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Reliable estimates of the glottal function are of major importance in speech/voice process-
ing for the characterization of voicing conditions, description of various phonation types, and
identification of their parameters. This paper presents a new method for de-noising glottal
wavelets (Differentiated Glottal Volume Velocity Pulses) and separation of the noise compo-
nent, based on an approximation of their Discrete Cosine Transform as a sum of Exponentially
Damped Sinusoids. The identification of the Exponentials’ parameters leads to convenient es-
timation of “clean” glottal wavelets and thus separation of noise disturbances. The method is
compared to standard Low-pass filtering and Wavelet de-noising using Monte Carlo simula-
tions on synthetic Liljencrants–Fant glottal pulse models. As shown, the method supercedes
for lower SNRs. Moreover, the method does not require exact determination of control para-
meters thus offering ease of implementation.

1. Introduction

The estimation of parameters of glottal pulses following inverse filtering of speech
signals, requires removal of disturbances due to turbulent flow or other perturbation phe-
nomena in the larynx region [1, 3]. Although an exact characterization of these distur-
bances and a clear distinction between pure glottal excitation and “noisy” components
may not be easily qualified, the spectral content of these disturbances usually expands
over wider frequency ranges than the underlying glottal function, despite any possible
spectral concentration at some narrower bands [4–7, 16].

Speech inverse filtering has been extensively analyzed in the past for the estimation
of the glottal excitation for voiced speech, while the use of methods based on Exponen-
tially Damped Sinusoids approaches has recently offered better performance compared
to classical Linear Prediction [16–19].

Generally speaking, signal de-noising has been widely addressed with many ap-
proaches such as the spectral separation of desired components and disturbances, the
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use of various psychoacoustical criteria [10, 21], implementation of higher-order statis-
tics, exploitation of wavelet transform properties [2, 8], etc.

A different approach to glottal pulse de-noising is presented in this work. Taking
into account the transient profile of the differentiated glottal volume velocity signal, we
propose a de-noising algorithm based on the identification of transient components in
a noisy glottal period. Such an idea has been successfully employed for the recovery
of lung sounds using the Wavelet transform [8]. In addition, some new methods for the
identification of the attack portion of musical sounds from the rest of their “steady”
part have recently been proposed [23]. These methods are based upon the use of the
Cosine Transform, which virtually maps timings of occurrences onto frequencies of
cosine functions. The method presented in this paper exploits such transformations and
attempts retrieval of glottal pulses from respective noisy observations, using estimates of
parameters of noisy exponentials in the Discrete Cosine Transform domain, and finally
back transformation into the time domain.

The paper is organized as follows. Section 2 describes major properties of the Dis-
crete Cosine Transform (DCT) and its characteristics for typical glottal pulses are in-
troduced. The identification of Exponential components in the DCT is also established.
Section 3 presents a Linear Prediction framework for the determination of the order
of a Damped Exponentials mixture approximation of a glottal pulse’s DCT. Based on
such an approximation and the aforementioned properties of DCT, Sec. 4 introduces the
Discrete Cosine Transform based Glottal Pulse Estimation algorithm. The DCT–GPE
algorithm’s de-noising efficiency is explored in Sec. 5 using Monte-Carlo simulations
and a comparative study with standard Low-Pass filtering and Wavelet De-noising is
also performed. Finally, Sec. 6 summarizes the aims of the work, concludes with major
advantages of the proposed algorithm and discusses possible applications of such an
approach.

2. DCT of a glottal pulse

The Discrete Cosine Transform [14] analyzes a sequence x(n) using real orthogonal
base functions such as the cosine. In this paper we deal with the so called “form II” of
the transformation, which is defined as

X(k) =

√
2
N

β(k)
N−1∑

n=0

x(n) cos
(

(2n + 1)kπ

2N

)
, 0 ≤ k ≤ N − 1,

β(k) =





1√
2
, k = 0,

1, k = 1, ..., N − 1.

(1)

From Eq. (1) it follows that a Dirac delta in x(n) at time ni is represented in DCT
domain as a cosine with frequency (2ni+1)/4N , where N is the x(n) sequence length.
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Respectively, the DCT of a more complex pulse-like signal, such as the glottal
pulse, consists of a sum of cosine functions with appropriate frequencies and ampli-
tudes (Fig. 1).
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Fig. 1. A typical glottal pulse and its DCT.
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Fig. 2. A typical noisy glottal pulse and respective DCT.

As observed, the DCT of a glottal pulse is “damped” for higher values of the DCT
bin. Such a situation may be attributed to the fact that since the glottal pulse itself may
be regarded as a sequence of nearby delta-like pulses (mainly at the region of maximum
stimulation), its DCT consists of cosine functions with frequencies very close to each
other. As a result, DCTs of noisy glottal pulses exhibit lower SNRs at higher values of
k (Fig. 2). In addition, the glottal noise component manifests itself in DCT domain as
an additive noise-like disturbance spanning the whole DCT bins range.
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3. Linear prediction models of a glottal pulse’s DCT

As previously stated, the DCT is actually a sum of appropriate cosine functions.
We also presented DCT patterns of typical noise-free and noisy glottal pulses (Differ-
entiated Glottal Volume Velocity). The above, and in conjunction with the fact that a
harmonic function may be described using an Auto-Regressive linear prediction model,
lead to the consideration of such a model’s order for a description of DCT with suf-
ficiently low error, since the energy of a glottal pulse is mainly localised in a glottal
period’s region. Stated differently, we seek for the order p of an auto-regressive model
such that the DCT XDCT(k) of a glottal pulse xp(n) can be described as:

XDCT(k) = −
p∑

i=1

aiXDCT(k − i) + eDCT(k), k = p + 1, ..., N − 1. (2)

The estimation of ai is based on minimization of the Mean Square Error e2
DCT(k).

