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Abstract—Glottal instants namely GCIs and GOIs are useful in a wide variety of speech 
processing and biomedical applications. This paper presents the recent developments in the 
methodologies for glottal activity detection using EGG and speech signals. The databases used 
by the researchers are APLAWD, SAM, KEELE and BDL. The methodologies are compared in 
terms of identification rate, miss rate, and false alarm rate and identification accuracy. The 
applications in which these methods are employed are also presented. It is observed that many 
researches are conducted to identify the glottal activity based on the speech signal rather than 
the EGG signal.  
 
Index Terms— Glottal activity, GCI, GOI, EGG, speech signal. 

I. INTRODUCTION 

Laryngeal physiology is an area of research to examine the functioning of larynx in the human respiratory 
system. Larynx contains vocal cords or folds which are essential for human speech and hence called as the voice 
box. Vocal folds are primarily responsible for respiration, swallowing, phonation and speech. The vibration of 
vocal folds at the glottis region produces speech signal by the excitation of the vocal tract. The ligaments in the 
vocal fold form a constriction on the top of trachea when the excitation is caused by the vocal folds. As the air is 
expelled from the lungs, partial vacuum cause pressure on the vocal folds and makes them snap shut and disrupts 
the air flow. This is known as glottal activity (GA). Irregular flow of air flow through the glottis leads to 
turbulence (non-GA). The strength of excitation during the glottal activity is determined by the rate of closure of 
vocal folds in glottal cycle. The glottal closure instant (GCI) occurs when the glottis is closed. The muscle 
causes the folds to reopen and it causes glottal opening instant (GOI). This process repeats periodically and 
constitutes one glottal cycle. 
Electroglottography (EGG), also known as laryngograph is a non-invasive technique which measures the 
impedance of the vocal folds contact area by placing two electrodes across the neck. It tracks the glottal 
vibrations and records the electrical conductance of the glottis with respect to speech. The waveform thus 
obtained is known as EGG signal. Identifying the GCIs and GOIs in the EGG signal represents the glottal 
activity. These particular events (GCIs and GOIs) correspond to high energy and low energy in the glottal signal. 
The need of the hour is the accurate identification of GCIs and GOIs. This can be done either using the EGG 
signal or the speech signal. GCIs and GOIs are useful in wide variety of speech processing and biomedical 
applications. These applications are pitch tracking, prosodic speech modification, , feature extraction for speaker 
identification,    pathological   speech,   speech   synthesis,   voice   quality   enhancement,   speech   coding   and  
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transmission, identity claim of a speaker, phonetic factors, emotional expression, linguistic feature, psychology 
and many more. Further research in this area also helps in differentiating voice pathologies like dysarthria, 
dysphonia, dyplophonia and Parkinson’s etc with a normal or healthy speech. 

II. AIM 

The purpose/aim of this review paper is to evaluate the current or existing methods of identification of GCIs and 
GOIs using electroglottograph signal or a speech signal and its applications. 

III. CURRENT RESEARCH oN ESTIMATION OF GCIS AND GOIS 

Most of the current research to estimate the glottal activity is based either on EGG signal or on speech signal. 
Different methods are implemented on the EGG ([1] to[14]) and speech signal ([15]to[36]) to identify accurate 
peaks of GCI and GOI accurately. The literature survey exposed the various challenges in implementing the 
algorithms. While some have missed some events of the activity or have duplicates of the same, many algorithms 
cannot be implemented directly on the EGG signal to clearly distinguish GCIs and GOIS. Glottal activity 
detection, especially GOIs, from the speech signal is also a challenging task. Overview of recent developments is 
presented in Table I.  

