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Abstract

In this work, we propose a novel and noise robust method for

the detection of vowels in speech signals. The proposed ap-

proach combines variational mode decomposition (VMD) and

non-local means (NLM) estimation for the detection of vowels

in a speech sequence. The VMD algorithm is used to determine

a number of variational mode functions (VMFs). The lower-

order VMFs represent the frequency contents corresponding to

vowel regions. Thus by combining the lower-order VMFs and

reconstructing the speech signal back, the energy correspond-

ing to the vowel regions is enhanced while the non-vowel re-

gions are suppressed. At the same time, the ill-effect of noise is

also reduced. Finally, as reported in an earlier work, application

of NLM followed by convolution with first-order difference of

Gaussian window is performed on the reconstructed signal to

determine the vowel region. The performance of proposed ap-

proach for the task of detecting vowels in speech is compared

with three existing techniques and observed to be superior under

clean as well as noisy test conditions.

Index Terms: Vowel detection, noise robust, VMD, NLM.

1. Introduction

In a speech signal, vowels are the primary voiced regions. The

instants of starting and ending of a vowel are known as vowel

onset point (VOP) and vowel end point (VEP), respectively [1].

The frequency response of the vocal tract system as well as the

source of excitation information are better manifested within

the vowel region [2, 3]. Effective detection of vowels and

VOPs/VEPs has been used in the earlier reported works on

developing robust speaker recognition systems [3, 2, 4, 5, 6].

In addition to that, information about vowel regions and cor-

responding VOPs/VEPs was also explored for the identifica-

tion of consonant-vowel units [7, 8], speech segmentation [9],

keyword spotting [10], dialect classification [11] and prosody

modification [12, 13, 14]. Therefore, several front-end speech

parameterization techniques and statistical modeling methods

have been studied for detecting vowels and their corresponding

VOPs and VEPs [1, 2, 3, 15, 16, 17, 18, 19, 20].

It is well known that the vowels are long duration, peri-

odic and high-energy sound units [21, 1, 15]. These attributes

have been exploited in the above mentioned works for extract-

ing front-end acoustic features that enhance the energy and pe-

riodicity information. Some of those front-end features such as

the energy difference of each of the peaks and their respective

valleys in the short-term discrete Fourier transform (DFT) mag-

nitude spectrum [22], largest peaks in the DFT magnitude spec-

trum [1] and mel-frequency cepstral coefficients (MFCCs) were

used for representing spectral energy in different frequency

bands. Features representing excitation strength like Hilbert en-

velope of the linear prediction (LP) residual [23] and the rate of

change in excitation strength obtained from the zero frequency

filtered (ZFF) speech signal [3, 2] were also studied for detect-

ing vowel regions. In addition to those, the zero-crossing rate,

energy and pitch information of the speech signal [17], wavelet

scaling coefficients of the speech signal [24], modulation spec-

trum energies [1], spectral energy present in the glottal closure

regions [15], uniformity of the epoch intervals [16] and cumula-

tive sum of the DFT magnitude spectrum of the non-local esti-

mated speech signal [25] have also been used as the discern-

ing acoustic features. Furthermore, several acoustic features

have been combined to represent the complementary informa-

tion present in the vowels [1, 2, 3, 16, 20].

Since the detection of vowel regions has immense applica-

tion as already discussed, we present a novel technique for ex-

tracting robust front-end features that can be used for effective

detection of vowel regions and their corresponding VOPs and

VEPs. In the proposed approach, we first suppress the unvoiced

sound units with high frequency content using variational mode

decomposition (VMD) [26]. The VMD technique is employed

to break the speech signal into several variational mode func-

tions (VMFs) centered around distinct frequency bands. Those

VMFs that are centered around 100-5000 Hz are chosen and

then combined to reconstruct the speech signals. Next, non-

local means estimation is employed to determine the sum of

weight values (SWV) for each of the samples in the recon-

structed speech signal as suggested in [27]. The SWVs are then

convolved with first-order difference of Gaussian window. The

peaks and valleys in the resulting output are finally used to de-

tect the vowel regions.

