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Abstract
The Vowel onset point (VOP) is the location where the onset
of vowel takes place in a given speech segment. Many speech
processing applications need the information of VOP to extract
features from the speech signal. In such cases the overall perfor-
mance largely depends on the exact detection of VOP location.
There are many algorithms proposed in the literature for the au-
tomatic detection of VOPs. Most of these methods assume that
the given speech signal is produced at normal speech rate. All
the parameters for smoothing speech signal evidence as well
as hypothesizing VOPs are set accordingly. However, these pa-
rameter settings may not work well for variable speech rate con-
ditions. This work proposes a dynamic first order Gaussian dif-
ferentiator (FOGD) window based approach to overcome this
issue. The proposed approach is evaluated using a subset of
TIMIT dataset with manually marked ground truth VOPs. The
evaluated performance of VOP detection by using the proposed
approach shows improvement when compared with the existing
approach at higher and lower speech rate conditions.
Index Terms: vowel onset point (VOP), speech rate, excitation
information, zero frequency filtered signal (ZFFS), first order
Gaussian differentiator (FOGD) window.

1. Introduction
Vowel onset point (VOP) is a point at which the production
of vowel initiates in the continuous speech production process.
Vowels are produced by exciting the vocal tract system with the
nearly periodic glottal vibrations. As per the speech production
process, the consonants are always produced by preceding or
following a vowel sound with it. The information of VOP can
be used to find the start point of a vowel sound or the end point
of a consonant sound. The vowels are the major energy carri-
ers. The knowledge of VOP can be used to find the speech rate,
as it gives a rough idea of the presence of the number of sylla-
bles. For the development of various speech processing based
applications (like speech recognition, speaker recognition, spo-
ken language recognition etc.), the VOP information can also be
used as an anchor point in the feature extraction process. Hence
motivated to develop methods for enhancing the detection of
VOPs.

In literature there are many attempts to detect VOP from
speech signals using different evidence present in the speech
signal. These evidences are short term energy, zero crossing
rate, spectral resonance, pitch [1], energy derivative [2], modu-
lation spectrum [3] and excitation information like Hilbert en-
velope of LP residual signal and zero frequency filtered signal
(ZFFS) [4] etc. This work uses the excitation source based evi-
dence for detection of VOPs. From the speech production point
of view, vowels are produced by exciting the vocal tract system
by semi-periodic glottal vibrations and the shape of the vocal

tract system changes to produce different types of vowel. There-
fore excitation evidence provides stable performance to detect
VOPs [4].
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Figure 1: A small speech segment of text “She had your dark
suit in greasy wash water all year” from TIMIT dataset. Im-
pulses are the ground truth VOPs. (a), (b), (c) are speech seg-
ments for normal, higher and lower speech rates respectively.

The existing VOP detection methods are based on the as-
sumption that the average speech rate of a speech segment is
about four to five syllables (i.e four VOPs) per second [5]. But
in reality the speech rate may be much higher or lower than
the average speech rate. Figure 1, shows the number of VOPs
present in the one second duration segment at normal, higher
and lower speech rate, respectively. From the figure, it can be
observed that, in an equal duration segment the number of VOPs
increases with increase in the speech rate and vice versa. There-
fore, the existing methods may result in miss detection and false
detection of VOPs at higher speech rate and lower speech rate,
respectively. These errors in VOP detection may cause perfor-
mance degradation of VOP detection algorithm. This in turn
will result in poor speech analysis and feature extraction for
further processing. In this work, this issue is addressed by dy-
namically adapting the VOP detection algorithm parameters.

The chronological order of the paper is as follows: Sec-
tion 2 gives a brief overview of the existing excitation based
methods and a motivation for the proposed work. Section 3 de-
scribes the proposed method. Experimental setup, results and
discussions are explained in Section 4. Finally, the conclusion
and the future directions are presented in Section 5.

