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Characterization of Glottal Activity
From Speech Signals

K. Sri Rama Murty, B. Yegnanarayana, Senior Member, IEEE, and M. Anand Joseph

Abstract—The objective of this work is to characterize certain
important features of excitation of speech, namely, detecting the
regions of glottal activity and estimating the strength of excita-
tion in each glottal cycle. The proposed method is based on the
assumption that the excitation to the vocal-tract system can be ap-
proximated by a sequence of impulses of varying strengths. The
effect due to an impulse in the time-domain is spread uniformly
across the frequency-domain including at zero-frequency. We pro-
pose the use of a zero-frequency resonator to extract the character-
istics of excitation source from speech signals by filtering out most
of the time-varying vocal-tract information. The regions of glottal
activity and the strengths of excitation estimated from the speech
signal are in close agreement with those observed from the simulta-
neously recorded electro-glotto-graph signals. The performance of
the proposed glottal activity detection is evaluated under different
noisy environments at varying levels of degradation.

Index Terms—Glottal activity detection, strength of excitation,
zero-frequency resonator.

I. INTRODUCTION

HE primary mode of excitation of the vocal-tract system

during speech production is due to vibration of vocal folds
(glottal activity). The strength of excitation during the glottal
activity is determined mostly by the rate of closure of the vocal
folds in each glottal cycle [1]. Detecting the regions of glottal
activity and the strength of excitation in each glottal cycle from
speech signal is a challenging task, as it is difficult to suppress
the response of the time-varying vocal-tract system in the speech
signal. Several methods have been suggested in the literature,
which involve estimating the characteristics of the time-varying
vocal-tract system, and then performing some form of inverse
filtering of speech to highlight the characteristics of the excita-
tion source [2]-[4]. Linear prediction (LP) analysis is one such
method in which the LP coefficients are used to inverse filter the
speech signal to derive the LP residual [5]. The LP residual has
noise-like characteristics in the regions of nonglottal activity.
In the regions of glottal activity, corresponding to the vocal fold
vibration, the LP residual shows regions of large and small ener-
gies. The large energy region corresponds mostly to the closing
phase of each glottal cycle. The effectiveness of detecting glottal
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activity from the LP residual depends on the accuracy of the LP
model, and also the nature and quality of the speech signal.

In this paper, we propose a method based on the zero-fre-
quency filtered signal to detect the regions of glottal activity
and to estimate the strength of excitation in each glottal cycle.
In Section II, we discuss the use of the zero-frequency resonator
for highlighting the excitation source information in speech sig-
nals by filtering out the time-varying vocal-tract information. In
Section III, we present a method to estimate the strength of ex-
citation at epoch locations from the speech signals. Section IV
discusses a method to automatically detect the regions of glottal
activity, and evaluate its performance. In Section V we summa-
rize the contributions of this paper.

II. ZERO-FREQUENCY RESONATOR FOR EXTRACTING
EXCITATION SOURCE INFORMATION

During the production of voiced speech, the excitation to the
vocal-tract system can be approximated by a sequence of im-
pulses of varying strengths. The effect of discontinuity due to the
impulse-like excitation spreads uniformly across the frequency
range including at the zero-frequency [6], [7]. In other words,
even the output of a zero-frequency filter should reflect informa-
tion about the discontinuities caused by the impulse-like exci-
tation. The advantage of choosing a zero-frequency filter is that
the output is not affected by the characteristics of the vocal-tract
system which has resonances at much higher frequencies.

