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Abstract
In the development of a syllable-centric Automatic Speech

Recognition (ASR) system, segmentation of the speech signal
into syllabic units is an important stage. In [1], an implicit algo-
rithm is presented for segmenting the continuous speech signal
into syllable-like units, in which the orthographic transcription
is not used. In the present study, a new explicit segmentation
algorithm is proposed and analyzed that uses the orthographic
transcription of the given continuous speech signal. The advan-
tage of using the transcription during segmentation is that the
number of syllable segments present in the speech signal can be
known a priori. Although the short-term energy (STE) func-
tion contains useful information about syllable segment bound-
aries, it cannot be directly used to perform segmentation due
to significant local energy fluctuations. In the present work,
an Auto-Regressive model-based algorithm is presented which
essentially smooths the STE function using the knowledge of
the number of syllable segments required/present in the given
speech signal. Experiments carried out on the TIMIT speech
corpus show that the error in segmentation is at most 40 ms for
87.84% of the syllable segments.

1. Introduction
In the development of an ASR system, a segmented and la-
beled speech corpus is not mandatory. For example, in the
case of a Hidden Markov Model (HMM)-based speech recog-
nition system, if the training speech data is supplied along with
the corresponding phonetic transcription, the phone models can
be trained using Viterbi algorithm in support with the Baum-
Welch re-estimation procedure. One of the weak points of the
Baum-Welch optimization is that the estimated model might
correspond to a local likelihood maximum and not the global
one. Secondly, if the sub-word unit considered is longer than
a phoneme, say a syllable, a uniform segmentation procedure,
used in Viterbi training as a starting point, may lead to slower
convergence. In some cases, the models may not converge at
all. As a result, for faster training (batch training) of acous-
tic models and for better recognition results, starting with some
segmented and labeled corpus is still as an attractive option.

Different types of sub-word unit models, like phonemes,
diphone, syllable, and demisyllable. have been studied by re-
searchers for ASR systems. Each of these sub-word units has
its own advantages as well as disadvantages. In the present
study, a segmentation algorithm is presented which can segment
the continuous speech signal into syllabic units using the ortho-
graphic transcription.

One of the major reasons for considering the syllable as a
basic unit for ASR systems is its better representational and du-
rational stability relative to the phoneme [2]. The syllable was
proposed as a unit for ASR as early as 1975 [3], in which irregu-

larities in phonetic manifestations of phonemes were discussed.
It was argued that the syllable will serve as an effective mini-
mal unit in the time domain. The significance of syllable units
for improving performance of a continuous speech recognition
system is demonstrated in [4]. In [5], it is demonstrated that
segmentation into syllable-like units followed by isolated-style
recognition of continuous speech performs well.

Researchers have tried different ways of segmenting the
speech signal with or without the use of phonetic transcription
(Explicit or Implicit). These segmentation methods can further
be classified into two categories, namely, time-domain based
methods, where short-term energy function, zero-crossing rate,
etc., are used, and frequency-domain based methods, where
short-term spectral features are used.

One approach for segmenting the speech signal into
syllable-like units is based on the power spectrum ([6]). In this
approach “loudness” is computed from the short time power
spectrum and the point of maximal difference with respect to
the convex hull is considered as a potential boundary.

A short-term energy-based method for detecting syllable
nuclei is presented in [7]. In this work, the speech is first
band-pass filtered and then the short-term magnitude function
is computed. To suppress the ripples caused by f0 or transient
phonemes, the short-term magnitude function is further low-
pass filtered at approximately 10 Hz. The peaks of the resulting
energy contour are declared as the syllable nuclei.

In [8], a temporal flow model (TFM) network has been de-
veloped to extract syllable boundary information from continu-
ous speech, where TFM captures the time varying properties of
the speech signal.

In [9], for Japanese, a syllable level segmentation technique
is proposed, which is based on a common syllable model. The
segment boundaries are detected by finding the optimal HMM
state sequence.

