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Abstract This work explores the effectiveness of the Intrinsic Mode Functions (IMFs) of the speech signal, in estimating its Glottal Closure Instants
(GCIs). The IMFs of the speech signal, which are its AM-FM or oscillatory
components, are obtained from two similar non-linear and non-stationary signal analysis techniques - Improved Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (ICEEMDAN), and Modified Empirical Mode
Decomposition (MEMD). Both these techniques are advanced variants of the
original technique - Empirical Mode Decomposition (EMD). MEMD is much
faster than ICEEMDAN, whereas the latter curtails mode-mixing (a drawback
of EMD) more effectively. It is observed that the partial summation of a certain
subset of the IMFs results in a signal whose minima are aligned with the GCIs.
Based on this observation, two different methods are devised for estimating
the GCIs from the IMFs of ICEEMDAN and MEMD. The two methods are
captioned ICEEMDAN based GCIs Estimation (IGE) and MEMD based GCIs
Estimation (MGE). The results reveal that IGE and MGE provide consistent
and reliable estimates of the GCIs, compared to the state-of-the-art methods,
across different scenarios - clean, noisy, and telephone channel conditions.
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1 Introduction
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The Glottal Closure Instants (GCIs), or the Epochs, are the instants at which
the speech production apparatus is significantly excited by an impulse-train
like signal, generated by the quasi-periodic and abrupt closure of the vocal
folds in the glottis, during the production of voiced speech [5, 50, 51, 71]. Analysis of the speech signal around its GCIs saves processing time and leads to
more accurate analysis [71]. Accurate estimation of the GCIs helps in characterizing voice-quality features, and enables extraction of important acousticphonetic features such as glottal vibrations and formants [71]. As such, the
information regarding the GCIs is utilized in many practical applications like
prosodic speech modification [45], speech dereverberation [22], glottal flow estimation [67], speech synthesis [18, 60], data-driven voice source modeling [62]
and causal-anticausal deconvolution of speech signals [7]. Henceforth, the detection of the GCIs has assumed considerable importance in Speech Processing [4, 15–17, 32, 46, 48, 49, 58, 59, 63].
Based on the popular source-filter theory of speech production [5, 50, 51],
Linear Prediction (LP) analysis has been extensively used in the task of detecting the GCIs [4, 16, 48, 49, 58, 59, 63]. The ideal expected output of LP
analysis is an LP filter with accurate estimation of the vocal tract resonances
and the spectral slope of voiced speech, and an LP residual or error signal,
which resembles a train of impulses separated by the time-varying pitch period
of the speech signal. However, in practicality, the LP residual turns out to be
a noisy signal, with relatively larger amplitudes in the vicinity of the GCIs.
The noisy characteristics of the LP residual may be attributed to three main
factors [4] :
(i) The inaccurate estimation of the coefficients of the poles, corresponding
to the resonances of the vocal tract system, which makes the LP residual to
have non-zero values at time-instants other than the GCIs.
(ii) The inaccurate estimation of the phase angles of the formants, which
results in large bipolar swings in the LP residual, around the GCIs.
(iii) The presence of strong anti-resonances in the speech production system, which causes the large amplitudes in the LP residual to occur at timeinstants other than the GCIs.
These differences between the ideal excitation signal and the LP residual
reflect the mismatch between the true characteristics of the speech production system, and that modeled by the source-filter theory using LP analysis [5, 26, 27]. Nevertheless, due to lack of better alternatives, LP analysis,
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and the LP residual, in particular, has remained the cornerstone in a multitude of efforts for estimating the GCIs. One of the first methods to utilize the LP residual in estimating the GCIs was the Epoch Filter (EF) [4].
In this method, the LP residual spectrum is whitened by multiplying with
a hanning window. The large swings around the GCIs, in the whitened LP
residual, are further reduced by taking its Hilbert envelope. Following this
method, algorithms like the Group Delay (GD) [58], Hilbert Envelope and
Group Delay (HEGD) [59], Dynamic Programing and Phase Slope Algorithm
(DYPSA) [48], Speech Event Detection using the Residual Excitation And a
Mean-based Signal (SEDREAMS) [16], Yet Another GCI detection Algorithm
(YAGA) [63], and Integrated Linear Prediction Residual using Plosion Index
(ILPR-PI) [49], all of which depend on LP analysis, have been developed.
The GD method evaluates the average slope of the phase spectrum, called
the phase slope function, at each time-instant of the LP residual, to construct
a sinusoid-like waveform, the positive-going zero-crossings of which coincides
with the GCIs. The HEGD and the DYPSA methods try to refine the GD
method by minimizing its computational cost, and the number of spurious
GCIs estimated from it, respectively. The YAGA is same as the DYPSA algorithm but combines Wavelet Transform and LP analysis to derive a cleaner
signal than the LP residual as a representation of the excitation source. The
SEDREAMS algorithm uses a moving average filter to obtain a sinusoid-like
waveform from the speech signal, where prospective regions of the GCIs are
defined. Within these regions, the LP residual is used to estimate the GCIs.
The ILPR-PI combines LP analysis with a non-linear operator, called the Dynamic Plosion Index, for estimating the GCIs. The Zero Frequency Resonator
(ZFR) [46] is probably the first significant deviation from using LP analysis
for estimating the GCIs. By using a cascade of two marginally stable 0-Hz
resonators, on the pre-emphasized speech signal, the ZFR obtains an exponentially increasing/decreasing output. When the trend of such an output is
removed in short segments of one to two pitch periods, the de-trended signal
resembles a sinusoidal signal, whose positive-going zero-crossings coincide with
the GCIs.
The above discussion reflects how useful a sinusoidal representation of the
source signal is for the purpose of detecting the GCIs. In many of the popular
methods, as discussed above, a sinusoid-like waveform is used directly or indirectly for estimating the GCIs. As most of these methods rely on LP analysis,
they are prone to its limitations. The processing of the speech signal under the
arguable assumptions [5, 26, 27] of short-time stationarity and linearity simplifies the analysis, but also induces errors. Such errors become significant in the
case of speech signals subjected to noise, and hence the performances of the
LP-analysis based techniques diminishes noticeably [49]. As an example, the
Identification Rate (IR) of DYPSA is reported to be around 95 % for speech
signals recorded in a clean noise-free environment, which falls to as low as 30
% when the same speech signals are corrupted by noise [49]. Similarly, when
the speech signals are subjected to telephone channel conditions, the performances of the state-of-the-art methods are much worse. For example, the IR of
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ZFR is reported to be & 95 % even when the speech signals are corrupted by
noise, but drops to as low as 30 % for telephone-quality speech [49]. In other
words, while most of the popular techniques perform excellently under clean
and controlled data conditions, when the speech signal is subjected to external
influences they are not as effective [17, 49]. There are significant variations in
the performances of the techniques from one scenario to another [17, 49], as
we will observe in Section 6 of this work. To summarize :
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• The state-of-the-art methods for detecting the GCIs are much less effective for speech signals which are not recorded in a clean and controlled
laboratory set-up. They are limited in adapting to changing conditions.
• Most of the popular methods utilize a sinusoid-like signal for detecting the
GCIs.
• Most of the popular methods rely on LP analysis, which forces the assumptions of short-time stationarity and linearity.
The above three observations shape the objective of this work - “to use some
non-linear and non-stationary signal analysis method, to obtain sinusoid-like
waveforms directly from the speech signal, and utilize them to develop a technique for detecting the GCIs which is robust to different scenarios”. The objective also signifies the novelty of this work.
With the aforementined objective in mind, we investigate, in this work, the
effectiveness of the various AM-FM or oscillatory components of the speech
signal (utterance), as obtained from Empirical Mode Decomposition (EMD)
[30,31,57], for the purpose of estimating the GCIs of its voiced regions. In particular, in this work, we study the utility of the AM-FM components, called
Intrinsic Mode Functions (IMFs), obtained from two variants of EMD, which
effectively curtail a drawback of EMD called mode-mixing [19,29–31,52,57,70].
The first variant, called the Improved Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (ICEEMDAN) [13], is very effective in reducing mode-mixing, but at a large time-cost. The other variant, the Modified
Empirical Mode Decomposition (MEMD) [55], reduces mode-mixing less effectively but provides a great time-advantage. As such, this work proposes two
methods, but based on the same principle, which utilize the IMFs obtained
from ICEEMDAN and MEMD respectively, for estimating the GCIs of the
speech signal. The important contributions of this work may be summarized
as :
• Experimentally demonstrate, using synthetic speech, the ability of a subset
of IMFs in capturing epochal information. Experimentally verify the same
on natural speech.
• Propose a framework/principle for estimating the GCIs of the speech signal
from its IMFs.
• Propose two methods - one for the IMFs obtained from ICEEMDAN, and
the other for the IMFs obtained from MEMD - for estimating the GCIs
based on the proposed principle. The two methods are similar, though not
the same.
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• Evaluate the performances of the two proposed methods on two different
databases - the CMU-Arctic [43], and the APLAWDW [3] ; and under different scenarios - clean, flat-band (White) noise, high-frequency (HFchannel) noise, low-frequency (Babble) noise, band-pass filtered telephone channel conditions, and ITU-standard telephone channel conditions. Show that
the proposed methods are more consistent than the state-of-the-art methods across the databases and various scenarios.
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The rest of the paper is organized as follows : Section 2 discusses the EMD,
ICEEMDAN, and MEMD algorithms used for decomposing the speech signal.
Section 3 discusses the principle used for detecting the GCIs, using the IMFs
of ICEEMDAN and MEMD. Sections 4 and 5 describe the methods used for
detecting the GCIs using the IMFs of ICEEMDAN and MEMD respectively.
Section 6 presents the results and compares them to the standard algorithms.
Section 7 concludes this work.
2 EMD vs. ICEEMDAN vs. MEMD
EMD is a non-linear and non-stationary data analysis technique, which is
able to extract meaningful components of any time-series dataset, called its
Intrinsic Mode Functions (IMFs), in the time-domain itself [31]. Such a decomposition has been of precious value to the varied fields of signal processing [6, 9–12, 23–25, 28, 30, 33–41, 47, 53, 54, 68]. The EMD algorithm is based
on a core process, called sifting, which progressively breaks down the signal
into its IMFs. The sifting process employs cubic spline interpolation iteratively
on a signal, to segregate it into a high-frequency component (IMF), and a
low-frequency component (outer residue). At first, the signal is broken down
into its first IMF, and its first outer residue. The first outer residue is again
segregated by applying the sifting process. This results in the second IMF
and the second outer residue. The second outer residue is then segregated,
and so on and so forth. Finally, an outer residue is obtained which cannot be
decomposed further. This is called the final residue, and represents the trend
of the signal. The sifting process is completely self sufficient in decomposing
the signal, and does not utilize any a priori basis, or pre-knowledge about the
characteristics of the signal. This makes EMD a truly data adaptive signal
decomposition method. The IMFs generated resemble AM-FM or oscillatory
signals, which have been observed to represent useful latent information embedded in the signal [30,31]. Theoretically, the IMFs are supposed to be locally
symmetric. To generate an IMF from an outer residue, the sifting process employs multiple sifting iterations on it. There is no standard rule to determine
the appropriate number of sifting iterations, and a number of sifting criteria
have been proposed in the literature [57].
While the advantages of EMD has been well appreciated, it exhibits two
phenomena which inhibit its true capabilities. These two phenomena are known
as end-effects and mode-mixing [30, 31, 57]. For speech signals, which have
silence-regions at its terminating ends, the end-effects are not significant [30,
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31, 57]. However, mode-mixing, which is the presence of oscillations of disparate frequencies in the same IMF, or conversely, the presence of the same
frequency oscillation in multiple IMFs, is a bottleneck. While many efforts have
been made to reduce mode-mixing, the most promising results came through
the infusion of noise to the signal. This development was termed Ensemble
Empirical Mode Decomposition (EEMD) [70]. In the recent years, efforts to
efficiently cancel out the noise infused into the signal has led to a number of
EEMD variants [13,64,72]. It was observed that using white noise in pairs of opposite polarities substantially reduces the effect of the artificially added noise.
This development was termed Complementary Ensemble Empirical Mode Decomposition (CEEMD) [72]. However, the problem that the number of IMFs
produced could still be different for the different EMD processes of an EEMD
or CEEMD decomposition still existed. To circumvent this problem, an algorithm was designed, which not only decomposes the signal but also the white
noise realizations parallely with it. The IMFs obtained from the white noise
realizations, which could be interpreted as correlated noise signals, are then
fused with the outer residue signal, at the beginning of each sifting process.
The signal IMFs are obtained progressively after averaging the results at each
stage. This algorithm was termed Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) [64]. However, it was observed
that CEEMDAN sometimes produced some high-frequency spurious IMFs.
To overcome this problem, the Improved Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise (ICEEMDAN) [13] was developed, which
makes some subtle but effective modifications to the CEEMDAN algorithm.
The biggest drawback of EEMD and its variants is their time-efficiency
- the algorithms need to process multiple copies of the signal independently,
to finally extract its IMFs. Henceforth, with the aim of extracting IMFs with
reduced mode-mixing, but with significantly lower time-cost, the Modified Empirical Mode Decomposition (MEMD) [55] has been recently proposed. The
MEMD algorithm (denoted as M2-EMD (D2) in [55]) makes subtle changes
to the sifting process, resulting in reduced mode-mixing.
Thus, given a digital speech signal, s(n), EMD/ICEEMDAN/MEMD decomposes it into a small number of IMFs, given by,

