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Abstract

accurately due to the modification in the nature of LP residual
as well as speech spectrum depending on the type of noise and
the SNR. Similarly, the VOP detection method reported in [3],
may fail in those cases where the noise is either impulsive or
speech like. Hence, for a better detection of VOPs, the detection method is required to preserve the characteristics of the
excitation source and the vocal tract system for the vowel sound
units in a given speech sequence irrespective of the recording
environments.
In the presented work, we have exploited the patch based
non-local means estimation (NLM) [16–18] to detect the high
SNR regions exhibiting periodicity over a longer duration. The
NLM algorithm finds an estimate of each of the samples in the
patch under consideration as a weighted sum of values at other
similar sample points in a search-neighborhood of the given
speech signal. Consequently, the estimation is not expected to
critically depend on the recording environments. Furthermore,
during the computation of weights in NLM, most of the low
SNR and non periodic speech samples are deemphasized due
to unavailability of similar samples in the neighborhood. As
a result, the estimated speech contains only long duration high
SNR speech regions. Mostly, those regions are the vowel regions. This helps in overcoming the ill-effects of environmental degradations. Next, for each short-time frame of denoised
speech sequence, we cumulatively sum the magnitude of the
corresponding discrete Fourier transform (DFT) spectrum. For
this, the spectrum corresponding to the frequency range of 5002500 Hz is considered. The magnitude spectrum in the stated
frequency range has significantly higher values for the vowel
sound units. Finally, the cumulative sum is smoothed and enhanced using a sigmoid function for better discrimination between vowel and non-vowel regions.
The rest of the paper is organized as follows: Section 2
discusses the NLM estimation of speech signal. The proposed
method for detection of VOPs is explained in Section 3. The
exiting VOP detection techniques are discussed in Section 4.
The experimental results are presented in Section 5. Finally, the
paper is concluded in Section 6.

Vowel onset point (VOP) is an important information extensively employed in speech analysis and synthesis. Detecting
the VOPs in a given speech sequence, independent of the text
contexts and recording environments, is a challenging area of
research. Performance of existing VOP detection methods have
not yet been extensively studied in varied environmental conditions. In this paper, we have exploited the non-local means
estimation to detect those regions in the speech sequence which
are of high signal-to-noise ratio and exhibit periodicity. Mostly,
those regions happen to be the vowel regions. This helps in
overcoming the ill-effects of environmental degradations. Next,
for each short-time frame of estimated speech sequence, we
cumulatively sum the magnitude of the corresponding Fourier
transform spectrum. The cumulative sum is then used as the feature to detect the VOPs. The experiments conducted on TIMIT
database show that the proposed approach provides better results in terms of detection and spurious rate when compared to
a few existing methods under clean and noisy test conditions.
Index Terms: non-local means estimation, vowel region, vowel
onset point.

