms]

Names (360 words) 93.2 210

City names (5346 words) 91.6 845

Table 1. Results from speech recognition tests with 3-state 32-
mixture monophone models trained on the phonetically seg-
mented database (June 2000).

6.2 Telephone speech recognition

A telephone signal has characteristics much different
and the overall quality significantly lower if compared to
the signal acquired in laboratory room conditions by a
standard microphone. A special training database contain-
ing telephone speech is thus required for building a tele-
phone ASR system. However, recording and post-
processing such a database is an expensive job. Therefore
we made a test to demonstrate that a database with appro-
priate characteristics could be created in a more economi-
cal way.

We accomplished it by transferring the whole existing
database through a telephone line. The data was replayed,
sentence by sentence, from a loudspeaker to an adjacent
telephone microphone and sent through local and distant
switchboards to the computer with a telephone board. In
this way we obtained recordings that had most characteris-
tics of true telephone speech. Automatic phonetic segmen-
tation of the new signal has been accomplished using cor-
relation with the previously labelled original signal. After
training a new set of models, the recognition results yielded
a level that was only 1 - 3 % lower compared to the tests
done with the same vocabulary but microphone speech.

6.3 Application in speech therapy and
foreign language training

The methods described in this paper can be applied
also in education, namely for learning either the native or a
foreign language. Several studies proved that training the
pronunciation of difficult words or phrases is more suc-
cessful if the trainee can see - not only hear - his/her
speech and compare it with correct reference examples.

We applied this principle when developing a proto-
type of a teaching aid for hearing-impaired persons. The
tool, named VICK (VIsual feedbaCK), is a PC based sys-
tem that compares speech of the trained subject to speech
that is pre-recorded or provided on-line by a therapist and
displays both the signals and their spectrograms on the
screen. In this way the missing acoustic information is
transformed into a visual one. In the VICK's latest design
[12] we used the segmentation methods to visualise the
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signal together with its phonetic transcription. In this way
the trainee has a better chance to understand what is on the
screen and where (in which part of the utterance, word,
syllable or a phoneme) his/her pronunciation or intonation
differs most from the reference templates. The latest design
of this tool is depicted in Fig.5.

The VICK has been adapted also for learning a for-
eign language [13]. We have conducted a series of tests in
which students used the tool in practicing pronunciation
and intonation of English. In this application, the phonetic
segmentation was based on the DTW method and a version
of the ABC set extracted from a speech of a native English
speaking person. For intonation training a set of pre-
recorded sentences from the same speaker was employed.
(See Fig. 5b.)

7. Conclusions

In this paper we focused on the theoretical and practi-
cal issues of the phonetic speech segmentation problem.
We offer several approaches to solving this problem, from
a very simple one that can be used as a starting point in
creating an annotated speech database to more complex
methods that allow for a fully automated processing of a
large speech corpus. For each method we have made a
qualitative evaluation of its segmentation accuracy, which
shows that even the simpler methods provide results that
are acceptable in speech analysis/recognition tasks.

We are aware of the fact that the reverse task, the text-
to-speech (TTS) synthesis, requires a more accurate seg-
mentation, in which the maximum allowed shift of pho-
neme boundaries is measured in milliseconds. On the other
side, the amount of data that must be processed to create a
phonetic inventory for a TTS system is relatively small and
therefore an automatic pre-segmentation followed by man-
ual correction seems to be an adequate solution.

We hope that our experience in building a large pho-
netically segmented speech database may be useful and
inspiring for other people or groups who will face a similar
task. Those interested in acquiring the segmentation tool,
the Aligner, may contact the first author.
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Fig. 5. The VICK (Visual feedbaCK) tool developed at Technical University of Liberec utilises speech seg-
mentation methods for computer assisted language leamning. It can be applied either for speech therapy of
hearing impaired persons or for improving pronunciation and intonation in a foreign language.

In Fig.5a the application in speech therapy is demonstrated. A sentence spoken by a subject (in the top panel)
is visually compared with the same sentence spoken by reference speakers (the lower two panels). The sub-
ject can immediately see in which parameters his attempt differs most, 8.g. in sentence duration and timing, in
volume and in intonation curve. Fig. 5b offers a snapshot of a foreign language practicing session. An English
word ,mathematics” spoken by a Czech student (above) is compared to the same words recorded by native
speaker.) ’