s(n) = rM (n) +

M
X
k=1

hk (n) =

M
+1
X

hk (n)

(1)

k=1

In the above equation, hk (n) represents the k th IMF of s(n), and M the total
number of IMFs generated. The signal rM (n) = hM +1 (n) represents the final
residue or trend of the signal. Ideally, the decomposition is to be stopped when
the outer residue takes the form of a trend, i.e., the number of extrema in rM (n)
is two or less [29–31, 57]. Practically, however, the decomposition is stopped
when a user-defined maximum number of IMFs, M , has been extracted. This
is done in order to avoid unnecessary generation of low-frequency trend-like
IMFs [57].
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It has been observed with experiments on fractional Gaussian noise (fGn)
that EMD (and hence ICEEMDAN and MEMD) behaves as a data dependent
dyadic filterbank [20,21,30,69]. And this characteristic is well adhered to when
the number of sifting iterations, N , is kept around ten [66, 70]. Henceforth,
in this work, N = 10, is used in every sifting process in the EMD/MEMD
algorithm. For the ICEEMDAN algorithm, however, N is determined by the
local-global stopping criterion. Nevertheless, the maximum number of iterations per sifting process is not allowed to exceed 15, i.e., N ≤ 15. Again, the
initial ratio of the standard deviation of white noise to that of the signal is
taken as 0 = 0.2 [1, 2, 13, 52, 57]. Further, in this work, L = 20 white noise
realizations are used for the ICEEMDAN algorithm.

Amplitude
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The first five IMFs, obtained from a speech signal, using EMD (left column),

MEMD (middle column), and ICEEMDAN (right column). The second plot in each
column shows the EGG signal corresponding to the speech signal.