Figure 3 shows the above MSE e2
DCT(k), together with the Akaike Information

Criterion (AIC) [11, 12] for linear prediction as a function of the auto-regressive model
order p.
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Fig. 3. MSE and AIC for linear prediction of a Glottal Pulses’s DCT.

It can be observed that both MSE and AIC tend to stabilize for p ≥ 50–60, while
any further increase of the model order does not contribute to any remarkably dramatic
decrease. This observation leads to a possible description of a glottal pulse’s DCT using
an AR model of relatively low order (∼ 50–60). From another point of view, the DCT
of a glottal pulse may be fairly described using a reduced order sum of cosine functions
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(∼ 25–30). It must be pointed that the orders determined by the previous approach
actually depend on the sampling frequency for the glottal pulse in discrete time. The
values given above are obtained for 48 kHz sampling frequency, while lower sampling
rates would lead to lower order values. The determination of the parameters of such
a model may follow various Exponentially Damped Sinusoids estimation frameworks
[9, 15, 16, 20, 22]. The above mentioned approach is the foundation for the proposal of
the de-noising algorithm that follows.

4. De-noising of glottal pulses: DCT–GPE algorithm
(Discrete Cosine Transform-Glottal Pulse Estimation)

Based on the previous analysis, the proposed de-noising algorithm consists of the
following steps:

1. From a noisy glottal pulse g(n) = gx(n) + gn(n), where gx(n) is the noise-free
pulse and gn(n) is the noise component, we form its DCT G(k) = DCT(g(n)).

2. From the “noisy” G(k) we estimate the linear prediction coefficients ai of an
initial model of lower order (p ≈ 15). These coefficients form a linear predic-
tion polynomial with roots designated as zi, which may be found using various
schemas for the estimation of parameters of noisy Exponentially Damped Sinu-
soids such as the Matrix Pencil, Kumaresan-Tufts, Modified Higher Order Sta-
tistics method (M.H.O.S.), etc. [18]. Initial estimates of zis may be supported
using band pass filtering around the DCT’s center frequency relating to the glot-
tal pulse’s main excitation location.

3. An estimate of the DCT of the noise-free signal gx(n) may be found as:

Ĝx(k) =




−

p∑

i=1

aiĜx(k − i), k = p + 1, ..., N − 1,

G(k), k = 1, ...p.

(3)

In this way, we estimate Ĝx(k) as a lower order cosine approximation through
an autoregressive model, with initial conditions Ĝx(k) = G(k), k = 1...p con-
sidering that the local SNR in the DCT domain is higher for small k, since Gx(k)
exhibits damping as k increases. The selection of a lower initial order p aims to
the identification of the main excitation of the DCT, where the implied SNR is
higher.

4. An estimate of the noise component’s gn(n) DCT is:

Ĝn(k) = G(k)− Ĝx(k). (4)

5. Using low order (∼5) AR spectral estimation for Ĝn(k), we form the PSD
(Power Spectral Density) of Ĝn(k) as Ĝn(f), and employing amplitude spec-
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tral subtraction we get an estimate of the “de-noised” DCT as:

Ĝdenoised(k) = IFT

[∣∣∣∣|G(f)| −
[
Ĝn(f)

]1/2
∣∣∣∣∠ arg(G(f))

]
. (5)

6. Setting G(k) = Ĝdenoised(k), repeat steps 2–6 with increasing p in each iteration,

until Ĝ2
n(k) converges.

7. Finally, we obtain an estimate of the noise-free glottal pulse using an Inverse
DCT, namely ĝx(n) = IDCT(Ĝx(k)).

5. Application of DCT–GPE on noisy glottal wavelets and comparative assessment

DCT–GPE efficiency is compared to two other major de-noising schemes, namely
Wavelet de-noising and linear low-pass filtering for synthetic noisy glottal pulses.

Synthetic noisy glottal pulses (Fs = 48 kHz) consist of a typical noise-free Lilljen-
crants–Fant’s model glottal pulse (LF model) and additive noise with spectral charac-
teristics as described in [5, 16], for various glottal SNRs. It must be noted that even
very low glottal SNRs may manifest themselves at higher uttered voice SNRs due to the
selectivity of the vocal tract all-pole filter.