TABLE I. RECENT DEVELOPMENTS TO DETECT GLOTTAL ACTIVITY 

Year Authors Method Used Type of signal/ 
database used 

1979 Tirupattur V. Ananthapadmanabha and  Yegnanarayana LP Residual Hilbert Envelope speech signal 

1989 Douglas O'Shaughnessy, Yan Ming Cheng LP Residual Hilbert Envelope EGG Signal 

1990 K. S. R. Murty and B. Yegnanarayana Zero Frequency Resonator Speech signal 

1995 Roe1 Smits and B. Yegnanarayana Group Delay Speech Signal 

1996 L. Janer, J.J. Bonet, E. Lleida-Solano Wavelet Transform  speech signal 

1999 Vu Ngoc Tuan & Christophe d’Alessandro Line Of Maximum Amplitude 
(LOMA) Speech signal 

2002 AnastasisKounoudes, Patrick A. Naylor, Mike Brookes DYPSA EGG signal 
2006 Mike Brookes, Patrick A. Naylor, and Jon Gudnason Group Delay Voice speech 
2006 Anand Joseph M., Guruprasad S., Yegnanarayana B. Group Delay Speecg signal 

2007 K. S. Rao, S. R. M. Prasanna, and B. Yegnanarayana HE(Hilbert Envelope) Using Group 
Delay  Speech signal 

2007  Mark R. P. Thomas, Nikolay D. Gaubitch and Patrick A. Naylor DYPSA Speech signal 

2007 Patrick A. Naylor, AnastasisKounoudes, Jon Gudnason, and Mike Brookes DYPSA Speech signal 

2008 B. Aicha and E. Noureddine, Cubic Root Of Multiscale 
Product(MP) EGG 

2008 WafaSaïdi, AïchaBouzid, NoureddineEllouze MP And DYPSA Speech signal 

2008 Mark R. P. Thomas, Jon Gudnason and Patrick A. Naylor DYPSA Speech Signal 

2009 K. Sri Rama Murty, B Yegnanarayana and M. Anand Joseph Zero Frequency Filtering(ZFF) Speech signal 

2009 N. Dhananjaya, B. Yegnanarayana, ZFF Speech Signal 

2009 M. R. P. Thomas and P.  Naylor  SIGMA EGG 

2011 Christophe D’alessandro And Nicolas Sturmel LOMA Speech Signal 

2012 Mark R. P. Thomas, Jon Gudnason, and Patrick A. Naylor YAGA Speech signals 

2013 Ramesh K, S. R. M. Prasanna and D. Govind ZFF & Hilbert Envelope EGG 

2014 D. Thotappa and S. R. M. Prasanna Multiscale product Speech signal 

2015 A.I. Koutrouvelis, G.P. Kafentzis, N.D. Gaubitch, R. Heusdens GEFBA Speech Signal 

2015 P. B. Bachhav, H. A. Patil, and T. B. Patel Novel Filtering Method EGG 

2017 S.B. Sunil Kumar a, Tanumay Mandal b, K. Sreenivasa Rao Phase Of Egg EGG 
2017 S. R. Kadiri and B. Yegnanarayana  Single Frequency Filtering(SFF) Speech signal  
2018 Tanumay Mandal , K. Sreenivasa Rao Unwrapped Phase Of Egg Signal EGG 
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IV. METHODOLOGIES TO DETECT GCI AND GOI BASED ON EGG SIGNAL 

Many algorithms are proposed to detect the glottal instants from the EGG signal. The detailed review of the 
algorithms is presented in the following sections.  

A. Threshold based method  
An easy and simple way to analyze an EGG signal is by comparing the spikes of dEGG signal with the threshold 
values. Some researchers used 50% [1], while some others used 3/7thof the maximum EGG amplitude as 
threshold to find GCI and GOI [2]. Huckvale employed HQTx (High Quality Time of excitation) and TXGEN 
(Time of eXcitation GENerator) methods [3]to apply a threshold that varies dynamically with the signal and the 
instantaneous gradient. While HQTx can detect only GCI, TXGEN can detect both GCI and GOI. In these 
method the extrema of dEGG signal when multiplied by a constant value are fixed as the high and low 
thresholds. If the signal crosses both the thresholds within a period of time, a GCI instant is flagged. In TXGEN, 
the GOI is flagged at the point on EGG when its amplitude equals the amplitude at the preceding GCI. However, 
the drawbacks of the threshold based methods are the poor accuracy for GCI and inability to detect GOIs.  

