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Abstract
We present here a new method for the simultaneous estimation
of the derivative glottal waveform and the vocal tract filter. The
algorithm is pitch-synchronous and uses overlapping frames of
several glottal cycles to increase the robustness and quality of
the estimation. Two parametric models for the glottal wave-
form are used: the KLGLOTT88 during the convex optimiza-
tion iteration, and the LF model for the final parametrization.
We use a synthetic corpus using real data published in several
studies to evaluate the performance. A second corpus has been
specially recorded for this work, consisting of isolated vowels
uttered with different voice qualities. The algorithm has been
found to perform well with most of the voice qualities present
in the synthetic data-set in terms of glottal waveform matching.
The performance is also good with the real vowel data-set in
terms of resynthesis quality.
Index Terms: speech synthesis, speech analysis, speech pro-
cessing, glottal modeling

1. Introduction
One of the main goals of researchers on voice quality is the au-
tomatic acquisition of reliable voice source measures connected
with the human production system proposed by Fant [1]. Ac-
cording to this model, the speech S(z) is produced when the
waveform glottal source Ug(z) excites the vocal tract V (z),
and is radiated by the lips L(z) (fig. 1 (a)). The model can
be simplified by approximating L(z) as a first-order differ-
entiator, and by modeling the V (z) using an all-pole filter.
Since all the filters are linear, we can reorder them and work
with the derivative glottal volume-velocity waveform instead:
G(z) = Ug(Z) · L(z). Then, the simplified source-filter equa-
tion is (fig. 1 (b)):

S(z) = G(z)V (z) = G(z)
1

A(z)
= G(z)

1

1−PN
k=1 ak z−k

(1)
In recent years there have been several methods aiming at the
automatic estimation of the glottal source and the vocal tract.
Most efforts focus into the independent estimation of the vocal
tract, and then obtain the glottal waveform by inverse filtering
the speech signal [2]. These methods often need to work us-
ing only speech segments corresponding to the glottis closed-
phase, thus resulting in inaccurate estimations since it can of-
ten be very short (or non-existing). Hence, recent research fo-
cuses on the joint estimation of both the voice source and the
vocal tract [3, 4]. The method we propose belongs to this
second category and it is built on the basis of our previous
work [5], based on convex optimization techniques as previ-
ously proposed for singing speech in [6]. The algorithm op-

erates on pitch-synchronous, frame-based basis, using overlap-
ping frames of several glottal cycles to increase the robustness
and quality of the estimation.

The paper is organized as follows. Section 2 presents a brief
review of the source-filter model. The proposed algorithm is
explained in detail in Section 3. The experimental setup and
results are reported in Section 4, and the paper ends with the
conclusions and directions for future work (Section 5).

V (z) S(z)L(z)Ug(z)

(a) Original

V (z) S(z)G(z)

(b) Equivalent

Figure 1: Block diagram of the production model.

2. Source-filter model
In this work, we use two models for the derivative glottal wave-
form G(z): the KLGLOTT88 [7] model, which has a simple
mathematical formulation suitable for the core optimization al-
gorithm, and the Liljencrants-Fant (LF) model [8], a well estab-
lished and more complete model, used for the final parametriza-
tion. Figure 2 shows a glottal cycle of each model.

The KLGLOTT88 waveform gkl consists of a basic
Rosenberg-Klatt waveform grk, followed by a first-order low-
pass filter controlling the smoothness of the glottis closure (i.e.,
spectrum tilt TL(z) = 1

1−μz−1 ):

gkl(n) = grk(n) + μ gkl(n− 1), (2)

grk(n) =

(
b n (2nc − 3n) , 0 ≤ n < Oq T0

0 , Oq T0 ≤ n < T0.

whereOq is the duration of the open phase (%), T0 is the glottal
cycle length, b controls the amplitude, and nc = T0 Oq is the
glottal closure instant.

The LF model is more complex and can be formulated as:

glf (t) =

8<
:

E0e
αt sin(wgt) , 0 ≤ t ≤ te,

− Ee
εta

[e−ε(t−te) − e−ε(tc−te) , te < t ≤ tc,

0 , tc < t ≤ T0,
(3)

where tp is the zero-crossing instant, te the time instant of the
minimum in the derivative, ta is defined as the point where the
tangent to the exponential return phase crosses 0, tc the moment
when the return phase reaches 0 (assumed T0 here [8]) and Ee
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as the absolute value of the minimum of the derivative. ta re-
lates to the abruptness of the glottal closure, by means of the
equivalent parameter Fa = 1/(2πta) [8], the cut-off frequency
at which −6dB/octave are added to the source spectrum. The
remaining parameters are computed derived from these [8]. In
this work we use the normalized parameters: Ra = ta/T0,
Rk = te/tp − 1 and R0 = te · T0.