In this paper, a novel algorithm is presented for segment-
ing the continuous speech signal into syllabic units, which can
be used during training. This approach uses orthographic tran-
scription for finding out the number of syllables present in the
given speech signal. In terms of a short-term energy function,
the syllable can be viewed as an energy peak in the nucleus re-
gion and it tapers off at both the ends of the nucleus where a
consonant may be present, which results in local energy fluctu-
ations. If these local energy fluctuations are smoothed out, then
the valleys at both ends of the syllable nucleus can be consid-
ered as syllable boundaries. The algorithm for segmentation is
based on processing the short-term energy function of the con-
tinuous speech signal. The short-term energy function is a posi-
tive function and can therefore be processed in a manner similar
to that of a magnitude spectrum. This assumed magnitude spec-
trum is modeled using an Auto-Regressive (AR) process, which
is essentially a variation of an ARMA procedure.
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The rest of this paper is organized as follows. In the follow-
ing section, the Auto-Regressive framework used for the present
study is described. In Section 3, the proposed segmentation al-
gorithm is described in detail with some examples. In Section
4, the performance of the proposed algorithm on the TIMIT cor-
pus is analyzed.

2. Speech segmentation
As described above, since the STE function E(n) of speech is
a positive function in time, this can be viewed as a magnitude
spectrum in the frequency domain. Let the assumed magnitude
spectrum be Ed(ωK). If Ed(ωK) is inverted, the peaks (poles)
will becomes valleys (zeros) and vice versa. Since the focus is
in extracting the syllable boundaries, after inversion of the STE
function, the peaks (poles) correspond to boundaries. Let this
inverted magnitude spectrum be Ei

d(ωK). For the frequency
domain AR modeling, Ei

d(ωK) is considered as the desired
spectrum. Since the number of syllables present in the given
speech signal is known a priori, the Ei

d(ωK) can be modeled as
given below.

2.1. Frequency-domain AR modeling

The desired magnitude spectrum Ei
d(ωK) can be written as

Ei
d(ωK) =

N(ωK)

D(ωK)
. (1)

Consider an ARMA system function, Ĥ(z), as given below:

Ĥ(Z) =
a(0) + a(1)Z−1 + ... + a(q)Z−q

1 + b(1)Z−1 + ... + b(p)Z−p
(2)

=
N̂(Z)

D̂(Z)
. (3)

Let Ĥ(ωK) be the frequency response of the ARMA model. By
least square error criterion,

min
b,a

N−1X

K=0

|Ei
d(ωK) − Ĥ(ωK)|2 (4)

min
b,a

N−1X

K=0

˛̨
˛̨Ei

d(ωK) −
N̂(ωK)

D̂(ωK)

˛̨
˛̨
2

. (5)

The above equation leads to a set of non-linear equations. Levi
[10] has proposed the following error criterion which gives a set
of linear equations to solve, i.e.,

min
b,a

N−1X

K=0

|D̂(ωK) Ei
d(ωK) − N̂(ωK)|2. (6)

The above set of linear equations leads to a single-step solution.
In the segmentation problem, the main aim is to smooth the
STE function and our interest is only in estimating the location
of peaks. For this task, instead of an ARMA model, we can
design an AR model in the frequency-domain by modifying the
error criterion as given below. Let

Ĥ(ωK) =
N̂(ωK)

D̂(ωK)
(7)

=
1

1 +
PP−1

m=0 amZ−m
. (8)

In this case, N̂(ωk) will be a flat spectrum. Therefore, Equation
6 can be written as

min
a

N−1X

K=0

|D̂(ωK) Ei
d(ωk) − 1|2, (9)

which can be written as

D̂(ωK) Ei
d(ωK) = 1, (10)

for K = 0, 1, . . . , N − 1.

This is similar to Levison’s approach in the time-domain.
Equation 10 leads to a set of linear equations as given below.

Ei
d(ω0) D̂(ω0) = 1 (11)

Ei
d(ω1) D̂(ω1) = 1 (12)

... =
... (13)

Ei
d(ωN−1) D̂(ωN−1) = 1 (14)

In the matrix form, it can be written as

˛̨
˛̨
˛̨
˛̨
˛̨

Ei
d(ω0) . . . Ei

d(ω0)

Ei
d(ω1) . . . Ei

d(ω0)e
−j( π

N
)(p−1)

...
...