Copyright © 2020 ISCA

INTERSPEECH 2020

October 25–29, 2020, Shanghai, China

http://dx.doi.org/10.21437/Interspeech.2020-23263690



2. Existing excitation based VOP detection
and motivation

Vowel sounds are produced by exciting the time varying vocal
tract system through an impulse like nearly periodic excitation,
while the other sound units are produced by exciting through
a random excitation or stop impulse. This motivated the com-
munity to analyse the excitation evidence to detect VOPs. The
intuition behind using the excitation information is, there exists
a sudden change in the short term energy contour of the excita-
tion evidence while a speech production system starts producing
a vowel. From linear prediction (LP) analysis of speech signal,
LP residual signal is termed as the representation of excitation
information, thus used in [4] to perform VOP detection. Sim-
ilarly the positive zero crossing of the zero frequency filtered
signal (ZFFS) of a speech segment also represents the excita-
tion information [6], thus used in [4] to perform VOP detection.
The brief overview of both the algorithms for detecting VOPs
are presented in Sections 2.1 and 2.2, respectively.

2.1. VOP detection using LP residual signal

LP residual of the speech signal is a bipolar signal which con-
veys two information: (i) location of the glottal closure instants
(GCIs) (ii) excitation source energy [3]. As mentioned above,
the VOP is the sudden change in source energy. Hence, the con-
tour of the Hilbert envelope (HE) of LP residual is used as it is
the close representation of the excitation source energy. The
procedure for obtaining the evidence contour is mentioned be-
low [4]:

• Compute LP residual by processing the speech signal in
framesize of 20 ms and frameshift of 10 ms with 10th

order LP analysis (8 kHz sampling frequency is taken).

• Compute HE of LP residual and determine the excitation
source contour of the HE by collecting maximum value
within a window of 5 ms and then shifting by 1 sample.

• The final evidence contour can be obtained by convolv-
ing the contour with a first order Gaussian differentiator
(FOGD) window having window length of 100 ms and a
standard deviation of one-sixth of the window length.

2.2. VOP detection using ZFFS

The zero frequency filter (ZFF) attenuates the information re-
lated to the vocal tract resonances and preserves the excitation
information [6]. The procedure for obtaining the evidence using
zero frequency filtered signal (ZFFS) is mentioned below [4]:

• Pass the speech signal through a zero frequency filter
(ZFF) followed by a trend removal.

• Compute the second order difference of the ZFFS which
represents the change in the strength of excitation at the
glottal closure instants(GCIs) and then take its absolute
value.

• ZFFS based excitation source contour is determined by
collecting maximum value within a window of 5 ms and
then shifting by 1 sample.

• The ZFFS based excitation source contour is convolved
with the FOGD window to obtain the final evidence con-
tour.

The final combined excitation based evidence contour is ob-
tained by adding the evidence contour obtained from both the
LP residual based method and ZFFS based method. To locate

Figure 2: Block diagram for VOP detection

the VOPs, the peaks of the final combined evidence are picked.
To remove spurious peaks, the peak picking is done such that
the peak lies between the positive and negative zero crossing
point and also crosses a threshold. An overview of the VOP de-
tection procedure using excitation evidence is depicted in Fig-
ure 2.

2.3. Motivation for the proposed work

The excitation evidence based methods uses FOGD window
with a fixed window length of 100 ms and a fixed standard devi-
ation of one-sixth of the window length for detecting the sudden
changes present in the excitation source contour. The window
length is chosen based on the assumption that the speech is pro-
duced at normal rate (average syllables of 4 to 5 per sec) [3]. It
has been observed from the Section 1 and Figure 1, that this as-
sumption is not valid when the speech rate changes. In the vary-
ing speech rate scenario, using the existing methods it has been
found that, there exist many miss detection at higher speech
rate and many false detection at slower speech rate. This ar-
gument can be clearly observed from the Figure 3. The miss
and false detection happens due to the fixed window length, as
from the intuition the window length of FOGD should be ap-
proximately same as the duration of the vowels. But due to
the change in speech rate, the duration of vowel changes (i.e
increases at lower speech rate and vice-versa).

If the fixed FOGD window length is used, then due to the
change in vowel duration, this may smooth the peaks at higher
speech rate and insert spurious peaks at lower speech rate. This
argument can be clearly observed from the plots present in the
Figure 3(b), (d) and (f). The plots in Figure 3(b), (d) and (f)
shows the final combined excitation evidence contour, which
are obtained by convolving with the FOGD contour with fixed
window length at normal, higher and lower speech rate, respec-
tively. Hence there is a need of changing the FOGD window
length and standard deviation length in accordance with the
speech rate parameter. In this work, this problem is addressed
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Figure 3: (a), (c), (e) we have speech segments with speech rate
modification factor =1, 2, 0.5 respectively. Impulses with dotted
lines are the detected VOPs and negative impulses with solid
lines are the ground truth.(b), (d), (f) are the evidence obtained
by existing methods for (a), (c), (e) respectively.

by using a dynamic FOGD window, in which the window length
and the standard deviation adjusts itself according to the speech
rate of the speech. The detailed description of the proposed
method is given in the next section.