B. Group delay Method 
Different group delay (overall transmission delay for a signal) methods namely phase characteristics, strength of 
excitation, energy weighted measure are used to determine the glottal instants. Phase characteristic measure uses 
wrapped minimum phase signals [4]. To unwrap the signal, group delay values (continuous and differ by 
minimal amount) are calculated at each frequency. Average slope of the phase spectrum is obtained through 
linear regression method. The instants that make positive and negative zero crossings in the phase slope function 
are identified as the GCIs and GOIs respectively. Another method [5], focuses on phase characteristics of the 
excitation signal. The computation of average slope of the unwrapped phase spectrum is directly obtained by 
calculating group delay function from the windowed signal. The analysis window is moved by one sample at a 
time to get the phase slope function. The positive zero-crossings represent the instants of significant 
excitation..Another method [6], proposes the strength of excitation as a measure of glottal excitation instants, 
determined by the energy of the residual error signal surrounding the excitation. The strength of excitation is 
calculated by Frobenius norm. The Frobenius norm is computed at each instant of the sample and the locations 
of peaks in the plot determine the desired instants.The last method namely the energy weighted measure of the 
group delay function [7] also identifies the glottal instants asthe negative zero crossings obtained from (linear 
prediction)LP residuals. Compared to other group delay characteristics, the results are found to be more accurate 
in this method. 

C. Multiscale Product Method 
The signal singularities (impulse/ abrupt changes of a signal) are efficiently detected by wavelet coefficients. 
Singularities of EGG signal represent GCI at modulus maxima and GOI at modulus minima [8]. Accuracy of this 
method is poor as it cannot detect some singularities for small scales of wavelet transform. Hence multiscale 
analysis [9] of the wavelet transform helps in improving edge detection. Product of adjacent scales (dyadic 
scales), improves the peaks and sharpens the edges.For further peak enhancement, we use cubic root amplitude 
product of the dyadic scales. 

D. SIGMA (Singularity In EGG by Multiscale Analysis) Method  
This algorithm [11] uses group delay method instead of using cubic root amplitude product [9] for better peak 
detection. This approach further enhances the detection of glottal instants by using Gaussian mixture to eliminate 
the unlikely features of noise and the incorrect estimates. However, detection of GOIs includes further 
processing. The method is found to be more appropriate than the threshold methods ([1]-[3]) (Figure.1). 

E. Novel filtering Method 
Here the speech signal is directly taken from the EGG signal [12]. The method claims to detect epochs in a 
speech signal. The epoch is defined as the GCI of the vocal tract system.In the proposed method, the signal is 
positively clipped and then inverted. The resultant signal is passed through third order Butterworth filter. The 
delay introduced by the filter in the signal is adjusted, and the group delay is calculated at cutoff frequency. The 
resultant is compared with dEGG as reference signal and found that the negative peaks coincide with peaks of 
filter output which closely indicates GCI. The disadvantage of the system is it cannot detect GOIs. 
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Figure 1.SIGMA Algorithm 

F. Phase of EGG signal 
As the EGG signal is time varying in amplitude, this method [13] studies the glottal activity based on the phase 
and frequency of EGG signal. The phase of the EGG signal preserves its characteristics, as the sensitivity of 
phase depends more on the movement of vocal folds than on the signal amplitude.Hilbert transform is used to 
detect instantaneous phase of an EGG signal. The sudden rise of the EGG’s phase signal represents a GCI. And 
the phase of EGG signal, when passed through the low pass filter represents GOIs at the positive-to-negative 
zero-crossings. 

G. Unwrapped phase of EGG signal  
Hilbert transform is implemented on the EGG signal to detect voiced and non voiced regions [14]. The phase 
signal is uniformly wrapped throughout the voiced regions and non-uniformly wrapped in non-voiced regions. 
To identify the closing and opening instants, phase unwrapping is required. The unwrapped phase function can 
add or subtract any integer multiple to obtain clear discontinuity. The discontinuities represent the GCI of the 
EGG signal. The peak of GCI is clipped off from the first order derivative of the unwrapped phase of EGG 
signal and the second peak thus indicates GOI instant.  