1. Introduction
Vowel onset points (VOPs) are the instants where vowel regions in a speech sequence start [1–3]. The vowels are nearperiodic, high signal-to-noise ratio (SNR) and longer duration
sound units [4]. Considering the difference in excitation source
and vocal tract system characteristics in vowels, several signal processing [2, 3, 5–7] and statistical methods [8–12] have
been proposed to detect VOPs/vowels in a speech sequence.
The signal processing features mostly employed for these tasks
include the difference in the energy of each of the peaks and
their corresponding valleys in the amplitude spectrum [1], the
zero-crossing rate, the energy and the pitch information [8], the
wavelet scaling coefficients [13], the Hilbert envelop of the linear prediction (LP) residual [14], the spectral peaks, the modulation spectrum energies [2], the spectral energy around the
glottal closure instants (GCIs) [3], the Mel-frequency cepstral
coefficients (MFCCs) and the sub-band energies of the LP residual around the GCIs [12].
Detecting the VOPs in a given speech sequence, independent of the text contexts and recording environments, has remained a challenging area of research. In a continuous speech
utterance, the change in the excitation source and vocal tract
characteristics are not prominent at the semivowel to vowel
transitions as well as for diphthongs [15]. In the case of noisy
environments, most of these characteristics also deviate depending on type of noise and the SNR [6]. For instance, the VOP
detection method reported in [2] depends on the spectral peaks
and LP residual. Hence, this method may fail to detect the VOPs
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2. NLM estimation of speech signal
Non-local means estimation is a very successful patched-based
image denoising technique [16–18]. To the best of our knowledge, the NLM estimation has not been used for speech signal
enhancement yet. In the case of NLM algorithm, an estimate of
each of the samples in the signal is derived using other samples
in a search-neighborhood. In other words, for a given sample j,
the estimated signal ŷ(j) is computed as the weighted sum of
values at other sample points k. As illustrated in Figure 1 using a dummy signal, j and k corresponds to the centers of local
patches, respectively, which lie within a search-neighborhood
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Figure 1: Illustration of NLM algorithm using a dummy signal.
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Figure 2: (a) A segment of clean speech signal taken from TIMIT
database with reference vowel regions. (b) Smoothed feature
obtained by cumulatively summing the magnitude spectrum obtained from the short-term DFT. (c) Sigmoidal enhanced feature. (d) VOP evidence with hypothesized VOPs (circle symbol)
and true VOPs (arrow symbol). (e) Speech signal estimated
using NLM. (f)-(g) Corresponding smoothed feature, sigmoidal
enhanced feature and VOP evidence, respectively.
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where, d represents the difference between sample points belonging to the patches centered at points j and k, respectively.
The difference value is summed over δ and normalized in order to get the weight value. The bandwidth parameter κ controls the amount of smoothing to be applied. Several weighting
techniques for NLM estimation have been proposed [17, 19].
Among those, square patches with centered point of reference
is the most preferred one. In order to get a smoother output in
the case of image denoising, a patch correction method is also
employed as follows [17]:
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of Z(j). Each patch has Lδ samples with δ representing a patch
of samples ranging from −P : P such that Lδ = (2P +1). The
estimated signal is computed as follows [18]:
ŷ(j) =
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3. Proposed VOP detection method
In the proposed method, NLM is used first for preserving the
high SNR regions in a speech sequence and suppressing the illeffect of noise. Since speech is a non-stationary signal, in the
present work, the patch-half-width and the half neighborhoodwidth are chosen to be 2 ms and 20 ms, respectively. This selection is made to maintain the stationarity property of speech
signal within the analysis frame. The standard deviation of the
noise is computed using ten frames in the entire signal having
the least energy. For computing the energy, the given speech
signal is processed in overlapping short-time frames of duration
20 ms with a frame-shift of 10 ms. The bandwidth parameter κ
is fixed at 0.7σ. During the experiments performed on a development set, it was observed that the variation of κ from 0.5σ to
0.9σ does not greatly affects the performance. An example of a
segment clean speech signal and corresponding signal degraded
by 5 dB babble noise are shown in Figure 2(a) and Figure 3(a),
respectively. The corresponding NLM estimated speech signals
for clean noisy cases are shown in Figure 2(e) and Figure 3(e),
respectively. It can be observed that the NLM estimated speech
contains only high SNR periodic sound units.
After enhancing the given speech using NLM, the signal is
processed through the following sequence of steps for obtaining
the VOP evidence.

(4)

The above correction approach avoids w(j, j) = 1 which corresponds to weighing of similar patches. In this work, this oversmoothing step is avoided. From Eq. (2), it is evident that the
NLM technique exploits the non-local information present in
the signal. The patch difference is taken over whole neighborhood range Z(j). It is to note that the weight value depends
only on the similarity between the patches and not on the distance between them. Averaging over correlated patches provide
better sample estimate.
The performance of NLM estimation depends on the critical parameters like bandwidth parameter κ, patch width Lδ
(where Lδ = 2P + 1) and neighborhood-width N (m) (where
N (m) = 2M + 1), where M is the half-neighborhood-width.
The bandwidth parameter κ control the smoothness applied to
the signal as mentioned earlier. For image denoising, the proper
value of κ is selected to be 0.5σ, where σ is standard deviation of the noise [18]. Size of patch width, which is specified by
patch-half-width (P ) is often similar to the smallest feature size.
Next, important parameter is width of neighborhood (N (m))
specified by half neighborhood-width M . Larger value of M
will lead to enhanced performance due to better averaging with
increased computational complexity.