In this work, an ideal zero-frequency resonator is used to
filter the speech signal. An ideal zero-frequency resonator is
a 2nd order infinite impulse response (IIR) filter with a pair
of real poles on the unit circle. We propose the use of a cas-
cade of two ideal zero-frequency resonators to characterize the
discontinuities due to impulse-like excitation in voiced speech.
A cascade of two ideal zero-frequency resonators provides a
roll-off of 24 dB per octave, which effectively dampens all the
high frequency components beyond zero-frequency. Filtering a
speech signal twice through a zero-frequency resonator results
in an output that grows/decays as a polynomial function of time.
Fig. 1(b) shows the output of filtering process for a segment of
speech signal shown in Fig. 1(a). The effect of discontinuities
due to impulse-like excitation is overridden by large DC offset
that arises due to filtering at zero-frequency. The characteris-
tics of discontinuities can be highlighted by subtracting the local
mean computed over a small window. A window size of about
one to two times the average pitch period is adequate for local
mean subtraction. The resulting mean subtracted signal is shown
in Fig. 1(c) for the filtered output shown in Fig. 1(b). The mean
subtracted signal is called the zero-frequency filtered signal or
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Fig. 1. Illustration of epoch extraction from speech signals. (a) A segment of
speech signal taken from continuous speech. (b) Output of cascade of two ideal
zero-frequency resonators. (c) Filtered signal obtained from mean subtraction.
(d) DEGG signal. The arrows in (a) and (d) indicate the detected epoch locations.

merely the filtered signal. The following steps are involved in

processing the speech signal to derive the filtered signal [6], [7]:

a) Difference the speech signal s[n] to remove any DC com-
ponent introduced by the recording device:

z[n] = s[n] — s[n —1]. (1)

b) Pass the differenced speech signal z[n] through a cascade
of two ideal zero-frequency resonators. That is

4
Yo[n] = — Z aryo[n — k] + x[n] 2)
k=1
where a1 = —4, a2 = 6,a3 = —4,and a4 = 1.

c¢) Compute the average pitch period using the autocorrela-
tion of 30 ms speech segments.

d) Remove the trend in yo[n] by subtracting the local mean
computed at each sample. The resulting signal

N
1

yln] = yoln] — INT1 _X_:N Yo[n + m] 3)
is the zero-frequency filtered signal. Here 2NV + 1 corre-
sponds to the number of samples in the window used for
mean subtraction. The choice of the window size is not
critical as long as it is in the range of one to two pitch pe-
riods.

The filtered signal clearly shows sharper zero crossings
around the epoch locations. In Fig. 1(c), the positive zero cross-
ings are sharper than the negative zero crossings, and hence
indicate the epoch locations. The locations of the positive zero
crossings of the filtered signal in Fig. 1(c) coincide with the
peaks in the differenced electro-glotto-graph (DEGG) signal
shown in Fig. 1(d). The sharper zero crossings can either be
positive zero crossings or negative zero crossings depending
on the polarity of the signal (typically introduced by recording
devices). The polarity of the sharper zero crossings can be au-
tomatically determined by comparing the slopes of the filtered
signal around the positive zero crossings and the negative zero
crossings over the entire duration of the utterance.
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Fig. 2. (a) Sequence of randomly spaced impulses. (b) Zero frequency filtered
signal. (c) Slope of signal around the positive (sharper) zero crossings. Arrows
in (a) indicate hypothesized impulse locations.

III. CHARACTERIZING STRENGTH OF EXCITATION

The manner in which vocal folds vibrate influences the glottal
airflow that serves as an excitation source for the vocal-tract
filter. Sharper closure of the vocal folds corresponds to stronger
excitation of the vocal-tract system. The peak intensity in the
DEGG signal indicates the rate of glottal closure. Since the
vocal-tract is known to absorb variable amount of acoustic en-
ergy, the acoustic pressure level as picked up by a microphone
does not provide a reliable clue on the strength of excitation or
the rate of glottal closure.

In this work, we exploit the narrowband nature of the zero-fre-
quency resonator to measure the strength of excitation at each
instant. Since the effect due to an impulse is spread uniformly
across the frequency range, the relative strengths of impulses
can be derived from a narrowband around any frequency, in-
cluding the zero-frequency. Hence the information about the
strength of excitation can also be derived from the zero-fre-
quency resonator. It is observed that the slope of the zero-fre-
quency filtered signal around the zero crossings corresponding
to the epoch locations gives a measure of strength of excitation.
Fig. 2(a) and (b) show a sequence of randomly spaced impulses
with arbitrary strengths, and its zero-frequency filtered signal,
respectively. The filtered signal [Fig. 2(b)] shows sharper zero
crossings at the impulse locations, and the slopes of the filtered
signal around those zero crossings are proportional to the actual
impulse strengths as shown in Fig. 2(c).