V. METHODOLOGIES FOR GCI AND GOI DETECTION FROM SPEECH SIGNAL 

Though EGG signal effectively tracks the glottal activity, it fails to analyze the functioning of the glottis as it 
works with the impedance between the vocal folds rather than on the air flow. Hence the glottal activity 
detection in speech signals is of higher importance as it is oriented towards real time speech processing 
applications. The detailed review of the algorithms is presented in the following sections. 

A. Group delay method [4] 
As discussed in section 3.1.2, can also be applied to speech signals apart from EEG signals. Block diagram of 
group delay method is shown in Figure 3. 

B. The LOMA method 
The method [15] is proposed to detect glottal GCIs using time frame analysis. Dyadic wavelet transform is 
applied on speech signal and amplitude maxima are detected. It is observed that the glottal signal forms lines of 
maximum amplitude [LOMA] in the time domain. A tree like pattern is formed from these lines for each pitch 
period and the top of the tree is considered as a GCI instant. An improved algorithm [16] performs better by 
introducing backtracking of the algorithm. LOMA contains more information than the glottal instants which is 
further analyzed [17] to work for various other applications. 

C. The DYPSA Algorithm 
The miss and false alarms of the group delay method [4] have been the motivation for this method. The proposed 
DYPSA (Dynamic Programming projected Phase Slope Algorithm) [18] implements dynamic programming to 
determine the likely combination of GCIs from the GCI candidates. The GCIs are identified as positive-going 
zero crossings in phase slope function. Some more instants are also included in the phase slope function to 
reduce the miss rate. However they are considered as unity throughout the algorithm. GCI estimation is the 
minimization of the cost function using dynamic programming. Results of the algorithm are found to reduce 
false alarms by 1% and miss rates by 0.1% when compared with original GD method. The accuracy of DYPSA 
algorithm is 10% more than the group delay method. A modified version of DYPSA algorithm [19] implements 
the phase slope function and phase slope projection to estimate the GCI candidates.  
Dynamic programming is used to select the candidates appropriately according to the defined cost function. The 
DYPSA algorithm [19] is further modified with reverberant speech [20]. Multichannel DYPSA uses correlation 
of GCI candidates from each microphone to provide highly robust GCI estimates. This method produces an 
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effective GCI estimates even in highly reverberant conditions. Further multiscale product (MP) and DYPSA 
algorithms are compared [21], to find the more appropriate GCI estimate and found that MP method is more 
effective than DYPSA. A novel approach to enhance DYPSA [22] is proposed to detect glottal instants in which 
the signal is derived from the multiscale product of the glottal volume flow derivative. A two-stage dynamic 
programming is performed to detect GCIs in the first stage and GOIs in the next stage. The block diagram for 
DYPSA is shown in Figure 3. 

D. YAGA Algorithm 
YAGA (Yet Another GCI Algorithm) [23] uses techniques based on multiscale product [24], group delay [25] 
and DYPSA algorithms[19]. First the set of candidates are detected from the speech signal. The effective 
candidates are selected by applying cost vector using dynamic programming to detect GCI. From the remaining 
candidates, GOIs are detected by considering the closed quotients (percentage of time the vocal folds are closed) 
related to the estimated GCI. The Figure 2 shows block diagram for the YAGA algorithm. 

E. ZFF method:ZFF  
(Zero Frequency Filtering) method is introduced for epoch extraction based on the excitation of vocal tract 
which  produces  impulse  like  excitation  [29], with discontinuities at all frequencies. The characteristics at zero  

 
Figure 2 Block diagram for the YAGA algorithm 

frequency are not affected by the resonances at higher frequencies. A speech signal is passed through two 
cascaded zero frequency filters to reduce the effect of all other high frequency resonances and also to have a 
sharper roll off. The filtered signal shows instants at positive zero crossings as epochs. Further modifying this 
method, zero frequency filters along with strength of excitation from the speech signal [30] are considered to 
estimate the epochs. Two ideal zero frequency resonators cascaded together are used to characterize the 
discontinuities of the impulse-like excitation. The slope of the filtered signal at the epoch reflects the strength of 
excitation which otherwise cannot be observed from a direct speech signal. Another method [31] is proposed that 
will add fixed amount of noises to the speech signal to detect high SNR instants of the glottal activity. The ZFF 
method is also used to detect GOIs ([32], [43]). As the ZFF method is more precise to locate GCIs, the speech 
signal is passed through ZFF and GCIs are obtained as ground references. The second major excitations obtained 
from the Hilbert Transform of the LP residual of the speech signal are identified as GOI, between two GCIs. 