All experiments in this work are conducted on digital speech signals having
sampling frequency (Fs ) of 8 kHz. Assuming that the three algorithms exhibit
an ideal filterbank nature, for an 8 kHz speech signal, the primary frequency
reflected in IMFk will have an upper-bound of 4000/(2k−1 ) Hz. Thus, beyond
IMF6 , the IMFs represent very low-frequency trend-like signals, which are
below the lower-limit of human pitch frequency. Therefore, we restrict the
decomposition to ten components only (M = 9) for all the three algorithms,
which will take care of any strong deviation from the ideal nature. In this
work, for simplicity, we refer to the final residue as the last (tenth) IMF.
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Thus, equation (1) reduces to,
s(n) = r9 (n) +

9
X

hk (n) =

k=1

10
X

hk (n)

(2)

k=1

Table 1:
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Computational complexity of EMD, MEMD and ICEEMDAN. Time (in
seconds) taken in decomposing a speech signal, of ∼4 s duration, into ten components,
by EMD, MEMD, and ICEEMDAN.

Method

EMD

MEMD

ICEEMDAN

Time (s)

0.82

0.90

62.76

Figure 1 shows the first five IMFs of a short segment of a speech signal taken
from the CMU-Arctic database [43] after decomposition by EMD, MEMD, and
ICEEMDAN. The presence of mode-mixing is easily observed in the case of
EMD, particularly in IMF1 . MEMD exhibits substantially lesser mode-mixing
in its IMFs, but the best decomposition is provided by ICEEMDAN. One may
also observe the periodic nature of the glottal source, represented by IMF3
in the case of EMD; IMF5 in the case of MEMD; and IMF4 in the case of
ICEEMDAN [56]. This is reflected in the similarity of these IMFs with the
ElectroGlottoGraph (EGG) signal, which is a measure of the periodic vibrations of the vocal folds, during the production of the speech signal. Figure
1 clearly demonstrates the superiority of MEMD and ICEEMDAN in representing the glottal source. Table 1 shows the time taken by each of the three
methods in decomposing the speech signal. The algorithms are run in MATLAB, in desktop mode, in a machine with 8 GB RAM, using Intel quad-core i7
processor, of 2.9 GHz clock frequency. As the table indicates, MEMD provides
the best trade-off between reducing mode-mixing and simultaneously maintaining a low time-cost. As such, in this work, only ICEEMDAN and MEMD
are utilized in the experiments for extracting the GCIs of the speech signal.

3 Principle of estimating the GCIs
Let us consider a synthetic voiced speech signal, s(n) = eg (n) ∗ h(n), constructed using the source-filter theory, at a sampling frequency of Fs = 8 kHz.
The input excitation, eg (n), is modelled as a uniform train of impulses of unit
strength, having pitch or fundamental frequency (F0 ) equal to 100 Hz.
eg (n) = −

X
m∈Z

δ(n − m

Fs
)
F0

(3)

The impulse response of the vocal tract filter, h(n), is modelled as a cascade of
four resonators, simulating the four principal formants. The resonant peaks are
considered at 700, 1200, 2400 and 3600 Hz, their bandwiths being 70, 140, 210
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and 280 Hz respectively. The low-pass filter nature of the glottis, and the highpass filter nature of the lips, are also included in h(n). Figure 2(a) shows the
speech signal so constructed, and Figure 2(b)-(h) the first seven IMFs derived
from it using ICEEMDAN. IMFs 8-10 are not shown in the figure. It is evident
from the figure that as the order of the IMF increases the frequency of the
dominant oscillation manifested in it decreases. The mean frequency (F m ) of
each IMF, which is a measure of the dominant frequency reflected in the IMF,
is mentioned above the plot of the IMF. The mean frequency of IMFk , denoted
as Fkm , is calculated from its power spectrum (squared magnitude spectrum),
Sk (f ), as,
Fs /2

=

X f × Sk (f )
, k = 1, 2, ..., 7
PFs /2
f =0
f =0 Sk (f )

(4)

In the above equation, f represents the analog frequencies corresponding to
the discrete frequencies of the Discrete Fourier Transform (DFT) spectrum,
from which the power spectrum is evaluated.

1
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Fig. 2:

(a) A segment of a synthesized vowel-like speech signal s(n) having F0 = 100

Hz ; (b)-(h) are IMFs 1-7 respectively obtained from ICEEMDAN of s(n). IMFs 8-10
are not shown ; (i) sum of IMFs 2-6 ; (j) sum of IMFs 3-6 ; (k) sum of IMFs 4-6 ; (l)
sum of IMFs 5-6 ; Dashed vertical lines indicate the impulse excitation, eg (n). Dotted
rectangles in (k) and (l) indicate regions of search for the GCIs.

It can be seen from Figure 2 that as the F m of the IMF decreases, it
becomes more sinusoidal. The vertical dashed lines in Figure 2(b)-(l) indicate
the input impulse-excitation, eg (n). It can be observed that the IMFs intersect

50
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eg (n) at different points of their near-sinusoidal curves, i.e, the IMFs have a
different phase-shift with respect to the impulse locations. Out of these seven
IMFs, the higher-frequency IMFs, IMF1 and IMF2 , seem to be aligned with the
impulse excitation instants at some of their minima locations. However, there
are other minima in the vicinity which could cause ambiguity. Similarly, IMF4
also intersects eg (n) at some of its minima locations. However, it has stronger
adjacent minima, which, as we will see later, might make the selection of the
target minima difficult. IMF3 , Figure 2(d), as such, provides the best trade-off.
IMF3 intersects eg (n) at its prominent minima, with good accuracy, and with
much lesser ambiguity with adjacent minima, compared to IMFs 1, 2 and 4.
As such, IMF3 may be described as an oscillatory or an imperfect sinusoidal
signal, some of whose minima-locations coincide with the impulse locations of
Fs
ref
, m ∈ Z},
the input excitation. Thus, given an impulse location, {lm
= mF
0
IMF3 may be represented as,
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h3 (n) ≈ a3 (n) cos[2π

f3
ref
(n − lm
) + π] ,
Fs

(5)