Normalized pitch period (F0=172 Hz)
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Figure 2: Sample pitch cycle of KLGLOTT88 and LF models

3. Proposed algorithm
3.1. Glottal epochs location

The algorithm needs to be provided with an estimation of the
glottal opening (GOI) and closure (GCI) instants. We obtain an
initial estimation for the GOIs/GCIs from the laryngograph sig-
nal [5], which are optimized (first the GCIs and then the GOIs)
by searching for the candidate around the initial estimates giv-
ing minimum error from the convex algorithm explained in next
subsection (Sec. 3.2, Eq. 5). In Fig. 3 we see that the error sur-
face has only one minimum at the optimal GOI point. It follows
that if we obtain the GCIs from the speech signal using e.g., the
DYPSA algorithm [9]), the GOIs can then be estimated without
need of laryngograph signal by searching over a standard range
for the open quotient (OQ) [0.4− 0.85].
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(b) GOI optimization

Figure 3: Normalized distortion [0,1] for a local search around
original (lag 0) (a) GCI, and (b) GOI.

3.2. Source-filter decomposition using convex optimization

From eq. 1, we see that given a set ofN+1 filter coefficients (N
for the vocal tract, and 1 for μ), the speech signal s(n) can be
inverse-filtered to obtain an approximation of the glottal wave-
form:

gif (n) = s(n)−
N+1X
k=1

âks(n− k). (4)

As we model it using the KLGLOTT88 model, we want to
obtain the parameters that minimize the parametrization error
e(n) = grk(n)− gif (n) for each cycle in the analysis frame:

e(n) =

8>>>>>>>>>>><
>>>>>>>>>>>:

b1 C1(n) +
PN+1

k=1 âks(n− k)− s(n) OP1PN+1
k=1 âks(n− k)− s(n) CP1

b2 C2(n) +
PN+1

k=1 âks(n− k)− s(n) OP2PN+1
k=1 âks(n− k)− s(n) CP2

...
...

bM Cm(n) +
PN+1

k=1 âks(n− k)− s(n) OPMPN+1
k=1 âks(n− k)− s(n) CPM

(5)
where we have simplified the notation usingCi(n) = n(2nci−
3n), and OPi and CPi are the open and closed phases for glot-
tal cycle i inside the analysis frame. M is the number of cy-
cles in the analysis frame. Since the error is linear w.r.t. our
unknown variables, we can rewrite eq. 5 in matrix form, as
e = Fx − y, where x = [b1 b2 · · · bM â1 · · · âN+1]

T is the
vector of variables to be estimated, y = [s(1) . . . s(P )]T con-
tains the speech samples of the analysis frame, and F is:

F =

0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBB@

C1(1) 0 · · · 0 s(0) · · · s(−N)
...

...
. . .

... s(1) s(−N + 1)

C1(nc1) 0 · · · 0
...

...
...

...
. . .

...
...

...

0 0 · · · 0
...

...
...

...
...

...
...

0 0 · · · Ck(1)
...

...
...

...
. . .

...
...

...

0 0 · · · Ck(nck)
...

...
...

...
. . .

... s(P − 2) s(P −N − 2)
0 0 · · · 0 s(P − 1) · · · s(P −N − 1)

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCA

where nck is the GCI of the kth cycle inside the analysis frame
of length P . The convex optimization using these new matrices
is exactly as in our previous work [5]. The L2 norm of the
error between gif and gkl (Eq. 5) is chosen as the minimization
objective. Since the problem is convex, we obtain an optimal
set of N + 1 filter coefficients and grk parameters. To build
gkl, the largest real root of the estimated filter can be assigned
to μ, and the remaining N to the vocal tract V (z). To improve
the robustness of the estimation, we will estimate μ with a order
1 LPC analysis of the pre-emphasized speech frame [10]. The
convex estimation uses only N coefficients and works over the
untilted (effect of μ removed) speech frame.

3.3. LF parametrization

The last step is to parametrize gif using the LF model. We esti-
mate the LF parameters te, ta, tp and Ee for each pitch period
(to and tc are initially set to 0 and T0 = 1/F0 and are not mod-
ified). First we obtain an initial estimate, and then we use a
Sequential Quadratic (SQ) algorithm [5] to refine the initial LF
values.

The initialization step is crucial to obtain good estimates.
Instead of relying on traditional direct estimation methods
prone to errors due to noise [5, 11], we map gkl onto the LF
space: tp is set to the zero-crossing point of gkl, te = nc, and
Ee = −gkl(nc). An elegant and efficient initial estimate for ta
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is to set Fa to the cut-off frequency Fc of the KLGLOTT88 tilt
filter TL(z), and then compute ta = 1/(2πFa) [8].

