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ABSTRACT

The Glottal Closure and Opening instants (GCIs and GOlIs)
form important events in excitation source signal. These in-
stants represent closing and opening events of vocal folds
while producing voiced speech signal. Estimation of such
instants from speech signal is beneficial and several appli-
cations rely on accurate estimation of Closure and Opening
instants. In this work, Electroglottographic like (EGG-like)
signal is synthesized from speech signal using Generative Ad-
versarial Network (GAN). The Glottal Closure and Opening
instants are located using the derivative of EGG-like signal,
which is essentially a difference EGG-like signal. The pro-
posed method is evaluated on CMU-Arctic database, as the
database consists of simultaneous recordings of speech and
EGG signal, respectively. To evaluate the results, the loca-
tions obtained from synthesized EGG-like signal are com-
pared with the reference difference EGG signal. The results
are evaluated for both seen and unseen conditions. It is shown
that the performance of GCI and GOI estimation is compara-
ble to existing state-of-the-art methods.

Index Terms— Glottal closure instants, glottal opening
instants, electroglottograph, generative adversarial network

1. INTRODUCTION

Speech signal is produced as a result of exciting vocal tract
system with excitation source. The excitation source consists
of different types, among which voiced excitation forms the
major type of excitation source. Voiced excitation is due to
vibration of vocal folds, which essentially is a quasi periodic
cyclic oscillations [1]. The oscillations consists of closing and
opening phase of vocal chord. However, during such phases,
there are time instants at which the excitation source registers
the near complete closing and opening of vocal folds called
Glottal Closure Instant (GCI) and Glottal Opening Instant
(GOI), respectively. The excitation source gets spectrally
modified by vocal tract response to produce voiced speech
signal [2].
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Accurate estimation of GCIs and GOIs from speech sig-
nal is of interest to speech community. There are many ap-
plications in the literature that involve these instants for pro-
cessing [3-5]. However, it is difficult to estimate the accu-
rate position of GCIs and GOIs directly from speech signal.
There are many methods proposed in the literature for ro-
bust estimation of GCIs from speech signal [6-8]. Major-
ity of the proposed methods are signal processing based ap-
proaches. Most of the methods require the estimation of fun-
damental frequency from speech signal [6]. The tuning of pa-
rameters become difficult as the characteristics of the speech
signal varies and recording scenario changes. For example,
the parameters tuned for normal speaking scenario may not
give the same performance in case of emotional or singing
voice [9, 10].

It is possible to estimate GCIs and GOIs using several
invasive methods precisely [11]. However, it is not practi-
cally possible to use such invasive techniques for most of
the applications. Alternatively, non-invasive techniques like
Electroglottography (EGG) are equally reliable for the esti-
mation of GCIs and GOIs. A EGG equipment is needed to
record EGG signal and a pair of electrodes need to be strapped
around the neck of a speaker. Again it is not always possi-
ble to carry EGG equipment and record EGG signal. With
the introduction of efficient deep learning algorithms and in-
creased computational performance, it should be possible to
synthesize EGG signal from raw speech signal. Generative
Adpversarial Network (GAN) is one such deep learning tech-
nique that can help synthesize the EGG signal [12]. The EGG
signal can be derived directly from raw speech signal without
the necessity for hand-crafted features using GAN.

In this work, a synthesized EGG-like signal is obtained
from trained models of GAN. EGG signal has more attributes
than GCIs and GOIs. Since we have not fully characterized
the synthesized EGG, we are limiting ourselves to call this
as synthesized EGG-like signal. The GCIs and GOIs are es-
timated from the derivative of synthesized EGG-like signal,
as in case of EGG signal [13]. The CMU-Arctic database is
used for both training and testing [14]. The proposed work
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is compared with state-of-the-art techniques available in the
literature.

The rest of this paper is organized as follows: In Sec-
tion 2, the proposed method for GCI and GOI extraction is
discussed. In Section 3, we present the evaluation of the
proposed scheme. Finally, the paper is summarized and con-
cluded in Section 4.