where a3 (n) is the time-varying amplitude envelope of h3 (n), and f3 the average frequency of the sinusoid over time. It is interesting to note that IMF5 ,
Figure 2(f), represents a near sinusoid with F5m = F0 = 100 Hz, which shows
the ability of ICEEMDAN to characterize glottal activity [56].
Figure 2(i)-(l) represent the sum of the IMFs 2−6, 3−6, 4−6 and 5−6, respectively. From a different perspective, Figure 2(i)-(l) also represent the sum
of IMFs having different frequency content. Thus, Figure 2(l) represents the
sum of the IMFs having mean frequency 50 Hz ≤ F m ≤ F0 = 100 Hz. Figure
2(k) represents the same for 50 Hz ≤ F m ≤ 2 × F0 = 200 Hz, Figure 2(j) for
50 Hz ≤ F m ≤ 5 × F0 = 500 Hz, and Figure 2(i) for 50 Hz ≤ F m ≤ 8 × F0 =
800 Hz. As normal human speech does not have pitch frequency below 50 Hz,
hence, the IMFs with F m below 50 Hz, which are trend-like low amplitude
signals, are left out of the summation. It can be seen that just like IMF3 , the
sum of IMFs starting from IMF3 , Figure 2(j), manifests the impulse locations
at its prominent minima, but with potentially less spurious minima in the
neighbourhood. Thus, the signal represented by Figure 2(j) provides a better
candidate for estimating the impulse locations of eg (n), than that by IMF3 ,
Figure 2(d). The challenge now is to identify the minima which coincide with
the impulse train, amongst the multitude of minima in the auxiliary signal.
For this purpose, we need to look at Figure 2(k),(l). It can be observed that
in either of these two signals, the impulse locations lie within the regions defined by their positive and negative zero-crossings, as represented by dotted
rectangles. Either of these signals, thus, represents a low-resolution signal for
identifying the excitation instants. Of course, in the case of Figure 2(k), some
spurious regions will also be detected. Such regions need to be eliminated by a
post processing mechanism, described later. However, in principle, once such
regions are identified, the signal represented by Figure 2(j) may be used for
high-resolution analysis. The location of the minimum value of the signal in
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Having seen how ICEEMDAN can be used as a time-domain multi-resolution
tool for synthetic speech, we apply it to a real/natural speech signal. Figure
3 shows the same plots as that of Figure 2, but the IMFs here are extracted
from a randomly selected speech file (Fs = 8 kHz) from the CMU-Arctic
database [43]. Figure 3(a) shows the speech signal. Figure 3(b) shows the difference EGG (dEGG) signal, corresponding to the speech signal. The dEGG
signal is the first difference of the EGG signal, recorded simultaneously with
the speech signal. A peak detection algorithm is used to detect the large negative peaks of the dEGG signal, as shown in Figure 3(b), which indicate the
instants of significant excitation of the vocal tract [46]. These are taken as the
true or reference GCIs, and indicated by the vertical dashed lines in Figure
3(b)-(n). The average distance between a pair of consecutive reference GCIs
gives us the reference time-period, the inverse of which gives the reference
pitch frequency (F0ref ). For the given speech signal, F0ref = 116 Hz. Figure
3(c)-(j) represent the first eight IMFs of the speech signal. As in the synthetic
speech case, the F m s of the IMFs, listed above their plots, decrease monotonically with the IMF order. Correspondingly, the IMFs assume a more sinusoidal
shape.

0.5
0
−0.5

(a)

0.1
0
−0.1
−0.2

(b)

356 Hz

0.1
0
−0.1

5

10

15

20

40 Hz

25

30

(i)

−3

17 Hz

(d)

0.2
0
−0.2

(k)

(e)

0.2
0
−0.2

(l)

(f)

0.2
0
−0.2

(m)

(g)

0.2
0
−0.2

129 Hz

0.1
0
−0.1

(h)
−3

x 10

5
0
−5

180 Hz

0.1
0
−0.1

5
0
−5

85 Hz

(c)
595 Hz

0.1
0
−0.1

0.02
0
−0.02

x 10

2118 Hz

0.1
0
−0.1

Amplitude

sinc(i) Research Institute for Signals, Systems and Computational Intelligence (fich.unl.edu.ar/sinc)
R. Sharma, S. R. M. Prasanna, H. L. Rufiner & G. Schlotthauer; "Detection of the glottal closure instants using empirical mode decomposition"
Circuits, Systems, and Signal Processing, 2017.

Figure 2(j), within the identified regions, gives the instants of impulse excitation.
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Fig. 3:

(a) A natural speech signal s(n) having pitch frequency F0ref = 116 Hz ; (b)

dEGG corresponding to s(n). The negative peaks indicate the GCIs (c)-(j) are IMFs
1-8 respectively obtained from ICEEMDAN of s(n). IMFs 9 and 10 are not shown ;
(k) sum of IMFs 2-6 ; (l) sum of IMFs 3-6 ; (m) sum of IMFs 4-6 ; (n) sum of IMFs
5-6 ; Dashed vertical lines indicate the GCIs. Dotted rectangles in (k) and (l) indicate
regions of search for the GCIs.
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It can be seen from Figure 3 that the GCIs correspond to different points
in the near-sinusoidal IMFs. Amongst the IMFs, IMF3 , Figure 3(e), manifest
the GCIs at some of its minima, with the least ambiguity - it seems the best
candidate for GCIs estimation amongst the IMFs. Figure 3(k)-(n) represent
the sum of IMFs 2−6, 3−6, 4−6 and 5−6, respectively. It may be observed that
like IMF3 , the sum of IMFs 3-6, represented by Figure 3(l), also intersects the
GCIs at some of its minima locations. It, however, has less spurious minima
and is a better candidate for detecting the GCIs than IMF3 itself. From a
frequency domain perspective, Figure 3(l) represents the sum of IMFs having
50 Hz ≤ F m ≤ 5 × F0ref . Similarly, Figure 3(m) represents the sum of IMFs
having 50 Hz ≤ F m ≤ 2 × F0ref , and Figure 3(n) the sum of IMFs having 50
5
Hz ≤ F m . F0ref , Fm
= 129 Hz ≈ F0ref = 116 Hz. As in the synthetic case,
either of the signals represented by Figure 3(m),(n) can be used for estimating
the regions of search for the GCIs. Once such regions are identified, the signal
in Figure 3(l) can be used to estimate the exact locations of the GCIs.
Expectedly, the preceding observations pertaining to the IMFs obtained
from ICEEMDAN are also found to be true for the IMFs obtained from
MEMD. Hence, figures equivalent to Figures 2 and 3, but for the IMFs obtained
from MEMD are not included in this manuscript. However, while MEMD provides a significant time-advantage with respect to ICEEMDAN, it is comparatively less effective in reducing mode-mixing. As such, the sum of the lowerfrequency IMFs are not very effective in providing us the regions of search for
the GCIs, unlike in the case of ICEEMDAN. Therefore, we would require to
devise an alternate methodology for finding the regions of search of the GCIs,
in the case of MEMD.
Thus, in the case of both ICEEMDAN and MEMD, the partial sum of
the IMFs, having their mean frequencies in the range { 50 Hz ≤ F m ≤ 5 ×
F0ref }, provides us with a sinusoid-like signal, some of whose minima locations
manifest the GCIs. We may call this signal, resulting from the partial sum of
the IMFs, as the Source Enhanced and De-trended Speech (SEDS) signal.

4 Procedure for ICEEMDAN based GCIs Estimation (IGE)
Based on the principle described in the previous section, the following procedure is employed to detect the GCIs from the speech signal.
• (i) Decompose s(n) using ICEEMDAN. Construct the de-trended speech
signal, sd (n).
s(n) =

10
X
k=1

hk (n), sd (n) =

nX

hk (n)|Fkm > 50 Hz

o

(6)

k

• (ii) Estimate the average pitch frequency, F0est , from sd (n). In this work,
the Robust Algorithm for Pitch Tracking (RAPT) [61] method is used to
estimate the pitch frequencies of voiced frames of the de-trended speech
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signal. Frames of 20 ms, with 50% overlap, are used. F0est represents the
average pitch frequency over all the voiced frames.
• (iii) Sum up the components with 50 Hz ≤ F m ≤ 2 × F0est .
o
n
X
sR (n) =
hk (n) ∀ k | 50 Hz ≤ Fkm ≤ 2 × F0est

(7)

k

• (iv) Detect the negative-going and positive-going zero-crossings of sR (n).
The region from a given negative-going zero-crossing to the closest positivegoing zero-crossing to its right, is a region of search. Let {Rr , r = 1, 2, ..., Iige }
represent the regions of search, Iige being the total number of regions.
• (v) Discard the first IMF, and sum up the rest of the components with 50
Hz ≤ F m ≤ 5 × F0est . This provides us with the SEDS signal.
o
n
X
(8)
se (n) =
hk (n) ∀ k | 50 Hz ≤ Fkm ≤ 5 × F0est
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k≥2