F. EMD: EMD  
(Empirical Mode Decomposition) is a data analysis tool proposed [26], [27] toextract the frequency components 
of a signal. This method is implemented on speech signals [28]. EMD decomposes the speech signal into smaller 
set of signals, called Intrinsic Mode Functions (IMFs) [26], [27], which carry meaningful information about the 
signal generated. Considering the human pitch frequency range between 100Hz to 400Hz, IMFs extracted which 
contain the periodic information of the excitation. The first IMF represents highest frequency spectrum and the 
consecutive IMFs occupy lower frequency spectrum. A glottal IMF, thus represents the voiced regions of the 
speech signal. Further ZFF and other methods are used to identify the glottal activity. 
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G. GAN method:  
This (Generative adversarial Network) method uses effective deep learning techniques that synthesize an EGG 
signal from a raw speech signal. This technique compares noisy speech signal distribution with a clean speech 
signal distribution and then synthesizes to get EGG-like signal. CMU-Arctic database for voiced speech signal is 
used [33]. The signal generated is found similar to the original dEGG signal. Sigma algorithm [11] is applied to 
obtain the glottal instants for the synthesized EGG-like signal. 

H. Multiscale product method :  
The proposed method [34] computes a three level multiscale product of speech wavelet transform at different 
dyadic scales in order to enhance edge detection of speech signal. The singularities or the signal peaks align 
along the peaks obtained from wavelet transform coefficients for the first few scales. However, choosing the 
scales too large will lead to misalignments as smoothing spreads the response and the singularities get separated. 
GCIs are identified as the greatest minimum peak obtained from the multiscale product and the smallest 
minimum peak situated between two GCIs is identified as a GOI. The block diagram for GD, DYPSA and MP 
methods is shown in Figure 3. 

 
Figure 3 Block diagram for GD, DYPSA and MP methods 

I. SEDREAMS method  
The SEDREAMS (The Speech Event Detection using the Residual Excitation And a Mean-based Signal) method 
[35],  implements detection of GCI by determining short intervals for the probability of GCI occurrences using 
mean-based signal.A mean-based signal is obtained by moving a window over the signal and finding the maxima 
and minima of the signal. These are the short intervals where GCIs may be found. The GCI instants are detected 
from the LP residual where it reaches its maximum value. Further algorithm is modified for various voice 
qualities [36] by applying dynamic programming to detect the GCIs. 

VI. COMPARISON BASED ON THE EVALUATION OF GLOTTAL INSTANTS 

Data for the researchers is provided from different data bases as APLAWD, SAM, KEELE and BDL. The 
methods are evaluated by the performance indices like: 

1. IDR(Identification Rate): the probability of detecting atleast one instant 
2. MR(Miss rate): the probability to miss an instant 
3. FAR(False alarm rate): the probability of detecting more than one instant 
4. IDA(Identification accuracy): Standard deviation of the identification error 