2. ELECTROGLOTTOGRAPH-LIKE SIGNAL
SYNTHESIS

Electroglottography is a non-invasive device used to measure
the vocal folds contact area (VFCA) [15]. Although this
may not be an accurate measurement, however it is sufficient
for many applications including speech pathology [16]. The
EGG device consists of two electrodes strapped across the
neck of the speaker near the larynx. Due to vibration of vocal
folds vertically, the contact area between them varies during
oscillatory cycles. The oscillatory pattern is essentially made
of near complete closure (contact between vocal folds) and
near complete opening (no contact between vocal folds) cy-
cles. The electrical impedance between electrodes is lowest
when VFCA is maximum and largest when VFCA is min-
imum, respectively. Recording of impedance waveform as
a function of time is called EGG signal. There is sufficient
correlation between EGG signal and the actual VFCA mea-
surement during the production of voiced speech signal [17].
The usual practice is to record both EGG and speech signal
for analysis purpose. There is a correspondence between
EGG and speech signal in terms of closing phase, opening
phase, GCIs, GOIs and instantaneous fundamental frequency.
However, as stated earlier it is difficult to carry EGG de-
vice for recording EGG signal. It is therefore beneficial to
synthesize EGG waveform directly from speech signal.

In this work, an attempt is made to relate these two signals
using Generative Adversarial Network (GAN). The Genera-
tive model is trained to synthesize EGG-like signal from the
corresponding speech signal as input.

2.1. Speech Enhancement Generative Adversarial Net-
work for EGG-like Signal Synthesis

GANSs are promising deep learning networks that can learn
the mapping from one distribution to another. It was first pro-
posed in [12] for face and digit synthesis in the form of im-
ages. A modified network was proposed for speech enhance-
ment and it is named as Speech Enhancement Generative Ad-
versarial Network (SEGAN) [18]. The objective is to map
the noisy speech signal distribution to a learned clean speech
distribution and thereby synthesize the clean speech signal.
Motivated by this, the proposed work enables the Generative
network to synthesize EGG-like signal from speech signal.
Let speech samples = belong to to some prior distribu-
tion X. The objective of SEGAN in this work is to learn the

mapping of samples x to samples e from another distribution
£ that belong to EGG signal. The SEGAN is a combination
of two networks where one is discriminator called (D) and
the other network is called generator (G). Both networks acts
adversarial to each other, where G tries to outwit D by faking
the training data, while D tries to figure out the real against the
fake samples generated by . The network is having double
feedback using which the weights are adjusted through back-
propagation algorithm. The proposed EGG synthesis can be
defined as the speech signal x which is fed as input to network
G for obtaining the synthesized EGG-like signal e. The rela-
tionship between the speech and synthesized EGG-like signal
is given by the following relationship.

e = G(x) (1)

The G network is fully a convolutional layer, the advan-
tage of using such a network is that it reduces the number of
parameters and thereby reducing the training time. The pro-
posed work is an end to end system, where the network is
trained using raw audio files. The training is unsupervised as
there are no labels involved in it.

2.2. Glottal Closure and Opening Instants Estimation
from Synthesized EGG Signal

The VFCA consists of two oscillatory phases, viz., closing
and opening during voiced speech production. However, the
instants at which the near complete closing and opening of
vocal folds play a major role in several applications. These
instants are called Glottal Closure and Opening Instants. It is
crucial to estimate the accurate time instants at which these
events occur. One such reliable measurement can be obtained
using non-invasive EGG signal. The proposed work attempts
to estimate these locations using synthesized EGG-like signal
as mentioned in Section 2.1.

The Figure 1 illustrates the synthesis of EGG-like signal.
Figure 1(a) shows a segment of voiced speech signal from a
female speaker taken from CMU-Arctic database [14]. Fig-
ure 1(b) shows the EGG waveform recorded simultaneously.
It can be noticed that the waveform essentially is a measure-
ment of closing and opening phase. However, it can be no-
ticed that GCIs and GOIs are not evident from the EGG sig-
nal. Figure 1(c) shows the difference EGG signal, where the
red arrow marks indicate the GCI locations and green arrow
marks indicate GOI locations, respectively. The Figurel(d)
is the synthesized EGG-like signal generated by the genera-
tor network for the input speech signal. It can be noticed that
the signal is similar to EGG waveform. Therefore, the GCI
and GOI locations can be obtained by taking the difference
EGGe-like signal as shown in Figure 1(e). Note that there is
a close correspondence between difference EGG and synthe-
sized EGG-like signal in terms of GCI and GOI locations.