I. The enhanced speech signal is processed in short-time
frames that are 20 ms in duration with 50% overlap for
the computation of short-term DFT magnitude spectrum.
Next, the cumulative sum of the magnitude spectrum corresponding to vowel regions (500-2500 Hz) is computed
and smoothed over 50 ms duration with a frame-shift of
1 ms. The smoothed cumulative sum of the magnitude
spectrum for the clean and noisy speech signals are shown
in Figure 2(b) and Figure 3(b), respectively, while those
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For comparing the performance of proposed VOP detection
method, two state-of-the-art VOP detection approaches are considered in this study [2, 3]. As suggested in the first method [2],
three features viz. the Hilbert envelope (HE) of the LP residual
signal, the sum of the ten largest peaks in the DFT spectrum
and the modulation spectrum energy of the input speech signal are computed. Next, the features are smoothed over 100
ms regions and then enhanced by computing the slope using
the first order Gaussian difference. The evidences for each of
those smoothed features are obtained by individually convolving with a first order Gaussian difference (FOGD) operator. Finally, a combined evidence is obtained by combining the three
evidences sample by sample. In rest of the paper this approach
is termed as COMB-EVI method.
In the second existing VOP detection approach [3], first the
GCIs are determined by zero frequency filtering (ZFF) of the
speech signal. Next, the DFT spectrum is computed for the
speech samples present in 30% of glottal cycle starting from
the GCI. The spectral energy is then computed within the frequency band of 500-2500 Hz. The smoothing and enhancement
of spectral energy is done by following the similar procedure as
suggested in [2]. The final VOP evidence is obtained by convolving the smoothed spectral energy with a FOGD operator. In
rest of the paper this approach is termed as SE-GCI method.
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Figure 3: (a) Speech signal (same as shown in Figure 2(a)) degraded by 5 dB babble noise with reference vowel regions. (b)
Smoothed feature obtained by cumulatively summing the shortterm DFT magnitude spectrum of the noisy speech signal. (c)
Sigmoidal enhanced feature. (d) VOP evidence with hypothesized VOPs (circle symbol) and true VOPs (arrow symbol).
(e) Speech signal estimated using NLM. (f)-(g) Corresponding
smoothed feature, sigmoidal enhanced feature and VOP evidence, respectively.

5. Experimental results and discussion
In this section, we present the performance of proposed approach and compare it with two state-of-the-art VOP detection
methods under clean and noisy conditions.

for the NLM enhanced cases are shown in Figure 2(f) and
Figure 3(f), respectively.
II. The cumulative sum of the smoothed magnitude spectrum
is then processed by sigmoidal function to enhance the relatively low SNR vowel regions as:
ws (n) =

1 − wsm
+ wsm
1 + exp {−λ(M (n) − Th )}

5.1. Experimental dataset
In this work, TIMIT database is used for performance evaluation. For better statistical validation of the experimental results,
three dataset are prepared. Each dataset consists of 200 randomly selected utterances, equally divided between male and
female speakers. Performance of the proposed and existing
methods are evaluated on each of these datasets and the performance reported are averaged over those three datasets. A
development set consisting of 400 utterances is used for optimizing the tunable parameters as discussed earlier. To simulate
noisy test conditions, three different noises namely White, Factory and Babble noise from the NOISEX-92 database [20] are
added to the speech files. The energy level of the noise is varied
so that the SNR of the nosiy speech is either 0, 5 or 10 dB.

(5)

where, ws (n) is sigmoidal function of smoothed magnitude spectrum M (n), λ is the slope parameter set to 5, Th
is the threshold derived from the mean value of the signal M (n) and wsm is minimum value of sigmoidal function (set to zero in the present case). The output ws (n) is
used as the feature for obtaining the VOP evidence. The
smoothed cumulative sum of the magnitude spectrum after
sigmoidal enhancement for clean and noisy cases shown in
Figure 2(c) and Figure 3(c), respectively, while those for
the NLM enhanced cases are shown in Figure 2(g) and
Figure 3(g), respectively.
III. The VOP evidence from the feature is obtained by
convolving it with a first order Gaussian differentiator
(FOGD) window of length 100 ms and standard deviation being one sixth of the window [2]. Peak locations
in the evidence are hypothesized as VOPs. The VOP evidences with hypothesized VOPs for the clean and noisy
cases are shown in Figure 2(d) and Figure 3(d), respectively, while those for the NLM enhanced cases are shown
in Figure 2(h) and Figure 3(h), respectively.
From the above discussions, it can be concluded that the illeffect of noise is highly suppressed during NLM estimation. At
the same time, the proposed feature is discriminative for vowel
and non-vowel sound units.