• (vi) In any rth region of search (Rr ), find the location of minimum amplitude in se (n). These locations provide the initial estimates of the GCIs,
{lri , r = 1, 2, ..., Iige }.
Figure 4 shows the GCIs estimated using the above process from an arbitrary speech file. The dashed stem lines indicate the GCIs estimates obtained
by the aforementioned process. However, as seen in Figure 4(d), along with the
actual GCIs, some spurious GCIs are also estimated. The reason for such spurious estimates is the imperfect sinusoidal nature of the IMFs. The existence
of false estimates is a familiar problem in many GCI estimation methods, and
needs further refinement [48, 58, 59, 63]. To eradicate such false estimates, we
apply the following simple methodology.
• (i) For the rth estimated GCI, lri , consider a region,
lri − W/2 < Lr < lri + W/2,
Fs
where W = ν est , ν ∈ R+
F0

(9)
(10)

The size of the window, W , is determined by the factor ν, and the effect
of this parameter is discussed in the results section.
• (ii) Within any pth region, Lp , find the GCIs estimated within it, i.e, find
the set
{(lri , vri ) | (lri , vri ) ∈ Lp , r = 1, 2, ..., Iige },
where

vri

=

se (lri )

(11)
(12)

Compare the amplitudes, vri , of this set. If the amplitude vpi is the minimum
amplitude in this set, then lpi is considered as a legitimate GCI, otherwise
it is rejected as a spurious one. May the final estimated GCIs be denoted
by {lrest , r = 1, 2, ..., Fige ≤ Iige }.
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Fig. 4:

(a) Segment of a speech signal from the CMU-Arctic database ; (b) dEGG

signal corresponding to the speech signal ; (c) sR (n) obtained from the IMFs of ICEEMDAN. The search regions are denoted by {Rr , r = 1, 2, ..., 5} ; (d) se (n). The estimated
GCIs within {Rr , r = 1, 2, .., 5} are denoted by dashed stem lines ; (e) se (n). Spurious and correct GCIs estimates are indicated by cross and ticks respectively. Dotted
rectangles indicate the Lr regions of estimated spurious GCIs. Dash-dotted rectangles
indicate the Lr regions of estimated correct GCIs.

Figure 4(e) shows how the above process works. Let us consider the first
(leftmost) GCI estimate, l1i . It has a region L1 specified by the window W .
There are two GCIs estimates within L1 . The amplitude, v1i , of se (n) at l1i ,
is lesser than that of the other GCI estimated within the region. Hence, l1i is
considered a correct GCI estimate. Now, let us consider the next GCI estimate,
l2i . Clearly, it is a spurious one, and hence marked X. There are two other
GCIs apart from l2i within the region L2 . Amongst these three GCIs locations,
since the amplitude, v2i , of se (n) at the spurious GCI location, l2i , is not the
minimum, it is rejected. Next, consider the third GCI estimate, l3i , which is
a correct estimate. There are two more GCIs estimated within the region L3 .
In this case, the amplitude, v3i , of se (n) at l3i , is the minimum amongst the
amplitudes at all the three GCIs estimates within L3 . Hence, l3i is accepted as
a correct estimate. The last two estimates are verified in the same fashion.
The entire process may be termed as ICEEMDAN based GCIs Estimation
(IGE).
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5 Procedure for MEMD based GCIs Estimation (MGE)
As MEMD is comparatively less effective than ICEEMDAN in reducing modemixing, the sum of lower-frequency IMFs are not very effective in providing us
the regions of search for the GCIs. Therefore, we devise an alternate methodology for finding the regions of search of the GCIs, based on which the SEDS
will provide the high-resolution estimates of the GCIs.
• (i) Decompose the speech signal s(n) using MEMD. Construct the detrended speech signal, sd (n).
s(n) =

10
X

hk (n), sd (n) =

nX
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k=1

hk (n)|Fkm > 50 Hz

o

(13)

k

• (ii) Estimate the average pitch frequency, F0est , from sd (n). In this work,
the RAPT algorithm is used to estimate the pitch frequencies of voiced
frames of the de-trended speech signal. Frames of 20 ms, with 50% overlap,
are used. F0est represents the average pitch frequency over all the voiced
frames.
• (iii) Let sh (n) = ∆∆sd (n), where ∆ indicates a difference operation. Let
nd denote the minima locations of sh (n). Construct the envelope, ed (n), of
sd (n), by using cubic spline interpolation, with the points of interpolation
being {nd , sd (nd )}.
• (iv) Detect the negative-going and positive-going zero-crossings of ed (n).
The region from a given negative-going zero-crossing to the closest positivegoing zero-crossing to its right, provides a prospective initial region of
search. Let {Rri , r = 1, 2, ..., Imge } represent the initial regions, Imge being
the total number of regions.
• (v) In every {Rri , r = 1, 2, ..., Imge }, find the point of minimum amplitude
in ed (n), (nir , vri ), where, vri = ed (nir ).
• (vi) For a given (nir , vri ), r = 1, 2, ..., Imge , consider a window, Lr , given by
nir − W/2 < Lr < nir + W/2,
Fs
where W = ν est , ν ∈ R+
F0

(14)
(15)

The size of the window, W , is determined by the factor ν, and the effect
of this parameter is discussed in the results section.
• (vii) Within any given pth window, Lp , find the set {(nir , vri ) | (nir , vri ) ∈
Lp , r = 1, 2, ..., Imge }. Compare the amplitudes, vri , of this set. If vpi is
the minimum amplitude in this set, then the region, Rpi , is considered as a
legitimate region of search, otherwise it is rejected as a spurious one. May
the final set of regions of search be denoted by {Rrf , r = 1, 2, ..., Fmge ≤
Imge }.

16

Rajib Sharma et al.

0.5
0

(a)

−0.5
0.2

(b)

0

Amplitude

−0.2
0.5

Ri

Ri

i

R2

1

0

Ri5

Ri4

3

(c)

−0.5
0.2
0
−0.2
−0.4
−0.6
0.5

(d)

Rf1

0
−0.5

2

Rf2
4

6

8

10

Rf3
12

14

16

(e)
18

sinc(i) Research Institute for Signals, Systems and Computational Intelligence (fich.unl.edu.ar/sinc)
R. Sharma, S. R. M. Prasanna, H. L. Rufiner & G. Schlotthauer; "Detection of the glottal closure instants using empirical mode decomposition"
Circuits, Systems, and Signal Processing, 2017.

time (ms)

Fig. 5:

(a) Segment of a speech signal from the CMU-Arctic database ; (b) dEGG

signal corresponding to the speech signal. The dashed vertical lines indicate the reference GCIs ; (c) ed (n). The dashed vertical lines indicate the reference GCIs. The
dotted rectangles indicate the initial regions of search, {Rri , r = 1, 2, ..., 5} ; (d) ed (n). The
vertical arrows indicate the points of minimimum amplitude, {(nir , vri ), r = 1, 2, ..., 5}, corresponding to the initial regions. The dashed rectangles indicate the windows, Li1 , Li3 ,
and Li5 . The dotted rectangles indicate the windows, Li2 , and Li4 ; (e) ed (n). The dotted
rectangles indicate the final regions of search, {Rrf , r = 1, 2, 3}.