...

Ei
d(ωN−1) . . . Ei

d(ωN−1)e
−j(

(N−1)π
N

)(p−1)

˛̨
˛̨
˛̨
˛̨
˛̨

˛̨
˛̨
˛̨
˛̨
˛

a0

a1

...
ap−1

˛̨
˛̨
˛̨
˛̨
˛

=

˛̨
˛̨
˛̨
˛̨
˛

1
1
...
1

˛̨
˛̨
˛̨
˛̨
˛

As an example, the magnitude spectrum (Figure 1) of a
vowel sound is considered here. This magnitude spectrum is
AR modeled using the procedure explained above. The magni-
tude spectrum of the resultant AR transfer function is displayed
on top of the original magnitude spectrum. Figure 1 shows that
simple AR process models the peaks properly.

0.25 0.50 0.75 1.00

0.991

0.992

0.993

0.994

0.995

0.996

0.997

0.998

0.999

1

1.001

Frequency (in radians) −−>

M
ag

ni
tu

de

AR model spectrum

Magnitude spectrum

Figure 1: AR model of a magnitude spectrum of a vowel sound

2.2. Algorithm for segmentation

Using the AR modeling technique described in Section 2.1, the
segmentation task is carried out as explained below. This algo-
rithm is a two-level iterative process, in that the errors in seg-
ment boundaries detected by the first-level iterative process is
corrected by the second-level iterative process.



2.2.1. First-level iteration

1. Let x(n) be the given digitized speech signal (Figure
2(a)) of a continuous speech utterance.

2. Compute the STE function E(n), where n = 1,2, ..., N ,
using overlapped windows.

3. Invert the STE function after raising E(n) to γ (where
γ = 0.001) (Figure 2(b)).

4. Model the inverted root-magnitude spectrum using the
frequency-domain AR process explained in Section 2.1.

5. Compute the group-delay spectrum (Eτ (K)) (Figure
2(c)) of the AR transfer function obtained in the previous
step. In the group delay spectrum, the peaks is expected
to be better resolved than in the magnitude spectrum [1]
because of its additive property. If

H(ωK) = H1(ωK).H2(ωK), (15)

then the group delay function τh(ωK) can be written as

τh(ωK) = −∂(arg(H(ωK)))/∂ωK (16)
= τh1(ωK) + τh2(ωK).

From Equations 15 and 16, we see that a multiplication
in the spectral domain becomes an addition in the group
delay domain.

6. Detect the positive peaks in the minimum-phase group-
delay function (Eτ (K)) as given below. If Eτ (K) is
positive and if

Eτ (K − 1) < Eτ (K) < Eτ (K + 1), (17)

then Eτ (K) is considered as a peak. These peaks ap-
proximately correspond to the syllable boundaries.

7. Repeat the steps (4) - (6) until the number of peaks is
equal to the number of boundaries expected.
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Figure 2: Frequency-domain AR model-based segmentation (a)
Speech signal (solid arrow - insertions, dashed arrow - dele-
tion), (b) Inverted STE function, (c) Group-delay function of the
AR model.

Figure 2 shows the results of the step-wise segmentation
algorithm described above. The automatically detected bound-
aries are displayed as solid lines in Figure 2(a) and manually de-
tected boundaries are displayed as dotted lines. The major prob-
lem with this approach is that, when duration and energy of the
fricative segments are considerably higher, fricative alone may
be detected as one of the boundaries. To avoid this, a second-
level iteration is carried out.

2.2.2. Second-level iteration

1. Check each of the segments derived in the inner iteration
whether it is purely fricative alone (Figure 3(b)). The
algorithm used for the detection of fricative segments is
as follows. Each of the derived segments is low-pass
filtered. For the fricatives, since most of energy is con-
centrated in the high frequency region, low-pass filter-
ing will reduce the energy of the fricative portions of the
speech signal drastically. Based on the amount of atten-
uation introduced to each of the frames of the segments,
the decision is made. This information is further used to
adjust the segment boundaries close to that region.