The GClIs and GOlIs are obtained using Singularity detec-
tion In EGG with Multiscale Analysis (SIGMA) algorithm
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Fig. 1: TIilustration of synthesized EGG-like signal. (a) speech signal taken from
vowel region, (b) Electroglottograph signal, (c) difference EGG signal, (d) synthesized
EGG-like signal using SEGAN, (e) difference synthesized EGG-like signal. Red arrow
indicates the locations of Glottal Closure Instants and green arrow indicates the locations
of Glottal Opening Instants.

from difference EGG [13]. The GCI and GOI locations ob-
tained from difference EGG signal using SIGMA is consid-
ered as reference locations. The procedure is repeated for
synthesized EGG-like signal and compared with reference lo-
cations for evaluation.

3. EXPERIMENTAL RESULTS AND DISCUSSION

The training and testing of SEGAN is done using CMU-
ARCTIC database. The database consists of 2 channel
recordings of speech and EGG signal, respectively. Both
channels are recorded at a sampling rate of 32 kHz. In this
work, a total of 4 (3 Male and 1 Female) speakers data is
considered for the experiments. Each speaker’s data consists
of 1150 utterances.

Two different trained models are considered for experi-
mental purpose. The seen condition is trained and tested us-
ing the same speaker’s data. However, in unseen case both
trained and testing files are exclusive to each other. In order
to train the models in both cases 80 epochs are used, while
learning rate is set as 0.0002 with a batch size of 100. The
generator network consists of 22 one dimensional convolu-
tional layers that has kernel size of 31 and stride size is set as
2.

The Figures 2 and 3 shows the plots of wavegram for a
10 ms segments taken from original EGG signal and synthe-
sized EGG-like signal, respectively. The wavegram is a vi-
sual representation of EGG signal and difference EGG sig-
nal. This essentially captures the variations with reference to
each glottal cycle as shown in the graph (ii) which is similar
to spectrogram plots [19]. Subsequently, (iii) and (iv) shows
the FO contour and amplitude variation in decibels. It can be
observed that both EGG and EGG-like signal demonstrates
similar pattern in all 3 plots. However, this requires a detailed
analysis for a sufficiently larger data set. It will be of interest
to extend this similarity study to normal, emotional, singing,
and pathological conditions.
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Fig. 2: 10 milliseconds of (i) EGG signal from voiced region, (ii) Wavegram plot of
EGG signal, (iii) FO contour, and (iv) EGG signal amplitude in decibels.
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Fig. 3: 10 milliseconds of (i) Synthesized EGG-like signal from voiced region, (i)
Wavegram plot of EGG-like signal, (iii) FO contour, and (iv) EGG-like signal amplitude
in decibels.

The GAN network learns the data distribution rather than
the signal characteristics. One of the drawbacks of such
modeling technique is that it averages the synthesized signal,
while detailed characteristics might be lost. For example,
there are chances of missing double or triple peaks of GCIs
and GOIs in difference EGG and therefore we limit to call
this synthesized signal as EGG-like signal.

The Table 1 shows the GCI and GOI estimation perfor-
mance using SEGAN EGG for seen and unseen conditions.
In order to evaluate the performance, the GCI and GOI lo-
cations obtained from original EGG signal is considered as

Table 1: Performance evaluation of GCI and GOI estimation
for seen and unseen conditions. Note: IDR, MR, and FAR are
expressed in % while IDA in ms.

[ model [ IDR | MR [ FAR [[ IDA |
Seen GCI || 97.52 || 1.41 [ 1.83 || 0.10
Seen GOI || 97.09 || 1.98 | 043 || 0.34

Unseen GCI || 96.99 [ 2.44 |[ 0.57 [ 0.20
Unseen GOI || 96.68 || 249 || 0.84 || 0.46
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Table 2: Performance evaluation of GCI estimation. Note:
IDR, MR, and FAR are expressed in % while IDA in ms.