The DCT-GPE algorithm is compared to Wavelet de-noising using the “db9”
(Daubechies-9) wavelet at 6-th level and soft thresholding. The Daubechies-9 wavelet
and 6-th level were selected as the best choices after a comparative observation of var-
ious wavelet families and analysis orders. Moreover, the low-pass spectral profile of
typical glottal pulses motivates the use of linear low-pass filtering for the removal of
wide-band glottal noise. The use of optimal low-pass filters with predetermined pa-
rameters (order and cutoff frequency) following an investigation for minimization of
“clean” glottal wavelet’s estimation error is also employed in our comparative study.

Our study also includes the possible effect of various OQ-Open Quotient values,
since the glottal SNR increases for constant rms of the noise component and higher
OQ, thus resulting at different local SNRs around the glottal pulse’s maxima region.
For this reason two different OQ values (40% and 80%) are included in our study.

Table 1 summarizes the findings for the mean rms of de-noising error e(n) =
gx(n)− ĝx(n), over 500 Monte–Carlo runs for each glottal SNR and OQ = 80%.

Table 2 presents the simulations’ findings for OQ = 40%.
As it can be seen, the DCT–GPE algorithm is superior to Wavelet de-noising (up to

∼ 3.5 dB) for decreasing SNR and especially at higher OQ values (as it could be ex-
pected). Moreover, the use of low-pass filtering may offer better results than Wavelet
de-noising for the specified parameter values. Such a finding may be attributed to the
fact that the low-pass filter parameters’ selection approximates an optimal filter’s ef-
ficiency [13], relying to the SNR and PSDs of the noisy signal and noise component,
which however are a priori unknown. It must be once more pointed that the low-pass
filter’s parameters are selected among various combinations using a elpf

rms minimization
criterion.
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Table 1. RMS of de-noising error under DCT–GPE, Wavelet De-noising, and Linear Low-Pass Filtering
for OQ = 80%.

SNR(dB)
[OQ = 80%] eDCT−GPE

rms ewavelet
rms

elpf
rms, filter order,

fc (Hz)
20 log10

eDCT−GPE
rms

ewavelet
rms

20 log10
eDCT−GPE

rms

e
lpf
rms

15 0.0236 0.0227 0.0231, 7, 1100 0.3 0.18

10 0.0335 0.0407 0.0385, 10, 1100 −1.7 −1.2

5 0.0493 0.0740 0.0662, 11, 500 −3.53 −2.56

Table 2. RMS of de-noising error under DCT-GPE, Wavelet De-noising, and Linear Low-Pass Filtering
for OQ = 40%.

SNR(dB)
[OQ = 40%] eDCT−GPE

rms ewavelet
rms

elpf
rms, filter order,

fc (Hz)
20 log10

eDCT−GPE
rms

ewavelet
rms

20 log10
eDCT−GPE

rms

e
lpf
rms

15 0.0143 0.0129 0.0142, 6, 1700 0.89 0.06

10 0.0256 0.0283 0.0297, 12, 500 −0.9 −1.29

5 0.0428 0.0499 0.046, 13, 200 −1.35 −0.62

Figure 4 shows an implementation of the DCT–GPE and Wavelet de-noising al-
gorithms on a typical synthetic glottal pulse extracted from the executed simulations.
The SNR is 10 dB.
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Fig. 4. Noisy glottal pulse de-noising following the proposed DCT–GPE algorithm, Wavelet de-noising,
together with “clean” and “noisy” initial pulses. SNR = 10 dB.
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As it can be observed, both the Wavelet-based de-noising and the DCT–GPE al-
gorithm perform similarly at the region of maximum excitation (∼ 210 samples). The
sharpness of excitation is retained fairly well. However, the DCT–GPE performs much
better at the rest of the glottal pulse showing a remarkably good fit to the original “clean”
signal. Instead, the Wavelet de-noising approach exhibits a moderate ripple, spanning al-
most over the whole pulse duration. The presence of such a ripple may cause substantial
ambiguity for the identification of possible secondary excitation regions during a glottal
cycle, especially in pathological voices. Similar effects characterize the performance of
the examined algorithms for the majority of the Monte–Carlo simulation runs.

After the estimation of the noise-free component, a direct estimation of the noise
component is also possible, together with its spectral characteristics and Signal-to-Noise
Ratio.

6. Conclusions

A new algorithm (Discrete Cosine Transform-Glottal Pulse Estimation) is intro-
duced for the estimation of the noise component of noisy glottal pulses, based on the
use of Discrete Cosine Transform. Exponentially Damped Sinusoids estimation in the
DCT domain is facilitated for the identification of the underlying clean glottal wavelets.
The proposed algorithm offers higher efficiency for the estimation of the noise-free
glottal pulse over two standard de-noising methods that employ Wavelet analysis and
linear low-pass filtering. The method does not require precise parameter tuning, thus
becoming simple-to-use. The estimation of the glottal noise component may offer new
possibilities to the determination of both local and overall glottal SNR, which may be
beneficial for acoustic analysis of laryngeal pathologies. At the moment the method is
employed and tested in a voice processing environment used for analysis of healthy and
pathological voice recordings. Additionally, the method may be used in a variety of ap-
plications that require identification of “peaky” or “spiky” components in time or other
domains. Such a field is that of x-ray crystallography, where the method is currently
being clarified for use.
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