3. VOP detection under variable speech
rate condition

In this work, for initial study the speech segments having higher
and slower speech rate have been generated using the prosody
duration modification algorithm given in [7], by changing the
duration modification factor β. For β > 1, the duration of
the speech increases, hence the speech rate decreases and for
β < 1 the duration of the speech decreases, hence the speech
rate increases.

3.1. Speech rate modification factor

Speech rate modification factor (γ) is the ratio between the
modified speech rate and the actual speech rate of a speech seg-
ment as given in Equation 1. The Speech rate modification fac-
tor is inversely related with the duration modification factor β.

γ =
MSR

ASR
(1)

where, MSR is modified speech rate representing the number of
syllables per second of the modified speech segment [8]. ASR
is the actual speech rate representing the number of syllables
per second of the original speech segment [8].

3.2. Proposed method

In the proposed method the prime focus is to compute similar
evidence irrespective of the speech rate of the speech. As men-
tioned in Subsection 2.1, the final evidence contour is obtained
by convolving the excitation source contour with a FOGD win-
dow having fixed window length of 100 ms and the standard
deviation of one-sixth of the window length irrespective of the
speech rate. But as discussed in the Section 2.3, the win-
dow length should be vary dynamically in accordance with
the speech rate parameter. In this work to detect VOPs under
variable speech rate condition, a modified method of dynamic
FOGD window is introduced. The window length of FOGD is

Figure 4: (a), (c), (e) we have speech segments with speech
rate modification factor =1, 2, 0.5 respectively. Impulses with
dotted lines are the detected VOPs and negative impulses with
solid lines are the ground truth. (b), (d), (f) are the evidence
obtained by modified methods for (a), (c), (e) respectively.
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Figure 5: Dotted line, thin solid line and thick solid line is wave-
form of FOGD window with γ = 0.5, 1, 2 respectively.

given in Equation 2 and the standard deviation is given in Equa-
tion 3, where fs is the sampling frequency and γ is the speech
rate modification factor of speech signal.

w(n) =
100fs
γ

(2)

σ(n) =
100fs
6× γ (3)

Dynamic FOGD window which adapts itself according to
the speech rate modification factor is represented in Figure 5.
As per Equation 2 and 3, for lower value of γ the window length
and variance increases. This can be observed from the window
function plotted in dotted line. Similarly, for higher value of
γ the window length and variance decreases, can be observed
from the thick solid line of Figure 5. The thin solid line window
shows the reference window function at normal speech rate.

After adapting the dynamic update of the FOGD window
length parameter, from the Figure 4(b), (d) and (f) it can be ob-
served that the final evidence contour looks similar irrespective
of the speech rate. This proposed method of dynamically adapt-
ing the window length solves the problem of miss and false de-
tection of VOPs in variable speech rate condition.
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Table 1: Performance of VOP on manually marked TIMIT dataset. In the table DET VOPs, DR, IR refer to detected VOPs, deletion
rate and insertion rate respectively in %. Dynamic refers to the dynamic FOGD window and standard deviation and Fixed refers to the
fixed FOGD window and standard deviation .

DET VOPs(%)
±10(ms) ±20(ms) ±30(ms) ±40(ms) DR(%) IR(%)

γ
Dynamic Fixed Dynamic Fixed Dynamic Fixed Dynamic Fixed Dynamic Fixed Dynamic Fixed

0.25 63.29 28.27 82.71 53.01 89.05 70.54 93.06 77.39 6.94 22.61 14.73 175.81
0.5 63.61 51.24 82.71 53.01 89.49 70.54 93.51 86.56 6.49 13.44 13.12 48.92
1 68.51 68.51 85.11 85.11 90.23 90.23 96.14 96.14 3.86 3.86 10.35 10.36

1.5 66.36 70.14 83.41 86.09 89.75 91.88 93.14 93.38 6.86 6.62 14.73 3.15
2 63.21 63.96 81.17 81.01 88.47 84.48 93.14 85.71 6.86 14.29 13.74 0.28

2.5 61.32 59.94 81.41 74.95 89.12 77.15 92.63 77.67 7.37 22.33 16.03 0

4. Experimental setup, results and
discussion

VOP detection task has been performed by using the 205 speech
segment files of TIMIT dataset with manually marked ground
truth of around 2500 VOPs as mentioned in [9]. The perfor-
mance on the different speech rate with the temporal resolution
of 10 ms, 20 ms, 30 ms and 40 ms has been evaluated. The
following parameters are used to evaluate the performance.