Method || IDR || MR [ FAR [ IDA |
HE 9524 [ 2.61 ] 2.15 ] 0.65
DYPSA 97.06 || 1.49 || 145 ] 0.42
SEDREAMS [ 98.79 [| 0.45 || 0.76 [ 0.34
YAGA 98.66 [ 0.37 | 0.96 ]| 0.33
ZFF 95.19 [[3.13 || 1.68 || 0.44
SEGAN(seen) [| 97.52 [ 1.41 [ 1.83 ][ 0.10
SEGAN(unseen) [| 96.99 || 2.44 | 0.57 [[ 0.20

ground truth. The reference locations are obtained by passing
difference EGG signal as input to SIGMA algorithm. Simi-
larly, the GCI and GOI locations are obtained by passing dif-
ference EGG-like signal through SIGMA algorithm. The per-
formance estimation of GCI and GOI are evaluated in terms
of identification rate (IDR), miss rate (MR), false alarm rate
(FAR), and identification accuracy (IDA). The details of these
parameters are explained in [6]. The reported results are com-
puted by taking average performance of all speech files in
testing.

The CMU-Arctic database consists of 4 speakers data set
viz., BDL, JMK, SLT, and KED. Amonst which BDL, IMK,
and KED are male speakers, while SLT is a female speaker
data set. In case of seen condition, 80% of speech files from
all speakers are used for training the GAN network, while
20% is used for testing the performance. However, in case
of unseen conditions the BDL data set is used for training the
model, while other speaker’s data is used for testing. Note
that the test consists of cross gender in case of unseen con-
dition. It can be noticed that the performance of both seen
and unseen conditions are similar in terms of IDR, however
IDA is relatively better in case of seen condition compared to
unseen condition.

The Table 2 shows the comparison between different
state-of-the-art methods for GCI estimation. The perfor-
mance is compared with Hilbert Envelope, DYPSA, SE-
DREAMS, YAGA, and ZFF [20-24]. Note that the results
of other methods were taken from [6]. Most recently a
method is proposed to estimate the GCI locations from raw
speech signal using Deep Dilated Convolutional Neural Net-
works [25]. The method makes use of dilated convolutional
neural networks (DCNN) for feature extraction, while 2 fully
connected networks are used for regression and classifica-
tion. This method localizes on GCI locations directly, unlike
deriving EGG signal from speech signal as proposed in the
current approach. However, the DCNN based approach is
not compared with the current approach. It can be observed
from Table 2 that the performance of the proposed method is
comparable in terms of IDR. However, the proposed method
is better in terms of identification accuracy compared to other
methods.

Table 3: Performance evaluation of GOI estimation. Note:
IDR, MR, and FAR are expressed in % while IDA in ms.

Method [ IDR [ MR [| FAR | IDA |
MBS+LPres [ 98.23 [ 1.36 [| 0.55 [ 0.98
1. DYPSA 95.00 || 1.90 || 3.09 | 1.09
SEGAN (seen) || 97.09 [ 1.98 [[ 0.43 || 0.34
SEGAN (unseen) [| 96.68 | 2.49 || 0.84 [ 0.46

Table 3 shows the GOI estimation performance compared
to other methods. Compared to GCI, very few existing meth-
ods extract GOI in the literature. GOI extraction is difficult
compared GCI as it is less pronounced and has relatively low
peaks. In case of Mean Based Signal (MBS) approach, the
GOl extraction is dependent on GCI locations [22]. However,
the GOI estimation is independent to GCI locations in the pro-
posed method. It can be observed that the proposed method
is comparable in its performance in terms of identifying the
GOl locations. It can be noticed that the proposed method has
slight advantage in terms of identification accuracy compared
to other methods.

4. SUMMARY AND CONCLUSIONS

The proposed work is an attempt to synthesize EGG signal
from speech signal using Generative Adversarial Network.
We stop short of calling the synthesized signal as EGG sig-
nal, since all the attributes of EGG are not verified. The study
is limited to extract GCIs and GOIs from synthesized EGG-
like signal. It is observed that the performance is comparable
to other state-of-the-art methods in the literature in terms of
identification rate. However, the estimation accuracy is com-
paratively better. Only clean speech signal were considered
for the evaluation. Hence, the robustness of the proposed
work needs further exploration. Also, it is of interest to eval-
uate the performance of the proposed work in varying pitch
scenario like emotional speech, singing voice, and patholog-
ical conditions. The proposed work seems to be promising
and other attributes of EGG needs to be evaluated.
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