Figure 5 demonstrates the working of the above process. As may be observed from Figure 5(c), ed (n), represents a symmetric smooth envelope of
the given speech signal, Figure 5(a). There are five initial regions of search
in ed (n), out of which three regions contain the GCIs (indicated by the vertical dashed lines), and the other two are spurious. The five minimum value
points corresponding to these five regions are indicated by arrows in Figure
4(d). Centered around each minimum value point, a symmetric window of
width W is considered. For the first (leftmost) point, (ni1 , v1i ), the window
contains the points {(ni1 , v1i ), (ni2 , v2i )}. As v1i = min{v1i , v2i }, R1i is considered as a legitimate region. For the second point, (ni2 , v2i ), the window contains the points {(ni1 , v1i ), (ni2 , v2i ), (ni3 , v3i )}. As v2i 6= min{v1i , v2i , v3i }, R2i
is considered as a spurious region. In the same manner, the legitimacy of
the remaining regions, are evaluated. Finally, three legitimate regions remain,
{R1f , R2f , R3f } = {R1i , R3i , R5i }.
Having derived the regions, {Rrf , r = 1, 2, ..., Fmge }, where the GCIs are
ought to be contained, the following procedure is applied :
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Fig. 6:

(a) Segment of a speech signal from the CMU-Arctic database ; (b) dEGG

signal corresponding to the speech signal. The dashed vertical lines indicate the reference GCIs ; (c) ed (n). The dashed vertical lines indicate the reference GCIs. The
dotted rectangles indicate the final regions of search ; (d) se (n). The dotted rectangles
indicate the final regions of search. The circles indicate the minimum amplitude points,
within the final regions of search, which give the estimates of the GCIs.

• (i) Discard the first IMF, and sum up the rest of the components with 50
Hz ≤ F m ≤ 5 × F0est . This results in the SEDS signal, se (n).

se (n) =

X

n
o
hk (n) ∀ k | 50 Hz ≤ Fkm ≤ 5 × F0est

(16)

k≥2

• (ii) In the regions of search, {Rrf , r = 1, 2, ..., Fmge }, find the corresponding locations of minimum amplitude in se (n). These locations, {lrest , r =
1, 2, ..., Fmge }, are the estimates of the GCIs.
Figure 6(d) shows the SEDS signal, se (n), corresponding to the given
speech signal. The final regions of search, as estimated from the speech envelope signal, ed (n), shown in Figure 6(c), provide the time intervals where the
GCIs are contained. Then, within these intervals (shown by dotted rectangles),
the points of minimum value (shown by circles) of the SEDS signal may be
associated with the GCIs.
This complete process of estimating the GCIs is termed as MEMD based
GCIs Estimation (MGE).
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Table 2: Description of the databases used. The CMU-Arctic database consists of five
speakers, and the APLAWDW database consists of ten speakers.

CMU-Arctic

Database

APLAWDW

(5 speakers)
Speakers

BDL

JMK

SLT

(10 speakers)
EDX

KDT

All

(male) (male) (female) (male) (male) (5 male , 5 female)
Number of

∼1100 ∼1100 ∼1100 ∼1900 ∼500

Utterances
Average

∼50
per speaker

∼3 s

∼3 s

∼3 s

∼1 s

∼2 s

∼3 s

Duration
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6 Results and Discussion
Two databases, the CMU-Arctic database [43], and the APLAWDW database
[3], are considered for this work. The CMU-Arctic database consists of 5 speakers and the APLAWDW database consists of 10 speakers. The databases are
described in Table 2. All utterances (from both the databases) considered in
this work are of Fs = 8 kHz.
In order to evaluate the performances of the proposed IGE and MGE algorithms five objective metrics have been used [16, 17, 46, 48, 49, 59, 63]. They
are described below :
• Identification rate (IR) : The percentage of glottal or larynx cycles in
which only one GCI is estimated.
• Miss rate (MR) : The percentage of glottal cycles in which only no GCI
is estimated.
• False alarm rate (FAR) : The percentage of glottal cycles in which more
than one GCI is estimated.
• Identification accuracy (IA) : The standard deviation of the timing or
identification error, ζ.
• Accuracy to ± 0.25 ms (IA0 ) : The percentage of GCIs which are within
a timing error bound of ± 0.25 ms.
Figure 7 aids in understanding the metrics used for evaluation. Out of
the five metrics, IR, MR, and FAR reflect the reliability of the estimation
technique, whereas IA and IA0 represent the accuracy of the technique. Higher
values of IR and IA0 , and lower values of MR, FAR, and IA are desirable. Using
these five metrics, the proposed algorithms are compared with five competitive
state-of-the-art algorithms : DYPSA, YAGA, SEDREAMS, ZFR, and ILPRPI.
The performances of the various algorithms are evaluated not only for clean
speech, but speech degraded by White, Babble and HFchannel noise [65], with
the signal to noise ratio (SNR) being varied from 0 to 20 dB, in steps of 5
dB. Apart from this, the performances for speech signals affected by telephone
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Characterization of the estimates of the GCIs showing three larynx or glottal

cycles, with examples of each possible outcome from the estimates [16, 17, 46, 48, 49,
59, 63]. The solid arrows indicate the reference GCIs, obtained from the dEGG signal.
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The dotted arrows indicate the GCIs estimated. ζ is the identification error.

channel effects are also evaluated. Two types of telephone-quality speech are
considered in this work :
• T-1 : The T-1 type of telephone-quality speech has been derived by bandpass filtering the speech signal between 300 - 3400 Hz, using the VOICEBOX toolbox [8]. The magnitude response of the filter is given by a raised
cosine function in the range of 0-300 Hz and 3400-4000 Hz, and unity between 300 - 3400 Hz [8, 49].
• T-2 : The T-2 type of telephone-quality speech has been derived by bandpass filtering the speech signal in accordance with ITU standards [42].

6.1 Effect of ν in the GCIs estimation performance
As discussed in the previous section, the existence of false alarms, i.e., false
estimates of the GCIs, is almost inevitable in most of the GCIs estimation
methods. In the case of IGE (MGE) too, such estimates (regions in the case
of MGE) are obtained initially along with correct estimates (regions in the
case of MGE). For eliminating such estimates (regions in the case of MGE),
we employ a shifting window of size W , which is dependent on an adjustable
parameter, ν. Hence, the effect of ν on the overall performance of the IGE
and MGE algorithms needs to be studied, and its optimum range needs to be
found out. It also needs to be investigated if the optimum range of ν varies
for the two databases. For this purpose, the IR, MR, and FAR for the two
methods are obtained for different values of ν ∈ [0.5, 2], for the two databases
separately. Only clean speech signals are used for this study.
Figure 8 shows the plots of the three metrics for IGE, and Figure 9 shows
the same for MGE. Separate plots are shown for the CMU-Arctic and APLAWDW
databases. As can be observed from Figure 8, the IRs for both the databases
obtain saturation somewhere between ν = 1.1 to ν = 1.5. The same is observed for MGE, as shown in Figure 9. In this range, for both the algorithms,
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Fig. 9: Effect of the window size parameter, ν, in estimating the GCIs using the MGE
algorithm. Clean speech signals from the CMU-Arctic and APLAWDW databases are
used.

and both the databases, the FAR drops sharply, with little increase in MR.
This means that, assuming F0est is a reasonably accurate estimate of the actual F0 , the window size should be slightly larger than the pitch period (the
inverse of F0 ), to eliminate the false estimates/regions, without adversely effecting the overall performance of the algorithm. Larger values of ν results in
a large window, which not only eliminates false estimates/regions, but also
the correct ones. Smaller values of ν, on the contrary, are not very efficient in
eliminating the false estimates. It is also important to notice that the optimal
range of ν is nearly the same for both the databases. Hence, the window size
may be considered independent both in terms of the methodology employed
to estimate the GCIs, and the change in dataset.
As such, using ν ∈ [1.1, 1.5] should give us results which is close to the
best possible performance of the algorithm. Henceforth, ν = 1.4 is used for
estimating the GCIs by both IGE and MGE in this work, under all conditions.
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6.2 Performances under clean and telephone channel conditions

Table 3:

Robustness of the GCIs estimation methods, according to the five performance metrics, for clean speech signals.
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Database