Once we have this initial estimation, the LF parameters
need to be optimized. We have found that it is not necessary
to further optimize te. We perform a simultaneous optimiza-
tion of ta, tp and Ee using a SQ algorithm, and then Ee is
reoptimized using a Golden Search method. This improves the
robustness and the convergence of the algorithm. The function
error is again the L2 norm between gif and glf . Convolution
with a length 7 Blackman window is used to low-pass filter the
pulses and reduce the noise before error computation [11].

4. Results
To validate the proposed algorithm, we have created a two dif-
ferent test corpus. The first one is a synthetic corpus using re-
alistic LF data (Table 1). Each configuration is used to create
reference glottal source signals by concatenating the same pulse
30 times. We add white Gaussian noise at several SNR levels
(from 5dB to 20dB, in 5dB increments), amplitude-modulated
using a Hanning window placed at the GCIs (this is motivated
by turbulence noise theory [6]). These source signals are then
filtered with a vocal tract filter constructed using 6 formants (12
coefficients) extracted from a vowel /o/ uttered in isolation.

Ra Rk R0 F0 Ra Rk R0 F0

1 4.1 37.1 51 170 21 10.0 44.8 84 200
2 7.6 35.7 81 170 22 2.0 37.7 54 126
3 1.3 47.9 59 132 23 5.0 51.7 71 246
4 3.5 42.9 81 144 24 2.6 42.5 61 102
5 13.1 27.6 65 281 25 5.1 41.9 76 190
6 11.7 29.0 85 340 26 1.5 45.0 56 131
7 0.3 30.0 52 110 27 4.2 48.0 71 250
8 0.6 50.0 69 110 28 9.9 32.1 87 288
9 2.0 51.0 82 110 29 3.0 48.7 65 360
10 1.1 25.0 41 110 30 2.7 40.7 69 129
11 1.8 37.0 54 110 31 10.5 57.1 81 249
12 3.5 43.0 65 110 32 1.9 45.0 57 127
13 2.1 30.6 64 106 33 3.7 51.2 68 258
14 2.5 34.0 71 127 34 1.6 37.7 49 132
15 1.5 33.3 68 154 35 1.9 52.2 64 257
16 0.8 28.6 63 84 36 4.6 51.0 65 131
17 0.5 25.0 25 45 37 8.1 48.3 79 254
18 13.3 35.1 77 344 38 1.3 39.5 41 128
19 4.3 43.6 89 213 39 3.2 49.9 71 261
20 6.8 41.7 68 137

Table 1: LF parameters and associated voice qualities used for
the synthetic data set: 1–6 are obtained from our own research,
7–12 are taken from [14], 12–21 from [10] and 22–39 from [15]
(R parameters in % and F0 in Hz.)

The second corpus consists of a small data set was recorded
for these experiments, consisting of the 5 different Spanish
vowels (/a/, /e/, /i/, /o/, /u/) uttered in isolation by a female
professional speaker, with different voice phonations: nor-
mal (modal), with a lower F0 (low), and with increased F0

(high). Each utterance was roughly 2–3 seconds long and was
recorded using a high-quality microphone in a professional stu-
dio. The signals were digitalized at a sampling rate of 96kHz,
in raw PCM, 24 bits/sample, and then converted to 16kHz, 16
bits/sample. Care was taken not to introduce any distortion, spe-
cially in the low-frequency range, due to its extreme importance
when retrieving the true glottal waveform.

We use the averaged perceptual error (APE) [5] to evaluate
the quality of the LF estimations: PE = |P̂ − P |/P , where P̂
is the estimated valueLF parameter and P is the reference pa-

rameter used to generate the utterance. The table below shows
the mean of the individual APE (standard deviation in parenthe-
sis), for each LF parameter at different SNR levels used in the
generation of the test data:

05dB 10dB 15dB 20dB clean
Ra 0.79 (0.61) 0.55 (0.48) 0.39 (0.48) 0.34 (0.42) 0.35 (0.51)
Rk 0.19 (0.19) 0.13 (0.14) 0.09 (0.09) 0.08 (0.08) 0.07 (0.09)
R0 0.05 (0.07) 0.04 (0.05) 0.03 (0.04) 0.03 (0.05) 0.03 (0.04)
F0 0.04 (0.04) 0.03 (0.03) 0.02 (0.02) 0.02 (0.03) 0.01 (0.02)
Ee 0.92 (0.02) 0.92 (0.02) 0.91 (0.02) 0.92 (0.02) 0.94 (0.02)