The rest of the paper is organized as follows: In Section 2,

the proposed technique is described in detail. The experimen-

tal evaluations are presented in Section 3. Finally, the paper is

concluded in Section 4.

2. Proposed method

In the proposed method, the vowels are identified by process-

ing any given speech signal through the following sequence of

steps:

STEP-I First, the speech signal is decomposed into n num-

bers of variational mode functions using VMD. The

VMFs with lower center frequency correspond to

the predominantly high magnitude vowel regions

whereas the unvoiced sound units are represented by

the VMFs with higher center frequency. It is well

known that, in the case of VMD, choosing a large

number of modes leads to under-binning or loss of

relevant information. On the other hand, choosing

a lower number of modes results in over-binning of

modes or mode duplication [26]. During the pre-

liminary experiments performed on a development
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Figure 1: Magnitude spectrum of VMFs for a speech signal. The modes are arranged from low- to high-frequency band (left to right).

set, it was noted that a minimum of 8 levels of de-

composition are required for efficient decomposi-

tion and reconstruction of the speech signal. The

spectral magnitude for those 8 VMFs obtained by

decomposing a speech signal collected from TIMIT

database [28] are shown in Figure 1. It can be ob-

served that by combining some of the VMFs one

may be able to capture the energy of the vowel re-

gions lying in between 100-5000 Hz depending on

the location of their center frequencies. As evident

from Figure 1, combining VMF-2 to VMF-6 leads

to effectively capturing the desired frequency band.

The energy of the vowel region is thus captured by

this frequency band.

STEP-II Next, the selected m VMFs are summed and the

speech signal is reconstructed so that the energy cor-

responding to the vowel regions is enhanced. At the

same time, sound units such as fricatives are sup-

pressed.

STEP-III Further to that, non-local means estimation is em-

ployed to determine the SWVs for each of sam-

ples in the reconstructed speech signal as suggested

in [27].

STEP-IV The significant transition points in the SWV are then

detected by convolving it with a first-order differ-

ence of Gaussian (FODG) window. In the convolved

output, termed as the vowel detection evidence, the

Figure 2: Illustration of the suggested vowel detection method.

(a) A clean speech segment from the TIMIT database with ref-

erence markings for the sound units, (b) sum of weight values

obtained by using NLM estimation of the speech signal, (c) the

solid red line shows the vowel detection evidence obtained after

convolving SWV with FOGD window. The reference vowel re-

gions are depicted by black lines while the blue lines represent

the detected vowels regions. (d) Represents the speech signal re-

constructed after selecting VMF-2 to VMF-6, (e) SWV obtained

by processing VMF reconstructed speech signal and (f) vowel

detection evidence, the reference and detected vowel regions.

region between a valley and peak is selected as the

vowel region. Similarly, the region between a peak

and a valley is the non-vowel region.

The outputs for each of the steps involved in the proposed

vowel detection method, when applied on a clean speech sig-
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Figure 3: (a) A segment of noisy speech with reference mark-

ings for the sound units, (b) sum of weight values obtained by

using NLM estimation of the speech signal, (c) the solid red line

shows the vowel detection evidence obtained after convolving

SWV with FOGD window. The reference vowel regions are de-

picted by black lines while the blue lines represent the detected

vowels regions. (d) Represents the noisy speech signal recon-

structed after selecting VMF-2 to VMF-6, (e) SWV obtained by

processing VMF reconstructed speech signal and (f) vowel de-

tection evidence, the reference and detected vowel regions.

nal, are shown in Figure 2. The top panes show the time do-

main waveforms and the corresponding sound units marked on

it. On comparing Figure 2 (a) and Figure 2 (d), it is evident that

the energy due to high frequency sound units is significantly

deemphasized in the speech signal reconstructed by summing

the VMFs. For example notice the differences in the regions

corresponding to /s/, /sh/ and /ch/ sound units in Figure 2 (a) and

Figure. 2 (d). Figure 2 (b) and Figure 2 (e), respectively, show

the SWV computed using NLM estimation without and with

VMD-based reconstruction. In Figure 2 (c) and Figure 2 (f), the

red lines represent the vowel detection evidence obtained when

the SWV is convolved with a FOGD window. As mentioned

earlier, the region between a valley and peak is selected as the

vowel region and the same is depicted using solid blue lines.

