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Abstract

This paper describes a robust glottal source estimation method
based on a joint source-filter separation technique. In
this method, the glottal flow derivative is modelled as the
Liljencrants-Fant (LF) model and the vocal tract is described
as a time-varying ARX model. Since the joint estimation prob-
lem is a multi-parameter nonlinear optimization procedure, we
separate the optimization procedure into two passes. The first
pass initializes the glottal source and vocal tract models pro-
viding robust initial parameters to the following joint optimiza-
tion procedure. The joint estimation determines the accuracy of
model estimation, which is implemented with a trust-region de-
scent optimization algorithm. Experiments with synthetic and
real voices show the proposed method is a robust glottal source
parameter estimation method with a considerable degree of ac-
curacy.

1. Introduction
Glottal source estimation can potentially be used for clinical di-
agnoses, speech analysis, synthesis, coding, front-end process-
ing for speaker verification and identification, etc.. Tradition-
ally, the glottal source is derived using inverse filtering tech-
niques [1, 2, 3, 4]. For many years, a number of methods based
on joint source-filter separation have also received much atten-
tion [5, 6, 7, 8, 9]. In such methods, the glottal source and
vocal tract are modelled and estimated simultaneously under a
joint optimization criterion. Compared with the time-invariant
source-filter model based inverse filtering, it allows us to as-
sume the vocal tract to be non time-invariant, i.e., the source is
independent of the vocal tract [3]. Hence, the glottal source is
able to be modelled by the glottal flow model without formant
ripple, such as the Rosenberg [10] and Liljencrants-Fant (LF)
[11] model, etc., which are all time domain multi-parameter
models with the capacity for describing the glottal flow signal
with sufficient temporal details.

In this paper, we introduce an accurate and robust glottal
source joint estimation method. The LF model is chosen for
glottal source modelling due to its widespread application and
flexibility [7, 9, 12]. The time-varying ARX model is used for
vocal tract modelling. A Kalman filtering [13] process is used
here to adaptively estimate the vocal tract filter coefficients.

The joint estimation is essentially a multi-dimensional non-
linear optimization problem, whose error function is not simply
convex [14]. The optimization procedure can quite possibly get
stuck in local minimizations [12]. An adequate initialization

∗ This work is supported by Enterprise Ireland Research Innovation
Fund 2002/0037.

† The author is now with the Institute of Acoustics, Chinese
Academy of Sciences, P. R. China.

of a given optimization procedure is of major importance if the
global minimum is to be found [9]. The strategy of this paper is
to separate the optimization procedure into two passes. The first
pass initializes the glottal source and vocal tract models. This
initial pass ensures that robust initial parameters are provided to
the following joint optimization. The following joint estimation
concerns the accuracy of model estimation.

We start from presenting the time-varying ARX speech pro-
duction model and the formulation of the joint estimation prob-
lem in Section 2. The initialization for both the glottal flow
derivative and the vocal tract models is described in Section 3,
and the implementation of the joint estimation procedure is de-
scribed in Section 4. Section 5 presents the experimental results
for both synthesis and real speech data, while conclusions are
given in Section 6.

2. Formulation of Joint Estimation Problem
The first step of this algorithm is to determinate the location
of the beginning and end of each pitch period. Among all the
events that characterize the pitch period the Glottal Closure In-
stant (GCI), which coincides with the instant where all formants
are excited simultaneously and leads to a discontinuity in the
glottal flow derivative as shown in Fig. 1, seems the most desir-
able one. We choose the Pitch Tracking Algorithm (PiTA) [2]
as the GCI determination algorithm.

2.1. Time-varying ARX Speech Production Model

In the proposed algorithm, the speech production process is
modelled as a time-varying IIR system as follows [8]

s[n] +

p∑

i=1

ai[n]s[n− i] =

q∑

j=1

bj [n]vg[n− j] + vg[n] (1)

(0 ≤ n ≤ N0 − 1)

where s[n] and vg[n] denote an observed speech signal and
an unknown input glottal flow derivative waveform within one
pitch period, respectively. N0 is the sample length of the pitch
period. ai[n] and bj [n] are time-varying auto-regressive (AR)
and moving average (MA) coefficients of the IIR filter, respec-
tively. p and q are the filter order, i.e. the number of the poles
and zeros of the model, respectively.