• Correctly detected VOPs (DET VOPs) - The percentage
of correctly detected VOP within a temporal resolution.

• Deletion rate (DR) - The percentage of VOPs that do not
lie within a temporal resolution.

• Insertion rate (IR) - The percentage of VOPs that comes
more than once within a temporal resolution.

The experiment is carried out in two setups (i) variable
speech rate with fixed FOGD window length (ii) variable speech
rate with dynamic FOGD window length. The speech with
variable speech rate is generated using the suitable β factor in
which the duration of the speech is changed keeping the pitch
unchanged to preserve the naturalness of the speech [7]. Also
the temporal resolution for performance evaluation has to be
adjusted according to speech rate modification factor (γ), as the
20 ms temporal resolution for γ = 2 is equivalent 40 ms at nor-
mal speech rate (i.e γ = 1) and 80 ms for γ = 0.5. So, it is
essential to adjust the temporal resolution according to γ to cor-
rectly evaluate the performance. Here, the performance window
is adjusted by temporal resolution/γ.

Figure 6 shows the performance based on the percentage of
correctly detected VOPs at different values of the speech rate
modification factor (γ) under the temporal resolution of ±40
ms. The blue bars in the plot show the obtained performance us-
ing the modified method whereas the red bars show the obtained
performance using the existing method. From Figure 6 we can
observe that fixed FOGD window has a tolerance of γ ranging
from 0.75-1.5, where it provides stable performance. Beyond
this tolerance range i.e for fast or slow speech the existing ex-
citation evidence based methods shows significant degradation
in performance dropping as low as 77.67% at γ = 2.5 and
77.39% at γ = 0.25. On the other hand the modified method
shows consistent performance under all γ values.

Table 1 shows the evaluated performance evaluation with
all the performance parameters at the γ values of 0.25, 0.5, 1,
1.5, 2 and 2.5. From the table we can observe that for modified
method, correctly detected VOPs under all temporal resolutions
are consistent whereas the fixed window condition shows sig-
nificant degradation at high and low values of γ. The insertion
rate (IR) shows large deviation in the fixed FOGD case. For
γ = 0.25 %IR is 175% because of the insertion of spurious
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Figure 6: Correctly detected percentage accuracy in case of dy-
namic FOGD window and fixed FOGD window for 40ms tem-
poral resolution.

peaks in the evidence of the excitation (refer Figure 3(f)). In this
case, on an average the number of detected VOPs is 1.75 times
more than the actual ground truth VOPs. When γ = 2 or 2.5
the %IR is approximately zero and the reason behind this is that
the peaks of the evidence are far apart (refer Figure 3(d)). On
the other hand, the %IR in case of dynamic window FOGD is
consistent because the shape of evidence is similar for all γ val-
ues (refer Figure 4(b), (d), (f)). It can also be observed that for
fixed FOGD as the γ decreases the %IR increases, but shows
consistent %IR when evaluated using the proposed method.

5. Conclusion and Future Work

In this work, the shortcomings of existing excitation VOP detec-
tion method is identified and necessary modification is proposed
to solve the problem. The existing methods were designed on
the assumption that the speech is produced at the normal speech
rate. But when the speech rate is high or low, existing methods
show significant degradation in performance for VOP detection.
After the proposed modification of the existing approach when
tested, the obtained performance showed consistency, irrespec-
tive of the speech rate variation. In future the aim is first to com-
pute the speech rate modification factor (γ) automatically from
the speech signal. Secondly, as there is a possibility of speech
rate variation in between a given speech segment. The aim is to
dynamically capture the variation of speech rate in between the
given speech segment, which may help to further enhance the
performance of the proposed approach.
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