The hand labeled markings available with TIMIT database are

used as the reference vowel regions and those are represented

using solid black lines. From Figure 2 (f), it is evident that the

detected vowel regions almost match with the reference ones.

On the other hand, from Figure 2 (c), it can be observed that

the vowel detection evidence includes spurious detections for

the long duration and high energy fricatives (/s/ and /c/) when

the SWV are estimated directly from the speech signal. This is

overcome when VMD-based reconstruction is performed. Sim-

ilar trends are noted even in the case of noisy speech as shown

in Figure 3 (a) - Figure 3 (f).

3. Experimental evaluations

In this section, the experimental evaluations demonstrating the

efficacy of the proposed vowel detection algorithm is presented.

TIMIT database was used for studying the effectiveness of the

proposed approach. Since hand labeled reference markings are

available with the TIMIT corpus, we chose it for determining

the accuracy of detecting vowel region through the proposed

approach. A test set was derived from TIMIT database that

consisted of 400 utterances from 50 male/female speakers. A

development set consisting of 200 utterances was used for se-

lecting the optimal values for the parameters. The speech data

used in this work was sampled at 16 kHz rate.

Table 1: Performances, IR and SR, of the different explored

approaches as well the technique proposed in this paper for the

task of detecting vowels in a given speech signal under clean

and noisy test conditions.

SNR Method IR in %
SR in %

Semivowel Nasal Other

Clean

COMB-EVI 72.87 9.84 1.72 12.09

SE-GCI 65.71 9.82 1.78 8.18

NLM-SPE 69.23 10.44 1.41 6.45

Proposed 87.20 10.67 1.28 3.05

15 dB

COMB-EVI 67.25 10.13 2.62 22.18

SE-GCI 63.21 10.95 2.49 14.08

NLM-SPE 67.57 10.98 2.14 7.16

Proposed 84.06 11.86 1.41 8.82

10 dB

COMB-EVI 65.19 10.93 3.28 23.98

SE-GCI 61.47 11.77 2.96 17.09

NLM-SPE 66.04 11.47 2.83 8.82

Proposed 82.42 12.04 1.63 9.27

5 dB

COMB-EVI 63.78 11.11 3.98 24.38

SE-GCI 60.04 12.17 3.13 19.50

NLM-SPE 65.07 11.98 3.08 9.84

Proposed 80.30 12.80 1.98 9.89

0 dB

COMB-EVI 61.40 11.90 4.70 26.17

SE-GCI 58.46 13.86 4.60 21.22

NLM-SPE 63.63 12.45 3.83 11.85

Proposed 77.78 13.16 2.16 10.01

Any given test speech signal was first decomposed into 8-

levels using variational mode decomposition algorithm. For

signal decomposition using VMD, the data fidelity constraint

balancing parameter was chosen as 320. Further to that, the

time-step and tolerance of convergence were set as 0 and 10
−7,

respectively. For computing the sum of weight values, the half-

width of the segment was fixed at 3 ms (48 samples for 16 kHz

sampling rate) and while the neighborhood width was chosen

to be and 50 ms (800 samples). The bandwidth parameter κ

was fixed at 0.6σ. These values were determined by perform-

ing experiments on the development set as already stated earlier.

Furthermore, it was noted that the performance did not change

significantly by varying κ from 0.5σ to 0.9σ.

The accuracy of vowel detection technique were measured

using the following parameters:

• Identification rate (IR): the percentage of reference vow-

els that match with the detected vowels.

• Spurious rate (SR): the percentage of detected vowels

which lie outside the reference vowel regions.