2. If a fricative is detected, increase the number segments
required by one and repeat the first level iterative proce-
dure.

3. When the potential number of segments reaches the
number of syllables present in the given speech signal,
terminate the process.

4. Declare the final boundaries as the syllable boundaries
(Figure 3(a)).
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Figure 3: (a) Speech signal, (b) Energy ratio of the original
signal and low-pass filtered signal, (c) Group-delay function of
the final AR model.

3. Experiments and Results
3.1. Speech corpus

The TIMIT corpus is used for analyzing the performance of the
proposed segmentation algorithm. It consists of hand-labeled



and segmented data of quasi-phonetically balanced sentences
read by native speakers of American English. Syllabification
software (tsylb2) available from NIST [11] was used to extract
the syllables from the phonetic segmentation boundaries given
in the TIMIT corpus. The result is a time aligned list of syllables
in TIMIT format. There are some problems with the consonant
clusters. The segments derived are further manually verified
and corrected. Out of 8 different dialects, the first four are taken
for the present study.

3.2. Experimental setup

For the computation of short-term energy function, overlapped
rectangular windows are used, where the window length is of
duration 20 ms and the overlap is of 10 ms duration. Further,
the value of γ in E(n)γ is set to 0.001 to reduce the dynamic
range of the short-term energy function. The number of syllable
segments for a given speech signal is derived from the syllable
transcription and passed to the AR modeling stage. To validate
each of the segments for fricative, the corresponding segment is
low-pass filtered with cut-off frequency 800 Hz and the energy
reduction in each frame is checked. If the energy of more than
70% of the frames in that segment are reduced by more than 10
dB, then the corresponding segment is declared as fricative only
segment.

3.3. performance analysis

The performance of the proposed algorithm is tested on TIMIT
speech corpus and the results are tabulated below. Presently,
speech data correspond to four different dialect regions are used
for the analysis. The durational analysis on Switchboard corpus
shows the duration of most of the syllables vary between 200
ms and 300 ms. Based on this, the acceptable tolerance in the
error in syllable boundaries is taken as 40 ms. In that case,
the performance of the proposed segmentation algorithm is ≈
88% (refer Table 1). The major problems with comparing the
performance of the automatic segmentation algorithm with the
manual segmentation boundaries are in the silence and pause
regions. In these regions, the proposed algorithm finds bound-
aries at the middle since at these points, the STE function shows
a minimum energy.

error (in ms) Performance (in %)
<20 70.70

20 - 30 10.00
30 - 40 7.14
40 - 50 7.20

insertion/deletion 4.96

Table 1: Performance (in %) of the proposed segmentation ap-
proach

For the analysis of the proposed segmentation algorithm, if
the error is found to be more than 50 ms, those segment points
are considered as erroneous boundaries. Presently, the ortho-
graphic transcription is used only to find out the number of syl-
lables present in the corresponding speech signal. During the
validation of segments, if the phonetic content of each of the
syllables is considered, the error can be further minimized. This
can be taken up as a future study.

The algorithm described in [1] does not use the ortho-
graphic transcription. Because of this, the number of deletions
and insertions are very high in that approach. The same algo-
rithm [1] can also be modified as an iterative algorithm by tak-

ing the number of syllables as an input. But, it is sensitive to the
frame size used for the computation of the STE function and at
the same time it is computational complex too.

4. Conclusions
In this paper, a frequency-domain AR modeling procedure is
presented and is shown that it can model the magnitude spec-
trum of a vowel reasonably well. Further, by assuming the
STE function of any speech signal as a magnitude spectrum,
a novel segmentation approach is proposed which can segment
the speech signal into syllabic units. Since the transcription of
the given speech signal is supplied during the segmentation pro-
cedure, the assumed magnitude spectrum is shown to be mod-
eled well. The performance of the proposed segmentation al-
gorithm on TIMIT corpus is proved to be promising. Using the
supplied transcription, if the segment validation is done based
on the phonetic content of each of the syllable segments the
segmentation performance can further be improved.
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