This method of quantifying the epoch strength is valid even
for speech signals. In the case of speech signals, the significant
contribution at the zero-frequency is due to the impulse-like
excitation. The vocal-tract system has resonances at much
higher frequencies than zero-frequency. Hence the slope of
the filtered signal around the epoch location predominantly
reflects the strength of excitation. Fig. 3(d) shows the estimated
strengths of excitation at the epoch locations for the speech
signal shown in Fig. 3(a). Notice that the amplitude of the
speech signal (Fig. 3(a)) around 0.5 s is low though the strength
of the excitation as reflected in the DEGG signal (Fig. 3(b))
is high. The strength of excitation derived from the filtered
signal of speech shows similar trend as that of the DEGG
signal. Fig. 4(a) shows a scatter plot between the strength of
excitation derived from the DEGG signal and the maximum
absolute value of a sample of speech around the epoch location.
Fig. 4(b) shows a scatter plot between the strength of DEGG
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Fig. 3. (a) A segment of speech signal. (b) DEGG signal. (c) Filtered speech
signal. (d) Slopes of the filtered signal around detected epoch locations (sharper
ZEro crossings).
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Fig. 4. Scatter plot of (a) DEGG versus speech signal and (b) DEGG versus
slope of filtered signal.

signal and the strength of excitation estimated from the filtered
signal of speech. The scatter plot in Fig. 4(b) shows a better
linear orientation indicating that the estimated strength of
excitation is proportional to the actual strength of excitation
observed from EGG signal. This behavior is not present in
Fig. 4(a), indicating that the strength of excitation can not be
directly observed from the speech signal.

IV. GLOTTAL ACTIVITY DETECTION

The strength of excitation of the vocal-tract system can be
considered to be significant in the regions of the vocal fold vibra-
tion (glottal activity). In the absence of vocal fold vibration, the
vocal-tract system can be considered to be excited by random
noise, as in the case of fricatives. The energy of the random noise
excitation is distributed both in time and frequency domains.
While the energy of an impulse is distributed uniformly in the
frequency domain, it is highly concentrated in the time-domain.
As aresult, the filtered signal exhibits significantly lower ampli-
tude for random noise excitation compared to the impulse-like
excitation. Hence the filtered signal can be used to detect the
regions of glottal activity (vocal fold vibration) as illustrated in
Fig. 5. Fig. 5(a) shows a segment of speech signal with regions
of glottal activity, marked by dotted lines, obtained from the
DEGG signal in Fig. 5(b). The filtered signal of speech shown
in Fig. 5(c) clearly indicates the regions of glottal activity, and
they match well with those obtained from the DEGG signal in
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Fig. 5. Tllustration of glottal activity detection from filtered signal. (a) Speech
signal. (b) DEGG signal. (c) Filtered signal. (d) Energy of the filtered signal.
Regions marked with GA in (b) indicate regions of glottal activity.

Fig. 5(b). Notice that the unvoiced regions around 0.6 s and
1.2 s in the speech signal (Fig. 5(a)) have very low amplitude
in the filtered signal [Fig. 5(c)]. Hence the energy of the filtered
signal shown in Fig. 5(d) can be used for glottal activity detec-
tion (GAD).

A. Performance Evaluation of Proposed GAD

The proposed GAD method was evaluated under different
noisy environments at varying levels of degradation. A subset of
CMU-Arctic database [8] consisting of 100 randomly selected
sentences from each of the three speakers was used to evaluate
the proposed GAD method. The entire dataset was samplewise
labeled for glottal activity using the simultaneously recorded
EGG signals available in the database. All the data was down-
sampled to 8 kHz.

To study the effect of noise on the proposed GAD, the method
was evaluated on artificially generated noisy speech data. Sev-
eral noise environments at varying levels of degradation were
simulated by adding noise taken from Noisex-92 database [9].
The utterances were appended with silence such that in total
amount of silence in each utterance is restricted to be about
60% of the data including pauses in the utterances. The data-
base consists of speech signals under white, babble and vehicle
noise environments at signal-to-noise ratio (SNR) ranging from
20 dB to 0 dB. The speech signals were processed using pro-
posed zero-frequency resonator to obtain the filtered signal. The
energy of the filtered signal for every frame of 20 ms at 100
frames/s is used to detect the glottal activity.