The IR and SR values were computed under clean as well

as noisy test conditions. Several noises were added to test set

and performances reported are averaged over all the case. The

SNR values were chosen to be 15dB, 10dB, 5dB and 0dB. Fur-

ther to that, the proposed approach was compared with three

existing vowel detection techniques reported in [1, 29, 30].
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Table 2: Performances of the proposed and explored techniques for the task of VOP and VEP detection. The terms IR and SR refer

to identification rate and spurious rate, respectively. Performance is evaluated using different predefined deviations that are chosen to

be either ± 10 ms or ± 20 ms in this study.

VOP detection VEP detection

SNR Method
IR in % IR in %

± 10 ms ± 20 ms SR in % ± 10 ms ± 20 ms SR in %

Clean

COMB-EVI 60.82 72.14 8.68 54.91 65.84 7.19

SE-GCI 65.10 76.84 7.10 54.10 65.14 6.11

NLM-SPE 65.13 76.15 4.01 55.85 67.18 4.28

Proposed 79.83 85.19 6.27 81.96 87.06 5.86

1 5 dB

COMB-EVI 57.12 67.27 23.11 51.16 63.01 22.10

SE-GCI 61.85 74.85 10.96 50.20 62.20 11.24

NLM-SPE 63.15 75.44 14.04 53.15 65.14 13.87

Proposed 78.86 84.72 7.13 80.20 86.76 6.39

10 dB

COMB-EVI 54.80 65.13 25.81 49.17 61.10 25.09

SE-GCI 59.11 72.41 13.96 48.04 59.19 13.63

NLM-SPE 62.48 73.98 16.15 51.18 63.33 17.64

Proposed 77.90 83.98 8.06 79.61 85.60 6.59

5 dB

COMB-EVI 52.89 64.16 26.17 47.18 59.19 26.67

SE-GCI 56.87 70.08 21.88 47.10 58.13 15.16

NLM-SPE 61.16 72.23 18.45 50.86 61.94 20.11

Proposed 77.34 83.16 8.31 79.03 85.00 7.16

0 dB

COMB-EVI 50.17 58.17 29.10 43.14 53.60 28.10

SE-GCI 53.81 68.50 26.43 45.64 56.15 21.08

NLM-SPE 58.23 70.13 21.90 48.99 60.01 22.92

Proposed 72.18 79.56 9.42 73.81 80.11 8.91

Those approaches are referred to as COMB-EVI, SPE-GCI

and NLM-SE, respectively. The performances of the existing

techniques as well as proposed approach in terms of IR and SR

are given in Table 1. As already mentioned, the IR and SR val-

ues were computed under clean as well as noisy test scenarios.

It is evident from Table 1 that the IR values are significantly

higher for the proposed approach not only in clean but also in

noisy cases. At the same time, the spurious rates are lower.

Finally robustness of proposed method in term of vowel on-

set points and vowel end points was studied. The following two

metrics were employed for performance evaluations.

• Identification rate (IR): the percentage of the reference

VOPs/VEPs that match with the detected VOPs/VEPs

within the predefined deviation (in ms).

• Spurious rate (SR): the percentage of detected

VOPs/VEPs which are detected outside the reference

vowel regions.

The IR and SR values for the task of VOPs and VEPs de-

tection using the existing techniques as well as the proposed

method are given in Table 2. The predefined deviations are cho-

sen to be ±10 ms and ±20 ms. Even in this case the proposed

approach is noted to outperform the existing ones under clean

as well as noisy test conditions.

4. CONCLUSION

A novel and noise robust technique to detect vowels within as

speech signal has been proposed in this paper. The proposed

approach effectively exploits VMD algorithm to detect vowels.

The VMD algorithm is used to break the speech signal into sev-

eral modes. Few of the lower-order modes are then combined

to reconstruct the speech signal. Consequently, the energy cor-

responding to the vowel regions is enhanced while those for

the non-vowel sound units are suppressed. At the same the ill-

effects of noise is also reduced. The experimental evaluations

presented in this paper demonstrate the efficacy of the proposed

approach under clean as well as noisy test conditions. Further-

more, the proposed technique is compared with three of the ex-

isting methods for vowel detection and is noted to be superior

to those.
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