The above mentioned performance indices are needed to evaluate a method or an algorithm. However, the 
databases and the data for various methods applied is different, hence we try to comprehend it from different 
papers in Table 2 and Table 3. In [19], the linear prediction coding residual [LPCR], Frobenius Norm method 
(FN), Group delay (GD) and Dynamic Programming Projected Phase-Slope Algorithm (DYPSA) are compared 
for 5 female and 5 male talkers in APLAWD and SAM databases . The small values of IDA indicate high 
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accuracy of detecting the instants. Hence, the GD method is found to be the best method out of LPCR and FN 
methods and is used as a principle GCI generator in DYPSA algorithm and the process is repeated. The 
performance of DYPSA over GD is found to be more accurate with identification rate of 95.7% (APLAWD) and 
93.1% (SAM). Due to dynamic programming in DYPSA, rate of false alarm is also reduced.  FN has a low miss 
rate but extremely high false alarms. 
APLAWD database is used in [18] to evaluate LPCR, FN, GD and DYPSA algorithms. The enhancement of the 
GD algorithm by using dynamic programming reduces the miss rate and false alarm to a very great extent (0.1 
and 9.9 approximately). Accuracy of the DYPSA method is found to be 90% whereas the GD is calculated as 70-
80%. KEELE database is used to compare the results of [21] Multiscale Product (MP) and DYPSA for the 
detection of GCI. MP has a good detection rate of GCI of about 94.88%, whereas DYPSA has a detection rate of 
63%. Further, failure rate of DYPSA is 31.55% where as MP is having a failure rate of 2.16%. This comparative 
study proves that MP method is more accurate than DYPSA algorithm. [11] Compares SIGMA, HQTx and 
TXGEN for detection of GCI and SIGMA, TXGEN for detection of GOI on APLAWD and SAM database. 
HQTx has false alarms and TXGEN has more miss errors than SIGMA algorithm. SIGMA is found to be best 
among the other methods. 
The estimated glottal instants from the EGG signals using SIGMA algorithm and those from speech signals 
using DYPSA and YAGA of the APLAWD and SAM databases are compared [23]. The EGG based SIGMA 
algorithm performs best with high detection rate for GCI. On the other hand YAGA (99.31% in APLAWD and 
98.8% in SAM databases) performs best than DYPSA (96.39% in APLAWD and 95.41% in SAM databases) in 
speech signal as DYPSA is dependent on the LP residual. The miss and false rates are also found to be very less 
for SIGMA and YAGA than DYPSA.  The identification accuracy of DYPSA is found best among the SIGMA 
and YAGA for the detection of GOI. The group delay method followed by dynamic programming and the MP 
method are compared for efficiency in the GCI detection in [42] on the KEELE university and BDL databases. 
MP ensures the best method with identification rate of 97.8% in KEELE and 98.29% in BDL databases over the 
group delay method because of the high miss rate of about 15.74 in KEELE and 2.12 in BDL.   
GOI estimates from EGG signal need to be extracted based on the GCIs detected. In [43], the performance of the 
glottal activity for SIGMA, ZFF methods on CMU-Arctic data base for EGG signals is performed. The 
identification rate of ZFF method is greater than the SIGMA method. Another comparison of SEDREAMS, 
DYPSA and ZFF based on the speech signals is performed on the CMU-Arctic database. The DYPSA algorithm 
for both GCI and GOI has an average identification rate as 97.88% whereas SEDREAMS has 98.69% and ZFF 
has 98.72%. The ZFF method has a better performance than the other two. 

VII. APPLICATIONS OF GLOTTAL ACTIVITY METHODS 

The accurate detection of GCI and GOI improves the performance of several speech related applications. The 
glottal activity detection also analyses the various types of disorders in vocal folds, which effect pitch, strength 
of voice, range of voice etc. Identification of GCIs in the speech signal is used in a many applications such as 
pitch tracking [44], prosodic speech ([45]-[46]), pathological speech [47], Speech Synthesis [50], Phonetic 
Factors [48], Emotional Expression [49], etc. The various methods and their possible applications are mapped in 
Table IV. 

VIII. CONCLUSIONS 

Various techniques to detect glottal activity based on EGG and speech signal are thoroughly reviewed in this 
paper. On comparing these techniques it is found that SEDREAMS and YAGA that process speech outperform 
all other techniques with respect to the identification rate on many databases. DYPSA and ZFR remain the next 
best methods.  Considering MR and FAR, the performance of SIGMA and YAGA methods is superior to others. 
In terms of accuracy, YAGA leads all the algorithms. ZFR is less sensitive to reverberation and hence performs 
best in many of the databases. However, it is observed that very few researchers have identified the glottal 
activity based on the EGG signal. 
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SEDREAMS X X  X   
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