Metric

IGE MGE DYPSA YAGA SEDREAMS ZFR ILPR-PI

IR(%) 97.59 97.63
MR(%) 0.68 1.49
BDL (CMU) FAR(%) 1.73 0.89
IA(ms) 0.33 0.44
IA’(%) 71.34 63.34

94.96
2.7
2.34
0.52
78.6

97.82
0.71
1.47
0.41
84.5

97.51
1.12
1.37
0.4
83.8

97.12 98.52
1.41 0.62
1.47 0.86
0.41 0.31
82.62 87.3

IR(%) 98.93 98.9
MR(%) 0.35 0.4
JMK (CMU) FAR(%) 0.72 0.71
IA(ms) 0.53 0.53
IA’(%) 58.67 57.61

97.5
1.4
1.1
0.57
73.56

98.76
0.55
0.69
0.51
74.52

98.56
0.48
0.96
0.54
73.6

95.83
3.81
0.36
0.72
36.76

98.7
0.59
0.71
0.35
83.7

IR(%) 99.39 99.28
MR(%) 0.1 0.23
SLT (CMU) FAR(%) 0.52 0.49
IA(ms) 0.23 0.24
IA’(%) 77.63 75.79

97.15
1.75
1.1
0.56
67.16

98.15
0.47
1.38
0.39
81.23

98.45
0.31
1.24
0.41
74.9

98.96
0.49
0.55
0.32
78.8

98.83
0.56
0.61
0.34
80.78

IR(%) 96.74 94.19
MR(%) 0.93 3.63
EDX (CMU) FAR(%) 2.33 2.18
IA(ms) 0.79 0.97
IA’(%) 36.87 34.07

80.03
2.5
17.47
0.66
82.1

95
0.9
4.1
0.7
83.32

98.16
0.8
1.04
0.53
85.2

91.5 97.85
7.1
0.9
1.4
1.25
0.8
0.53
50.58 85.6

IR(%) 94.49 91.7
MR(%) 4.65 7.73
KDT (CMU) FAR(%) 0.86 0.56
IA(ms) 0.93 1.05
IA’(%) 50.92 33.23

95.1
2.1
2.8
0.56
82.66

96.51
0.91
2.58
0.58
88.15

96.9
1.12
1.98
0.53
84.12

84.67 97.12
8.86 0.21
6.47
2.67
0.83 0.37
38.12 90.15

IR(%) 95.05 94.46
MR(%) 1.72 1.35
APLAWDW FAR(%) 3.23 4.18
IA(ms) 0.39 0.42
IA’(%) 64.86 59.28

94.5
2.5
3
0.8
68.15

96.9
1.1
2
0.69
77.5

96.8
1.8
1.4
0.62
78.12

96.75 95.5
1.7
1.9
1.55
2.6
0.75
0.6
49.21 80.15

The performances of IGE, MGE, and the five state-of-the-art algorithms
are first evaluated for clean speech signals of the the CMU-Arctic and APLAWDW
databases. Table 3 shows the five performance metrics for the algorithms. The
five speakers of the CMU-Arctic database are shown individually, for better analysis. The best performances are highlighted in bold-font. As can be
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observed from the table, among the state-of-the art algorithms YAGA, SEDREAMS and ILPR-PI provide consistent performance across the different
speakers of the CMU-Arctic database. DYPSA and ZFR, on the other hand,
show some fluctuations in performance with respect to the change in speakers.
The performance of DYPSA drops starkly for EDX, and that of ZFR drops
for KDT. The performances of IGE are relatively invariant to speaker change,
similar to that of YAGA, SEDREAMS and ILPR-PI. The performances of
MGE are worse for the KDT and EDX speakers, compared to that of the
other speakers, even though the variation in performance is not as alarming
as that of DYPSA and ZFR. The low FAR values, in the case of both IGE
and MGE, prove how well the methods for eliminating spurious GCIs work.
Overall, the performances of IGE and MGE are competitive with the stateof-the-art algorithms, for every speaker case. The performances of IGE and
MGE for the APLAWDW database are similar to the state-of-the art algorithms. The only parameter, one may argue, in which the IGE and MGE lag
behind with respect to the other algorithms is IA0 . This is a direct result of
the effect of mode-mixing, as it cannot be completely eliminated. Thus, while
some GCIs estimates are extremely accurate, certain others are not exactly
aligned with the reference GCIs. However, it must be noted that the IA0 values of IGE and MGE are still competitive with respect to the state-of-the-art
algorithms.
Having observed the performances of IGE and MGE over clean speech signals, we now investigate whether they could perform credibly when the speech
signals are affected by telephone channel conditions. Under telephone channel
conditions, the low-frequency spectrum of the speech signal, which contains
the glottal source information, is suppressed. This affects the waveform-shape
of the speech signal, but the intelligibility of the speech signal is still intact.
Thus, the performances of the algorithms for telephone-quality speech depicts
their ability to extract critical information when the information source (the
glottal characteristics) itself is significantly obscured or hidden. Further, the
performances of the algorithms for telephone-quality speech is important as
mobile communication is the cheapest and easiest means of acquiring speech
data.
Table 4 shows the five performance metrics for the two types of telephonequality speech, T-1 and T-2, for the CMU-Arctic and APLAWDW databases,
for the seven algorithms. As the table shows, the performances of all the algorithms (particularly in terms of IR) degrade under telephone channel conditions. YAGA, SEDREAMS and ZFR, all of which performed credibly under clean speech conditions, show significant degradation for both types of
telephone-quality speech. For T-1 type of telephone-quality speech, only IGE,
MGE, DYPSA and ILPR-PI provide credible performances (IR & 80%). When
the IR is itself low, the metrics related to accuracy (IA and IA0 ) become less
relevant. In the case of T-2 type of telephone-quality speech, the performances
of all the algorithms are worse than that of T-1 type. This is expected, as ITU
telephone channel codecs suppress the lower-frequency spectrum of speech
much more than simple band-pass filtering. For T-2 type, only IGE, MGE
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Table 4:

Robustness of the GCIs estimation methods, according to the five performance metrics, for two types of telephone-quality speech (T-1 and T-2).

Type

T-1

Database

Metric

IGE

MGE DYPSA YAGA SEDREAMS ZFR ILPR-PI

IR(%)

91.1

89.77

88.29

45.81

72.05

54.36

79.21

MR(%)

5.39

7.14

0.8

0.9

0.12

0.01

1.05

CMU-Arctic FAR(%)

3.5

3.09

10.91

53.29

27.83

45.63

19.74

IA(ms)

1.03

1.1

0.4

1.28

0.34

0.25

1.07

IA’(%)

33.76 32.98

81.35

27.26

80.98

75.68

42.62

IR(%)

86.04 84.59

91.35

75.33

70.67

72.26

85.52

MR(%)

2.32

5.27

0.77

0.96

1.42

0.13

0.96

APLAWDW FAR(%) 11.64 10.14

7.88

23.71

27.91

27.61

13.51

0.44

1.46

0.92

0.76

0.76

IA’(%)

29.69 25.97

79.79

10.99

44.41

45

59.49

IR(%)

85.36 86.74

80.62

36.3

18.23

17.65

65.82

MR(%)

9.83

9.98

1.76

1.17

0.49

0.08

1.45

CMU-Arctic FAR(%)

4.81

3.28

17.62

62.53

81.28

82.27

32.73

IA(ms)

1.49

1.27

0.69

1.05

1.08

0.58

0.96

IA’(%)

20.28 24.88

49.97

34.54

33.05

55.46

53.03

IR(%) 85.22 84.85

86.18

67.18

27.14

35.86

83.6

MR(%)

8.55

2.22

0.78

2.43

0.62

1.89
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IA(ms)

T-2

0.9

6.68

1.12

APLAWDW FAR(%)

8.1

6.6

11.6

32.04

70.43

63.51

14.51

IA(ms)

1.13

1.08

0.62

0.74

1.57

1.69

0.56

IA’(%)

17.64

19.2

48.34

53.3

15.55

16.83

71.36

and DYPSA provide credible performances, compared to the other algorithms.
The performance of ILPR-PI degrades starkly for the CMU-Arctic database
for T-2 type, compared to that of T-1 type.
Thus, out of the five state-of-the-art algorithms, only DYPSA, which did
not perform as well as the other algorithms for clean speech, works credibly
in the case of telephone-quality speech. Noticeably, IGE and MGE provide
credible performance for telephone-quality speech, just like for clean speech.