The performance of the proposed GAD method was evalu-
ated using detection error tradeoff (DET) curves which show
the tradeoff between false alarm rate (FAR) and false rejection
rate (FRR). FAR represents the percentage of nonglottal activity
frames that were detected as glottal activity, and FRR represents
the percentage of glottal activity frames that were detected as
nonglottal activity. The performance of the system is expressed
in terms of equal error rate (EER), the point at which FAR and
FRR are equal. The lower the EER value, the higher the accu-
racy of the GAD method. Fig. 6 shows the DET curves obtained
for the proposed GAD algorithm under different noise environ-
ments at an SNR of 0 dB. The performance of GAD at varying
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Fig. 6. DET curves indicating the performance of proposed GAD method
under different noise environments.

TABLE I
PERFORMANCE OF GAD IN EER (%) UNDER DIFFERENT
NOISE ENVIRONMENTS AT VARYING LEVELS OF DEGRADATION.
REFERENCE IS DERIVED FROM EGG SIGNALS

Noise Type 20dB 15dB 10dB 5dB 0dB
White 3.56 3.56 3.60 3.78 5.24
Babble 3.56 3.64 4.62 795 15.10
Vehicle 3.56 3.58 4.09 6.28  10.83
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Fig. 7. Tlustration of potential of proposed method in identifying weakly
voiced regions. (a) A segment of speech signal. (b) DEGG signal. (c) Filtered
signal of speech signal. Arrows in (a) and (b) indicate hypothesized epoch
locations.

levels of degradation is listed in Table I using the reference de-
rived from the EGG signals.

The proposed method achieved an EER of 3.54% on the clean
data, and exhibits a gradual degradation under noisy conditions.
The performance of the method under babble noise and vehicle
noise is inferior to that under white noise because babble noise
contains impulse-like excitations arising from epochs of other
speakers, and vehicle noise introduces high degradations in low
frequency components. The errors on clean speech may be at-
tributed to the errors in the reference which are a result of in-
ability of the EGG signals in capturing the weak voiced regions.
Fig. 7(a) and (b) show a segment of weakly voiced region and
its corresponding DEGG signal, respectively. The DEGG signal
in Fig. 7(b) does not show prominent peaks around the epoch
locations in the region from 1.26 s to 1.32 s, whereas the fil-
tered signal in Fig. 7(c) clearly shows the glottal activity in that
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TABLE II
PERFORMANCE OF GAD IN EER (%) UNDER DIFFERENT
NOISE ENVIRONMENTS AT VARYING LEVELS OF DEGRADATION.
REFERENCE IS DERIVED FROM CLEAN SPEECH SIGNALS

Noise Type 20dB  15dB 10dB 5dB 0dB
White 0 0 0.003 041 2.77
Babble 0 0.23 1.81 6.13  14.14
Vehicle 0 0.006 1.08 4.22 9.66

region, and the positive zero crossings approximately coincide
with the epoch locations. Hence the proposed method can be
effectively used to detect the glottal activity even in the weakly
voiced regions. The performance of the proposed GAD under
different noisy environments is evaluated with the reference de-
rived from the clean speech. Table II gives the performance of
the proposed GAD at varying levels of degradation using the
reference derived from the clean speech data. The results show
that the performance of the proposed method for GAD is robust
against different types of degradation.

V. SUMMARY AND CONCLUSION

In this letter, we have proposed a method for detecting the re-
gions of glottal activity and estimating the strength of excitation
within each glottal cycle. The method exploits the impulse-like
characteristic of the excitation which is extracted using a zero-
frequency resonator. The method does not rely on estimating
the vocal-tract response. The method is computationally very
simple and also very accurate. The epoch location along with its
strength of excitation form important features of a glottal pulse.
This method may be useful in representing the excitation infor-
mation in speech signal for speech coding and speech synthesis.
The estimated strength of excitation may be useful in defining
shimmer which is known to be a speaker-specific characteristic.
The proposed method for GAD can be used to improve the ex-
isting voice activity detection methods.
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