As we can see, the estimations ofRk,R0 and F0 are quite good,
and in general the accuracy improves when the level of addi-
tional noise at the input diminishes. We need to take a closer
look into estimation of the amplitude of glf , Ee, since it is be-
ing consistently underestimated, although this has no effect in
the resulting synthetic speech (the vocal tract compensates to
produce the same output level. The higher APE in Rk (asym-
metry coefficient,i.e., ratio of the opening phase to the closing
phase of the glottis) with respect to R0, can be explained by
the fact that it is fixed in grk (2/3). According to our regres-
sion data, when Rk falls outside of the [35 50] range, gkl can-
not properly approximate glf , but this has only shown to be a
problem in very few cases, since the algorithm has proved ro-
bust enough to recover the proper glottal waveform nonetheless.
The results for Ra for lower SNR values are somewhat disap-
pointing, noticeably improving as the SNR increases. This can
be explained by the different ways in which the two parametric
glottal models implement the smoothness of the return phase,
since the KLGLOTT88 model is quite simple in comparison to
the LF model. For this reason, we will estimate μ with a order
1 LPC analysis of the pre-emphasized speech frame [10].
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Figure 4: Estimated R parameters, Ee amplitude (left axis) and
fundamental frequency F0 in HZ (right axis) for the vowel /e/
in modal phonation.

It is well known that evaluating a glottal extraction algo-
rithm in a real world scenario is difficult, due to the lack of
reference [12]. One possible way is to compute the averaged
SNR (dB) between gkl and gif , since this gives an idea of how
well it approximates a idealized glottal waveform. We also use
the Group Delay (GD) function of the glottal waveform, since
it has been shown to perform well [13]. We chose to minimize
the variance of the GD, as ideally it should be close to zero if
all the formants have been removed in the inverse-filtering pro-
cess. In order to select the optimal filter order for the vocal
tract, the algorithm (without LF parametrization) was run using
several filter orders (from N = 8 until N = 24, even orders
only). We found that when the filter order increased, the SNR
between the estimated and the parametrized glottal waveforms
also increased (Fig. 5, bottom part), and seemed to stabilize
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from 16 onwards. Visual inspection of the resulting waveforms
showed that orders higher than 18 produced sub-optimal glottal
waveforms, since the return phase (defined by TL(z)) was be-
ing over-estimated. This resulted in non-existing closed phases,
which should not happen for modal voices. By observing the
box-plots for the variance of the GD, we then found that the op-
timal filter order was 16. The length of the OLA window was
set to 5, with independent amplitudes for each cycle, after ob-
serving that this resulted in a higher continuity of the estimated
glottal parameters. Figure 4 shows an example of the smooth
evolution of the estimated LF parameters for the vowel /e/ in
modal phonation, as expected since it was being sustained. The
table below presents the SNR results (between gif a glf ) for
the real data set, using the optimal filter order and OLA lengths
determined before.:

modal high low
/a/ 9.36 (0.81) 12.51 (2.97) 10.14 (0.74)
/e/ 10.57 (0.71) 13.58 (0.95) 9.15 (0.76)
/i/ 10.98 (1.06) 9.18 (1.62) 6.52 (0.79)
/o/ 9.49 (0.58) 11.72 (2.02) 10.87 (1.12)
/u/ 9.72 (0.87) 11.31 (1.89) 10.04 (1.15)

As we can see, the algorithm performs well in all the cases,
even with higher values of F0 (around 350Hz). This is an ad-
vantage of our method over traditional closed-phase inverse-
filtering methods, since these often degrade due to the small
amount of speech samples. An initial, informal evaluation of
the resynthesis capabilities of the model was carried out as part
of this work. We found that the quality of the synthetic speech
was already quite good, considering that we are not yet using
the parametrization error to model the aspiration noise. We are
currently working on the extraction and parametrization of the
aspiration noise in order to increase the naturalness of the syn-
thetic speech.
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Figure 5: Variance of the Group Delay (top) and SNR between
gif and gkl (bottom) for various filter orders.

5. Conclusions
We have presented here a new method for the simultaneous esti-
mation of the derivative glottal waveform and the vocal tract fil-
ter. The algorithm operates on pitch-synchronous, frame-based
basis, using overlapping frames of several glottal cycles to in-
crease the robustness and quality of the estimation. The estima-
tion is done by means of a convex optimization algorithm. The
glottal opening (GOI) and closure (GCI) points are optimized
as part of the main algorithm. The initialization of the final LF

parametrization now uses the mapped KLGLOTT88 parameters
as starting point. A test corpus has been designed using real data
obtained in different studies, with amplitude-modulated, white
Gaussian noise added at different SNR levels simulating aspi-
ration noise. A second corpus has been specially recorded for
this work, consisting of isolated vowels uttered with different
voice qualities. The algorithm has been found to perform well
with most of the voice qualities present in the synthetic data set,
at the different SNR levels. The performance is also good with
the real vowel data set in terms of resynthesis quality, although
a more detailed analysis is needed here. We are currently study-
ing the parametrization of the glottal estimation error, necessary
to perform speech prosody modification using this source-filter
paradigm as needed in voice conversion.
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