6.3 Performance under noisy conditions
Having evaluated the performances of the algorithms on telephone-quality
speech, we now proceed towards investigating their performances on speech
signals corrupted by noise. Noisy speech signals represent the acquisition of
speech data under practical or imperfect recording conditions. Evaluation of
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the performances of the algorithms for noisy speech signals would depict the
resistance of the algorithms to external sources (any other signal source not
corresponding to the speaker) which try to mask or subdue the spectrum of
the speech signal. Depending on both the level and type of noise, the addition
of noise to the speech signal not only changes its waveform-shape but also its
intelligibility. Therefore, three types of noise are considered [65] :
– Babble : Which masks the low-frequency speech spectrum.
– White : Which masks the entire speech spectrum.
– HFchannel : Which masks the high-frequency speech spectrum.
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Robustness of the GCIs estimation methods, according to the five perfor-

mance metrics, for speech signals corrupted by White, Babble, and HFchannel noise.
The performance metrics are averaged over all the speech signals of the CMU-Arctic
and APLAWDW databases combined. The SNR is varied from 0 dB to 20 dB for each
type of noise.

Figure 10 shows the performances of the seven algorithms for White, Babble and HFchannel noise, averaged over the two databases. For visual clarity,
the plots are shown in logarithmic scale. First, let us consider the case of
speech signals corrupted by White noise. As can be observed from the plots,
all the algorithms perform similarly for all the metrics, particularly when the
level of noise is low (SNR ≥ 15 dB). As the level of noise increases, the IRs of
DYPSA and YAGA worsen substantially with respect to the other algorithms.
ZFR, which performed poorly under telephone channel conditions, remarkably
shows very little fluctuation with respect to the level of noise, for all the five
metrics. The converse is true for DYPSA. This shows the limited adaptability
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of the popular techniques with respect to changing conditions. For IGE, one
may notice the consistently high values of IR (low MR and FAR) even at high
noise levels. The same is true for MGE. Compared to IGE, however, the MR
of MGE is higher at high noise levels. Again, as in the case of clean speech, the
only metric that IGE and MGE might be considered lagging is IA0 . As mentioned earlier, this is a result of mode-mixing. However, the values of IA0 for
the two algorithms are still close to the state-of-the-art methods, particularly
ZFR.
Next, let us consider the case of HFchannel noise. As the plots in Figure
10 show, the performances for HFchannel noise are similar to that of White
noise for all the seven algorithms, and the five metrics. As such, the same
observations made for White noise are applicable for HFchannel noise. In both
these types of noise, IGE and MGE show limited fluctuations in their performances as the level of noise increases. This may be because the SEDS signal
is constructed leaving out the first IMF (and other high-frequency IMFs). The
high-frequency IMFs, thus, capture most of the White/HFchannel noise, making IGE and MGE immune to its influence.
Lastly, let us consider the case of Babble noise. As can be observed in Figure
10, the performances of the algorithms are worse for Babble noise, than that
for White and HFchannel noise. DYPSA, which performed remarkably for
telephone-quality speech, is also not immune to external low-frequency noise.
Apart from DYPSA and YAGA, the rest of the algorithms almost converge
to the same performance levels, and there is hardly any difference amongst
their performances. The IRs of IGE and MGE are competitive with the best
performing algorithms for different levels of noise. The MRs, FARs and IAs
are similarly competitive. The IA0 values are now even closer to the best cases,
and almost identical to that of ZFR.
Thus, considering various conditions - clean, telephone channel, and noise both IGE and MGE perform not only competitively, but also consistently, with
respect to the popular algorithms. Contrary to the state-of-the-art techniques,
IGE and MGE may be deemed as “all weather techniques”.

6.4 Computational complexity
Having evaluated the performances of the algorithms, their time-costs also
need to be considered for practical applicability. For this purpose, the same
speech signal considered in Table 1 is again utilized. Table 5 lists the time
taken by the seven methods in estimating the GCIs from the speech signal.
The algorithms are run in MATLAB, in desktop mode, in a machine with 8
GB RAM, using Intel quad-core i7 processor, of 2.9 GHz clock frequency.
As is evident in Table 5, IGE is costly compared to the other algorithms.
The efficiency of MGE is much better, and comparable to the state-of-the-art
methods. The fact that the performance of MGE is not vastly different from
that of IGE, while costing only a fraction of the time-cost of the IGE, makes
it more suitable for practical applications. However, it is to be noted that
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Table 5:

Computational complexity of the seven different methods for detecting the
GCIs. Time (in seconds) taken by the seven algorithms for detecting the GCIs from
a speech signal, of ∼4 s duration.

Algorithm IGE MGE DYPSA YAGA SEDREAMS ZFR ILPR-PI
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Time (s) 63.17 1.62

0.76

1.19

0.74

2.28

0.54

the two proposed algorithms for estimating the GCIs from the IMFs do not
account principally for their overall time-costs. It is the time taken to extract
the IMFs that is the main reason (particularly for ICEEMDAN), as illustrated
in Table 1. It is to be expected that with efficient programming, using parallel
processing, the time-cost of extracting the IMFs using ICEEMDAN could be
significantly reduced. Further, as the mathematical framework of EMD [14,
44] develops, better and efficient methods of curbing mode-mixing may be
expected, and the IMFs could provide even more accurate estimates of the
GCIs, with the same proposed methodologies. Thus, even though currently
the large time-cost seems a bottleneck for practical applications, that may not
be so in the near future, or even now with efficient programming.

7 Conclusion
This work focussed on detecting the GCIs of the speech signal using nonlinear and non-stationary signal analysis, as an alternative to the source-filter
theory or LP-analysis based methodologies of doing the same. The motivation behind using non-linear and non-stationary analysis comes from the fact
that state-of-the-art techniques, mainly based on short-time LP analysis, provide inconsistent performances when the speech signal is subjected to external influences. With this motivation, this work investigated the capability of
two non-linear and non-stationary signal analysis methods - ICEEMDAN and
MEMD - for reliably extracting GCIs under varied conditions - clean, noisy
and under telephone channel effects. It was observed that both ICEEMDAN
and MEMD could extract sinusoid-like components, called the IMFs, from the
speech signal, which could be utilized to detect the GCIs. Henceforth, two
uncomplicated processes were developed, called IGE and MGE, for detecting
the GCIs from the IMFs derived from ICEEMDAN and MEMD respectively.
IGE and MGE are observed to provide comparable performances, under varied conditions, with the state-of-the-art algorithms. More importantly, IGE
and MGE are more consistent with (adaptive to) changing conditions. The
principal drawback of IGE is that it is time-costly. MGE, of course, is a much
faster algorithm, but its performance is marginally inferior to that of IGE.
For clean speech and telephone-quality speech, the difference between the two
algorithms is marginal. On an average, IR of MGE is within 1 % of that of the
IGE, whereas IA differs by < 0.2 ms between the two algorithms. Again, one
may argue that the time-cost of IGE could be drastically reduced by parallel
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programming and efficient coding. Nevertheless, as EMD improves as a nonlinear and non-stationary data analysis method, the proposed principle and
methodologies for detecting the GCIs could be expected to provide even more
accurate estimates of the GCIs.
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