5.2. Metrics for performance evaluation
For the proposed and existing methods, the peaks in the respective VOP evidences are marked as VOPs. Using the manual
markings given in the TIMIT database as the reference, the performances of the detected VOPs are measured using the following metrics:
• Identification rate (IR): The percentage of the reference
VOPs that match with the detected VOPs within the predefined deviation (in ms).
• Spurious rate (SR): The percentage of detected VOPs
which are detected outside the vowel regions.
In earlier reported works, the IR was evaluated only for deviation values ranging from 10-40 ms in steps of 10 ms [2]. For a
better comparison, the IR in this work is measured by varying
the deviation values from 5 ms to 40 ms in steps of 2 ms.
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Table 1: Spurious rates for VOP detection using the COMBEVI, SE-GCI and the proposed methods. The SRs are given
with respect to the clean as well as noisy test conditions.
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Figure 4: The IR profiles for the VOP detections under clean
testing conditions. The IR profiles are given for the COMB-EVI,
SE-GCI and the proposed methods. The predefined deviation is
varied from 5 ms to 40 ms in steps of 2 ms.
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sidered deviation values and noises, the proposed method provides significantly improved IR compared to the existing techniques explored in this work. For example, for the 0dB SNR
white noise case with deviation being 10 ms, the IR is 66.25%,
56.38% and 59.67% for the proposed, the COMB-EVI and the
SE-CGI, methods, respectively. Similarly, for the 5dB SNR factory noise case with deviation being 20 ms, the IR is 78.21%,
69.29% and 71.29%, respectively. For the 10dB SNR babble
noise case with the deviation being 30 ms, the IR is 83.23%,
75.48% and 79.60%, respectively. Furthermore, it can be observed that, for both clean and noisy speech signals, the IR
improvements are much better when compared to the existing
methods when the deviation is low. For most of the applications
this is required in order to analyze the transition regions of the
vowels.
The spurious rates for the proposed and the existing VOP
detection methods explored in this work are given in Table 1.
It is to note that, the proposed approach provides the minimum
SR for clean as well noisy cases for all the considered SNR
levels. As discussed earlier, for the factory and the babble noise
cases, the SE-GCI provides significant spurious detection. This
may be due to impulsive and speech like behavior of the noise.
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Figure 5: The IR profiles for the VOP detections for noisy testing conditions. The IR profiles are shown for the COMB-EVI,
SE-GCI and the proposed methods. For this study, three different noises (white (WN), factory (FN) and babble (BN)) are
added to the given speech signal.

6. Summary and conclusion
The work presented in this paper deals with the detection of
VOPs in varied environmental conditions. To do the same, a
given signal is processed through the non local mean estimation
to re-estimate the high SNR and periodic speech sound units and
suppress the ill-effect of noise. Next, for each short-time frame
of enhanced speech sequence, the cumulative sum the magnitude spectrum is computed for the range of frequencies lying
between 500 − 2500 Hz. The cumulative sum is then smoothed
and processed through the sigmoidal function to enhance relatively low SNR vowel regions. The sigmoidal enhanced feature
is used for the detection of vowel onset points. The proposed
feature for detecting VOPs in a speech sequence is discriminative and robust towards environmental degradations. The
experiments conducted on TIMIT database show that the proposed approach provides better results in terms of detection and
spurious rates when compared to state-of-the-art methods under
clean and noisy test conditions.

5.3. Experimental results
The identification rate (IR) for the VOP detection with respect
to the clean speech signal for the proposed, COMB-EVI [2]
and SE-GCI [3] methods are summarized in Figure 4. The predefined deviation values considered in this study are varied form
5 ms to 40 ms in steps of 2 ms. It is evident from the shown profiles that, for all the considered deviation values, the proposed
method provides significant improvement in IR compared to
the existing techniques. For instance, the IR for the case when
the deviation is 10 ms, is 69.09%, 64.33% and 63.20% for the
proposed, the COMB-EVI and the SE-CGI, methods, respectively. Similarly, the IR for the 40 ms deviation case is 88.32%,
83.90% and 85.06%, respectively.
The IR profiles for the existing and proposed VOP detection methods under noisy testing conditions are summarized in
Figure 5. It is evident from these results that, for all the con-
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