The LF model is used to represent the glottal flow deriva-
tive, since it ensures an overall fit to commonly encountered
wave shapes with a minimum number of parameters and is flex-
ible in its ability to match extreme phonation [11]. Assume
the discrete timing parameters, the instant of maximum glot-
tal flow, maximum negative value of glottal flow derivative and
glottal closure, are denoted by Np, Ne and Nc, respectively, the
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Figure 1: (a) Original speech data with GCI marks; (b)
Estimated glottal flow derivative waveform using pitch-
synchronous inverse filtering (the dash line is the best-fitted
Rosenberg model using the method described in Section 3.1)

discrete-time version of LF model is then can be defined as

vLF
g [n] =





Eoe
αn sin(ωgn), 0 ≤ n < Ne

−Ee

εNa
[e−ε(n−Ne) − e−ε(Nc−Ne)], Ne ≤ n < Nc

0, Nc ≤ n ≤ N0 − 1
(2)

Along with the magnitude of the glottal closure excitation Ee,
the LF model may be specified by two independent sets of pa-
rameters: the direct synthesis parameters (E0, α, ωg, ε), and the
timing parameters (Np, Ne, Na, Nc). It has to be pointed out
that, in our method, the starting and ending points of each pitch
period are the GCIs, which is different with those of vLF

g . There
is a timing shift relation between the LF model expression vlfg
and vLF

g , which can be expressed as

vlfg [n] =





vLF
g [n+Ne + 1], 0 ≤ n ≤ N0 −Ne − 2

vLF
g [n− (N0 −Ne − 1)], N0 −Ne − 1 ≤

n ≤ N0 − 1
(3)

2.2. Formulation of Joint Estimation Problem

X[n] = {a1[n], · · · , ap[n], b1[n], · · · , bq[n]}T and H[n] =
{−s[n−1], · · · ,−s[n−p], vlfg [n−1], · · · , vlfg [n−q]}T are de-
fined as the state and measurement vectors of the ARX model,
respectively. To jointly estimate both the glottal source and vo-
cal tract models from s[n], a least-squares criterion is used here,
i.e.,

min
θ

E(θ) = min
θ

1

N0

N0−1∑

n=0

{e[n]}2

= min
θ

‖e[n]‖2 (4)

= min
θ

‖s[n]−H[n]TX[n]− vlfg [n]‖2

Subject to 0 < Np < Ne < Nc ≤ N0. Here
θ denotes the discrete LF model parameter set, i.e., θ =
{Np, Ne, Na, Nc, Ee}T . Once a set of θ is chosen, the vlfg [n]

is determined. Eq. (4) then reduces to

min
X[n]

E(X[n]) = min
X[n]

‖z[n]−H[n]TX[n]‖2 (5)

wherez[n] = s[n]− vlfg [n](0 ≤ n ≤ N0 − 1).
The time-varying state vector X[n] can be uniquely iden-

tified by Kalman filtering (Section 4.1)). Every θ within the
feasible field will give a unique E(θ), thus forming a multi-
dimensional error function of θ. Conclusively, from the view
of optimization theory, Eq. (4) shows an unconstrained general
nonlinear minimization problem subject to bound. Apparently,
there is no closed-form solution for E(θ). Moreover, by ob-
serving Eq. (2) and (4), it’s easy to find out that the error sur-
face of E(θ) is non-convex, which means no efficient iterative
algorithm can be guaranteed to converge to the global optimum
solution [15]. Our strategy to solve this complex nonlinear opti-
mization problem is to firstly construct an approximate problem
that is relatively easier to locate the global solution; the global
solution of this approximate problem is then taken as the initial
starting point of a descent algorithm to finally solve the problem
of Eq. (4). In this way, a robust and accurate solution can be
achieved.

3. Initialization
Instead of accuracy, convergence and robustness are our con-
cerns in the initialization pass. A two-parameter glottal wave-
form fitting procedure is used here for this purpose, which dif-
fers from the joint estimation in two aspects: firstly, to simplify
the problem, the vocal tract is assumed to be an all-pole LTI
system; secondly, the glottal flow derivative waveform is now
generated by a Rosenberg model, instead of the LF model, be-
cause of its simplicity.

3.1. Construction of the Approximate Problem

Under the LTI speech production process assumption, the vocal
tract transfer function is typically modelled as V (z) = 1/(1−∑p

i=1 a
′
iz

−i). The output speech is therefore presented as

s[n] =

p∑

i=1

a′
is[n− i] + v′g[n], 0 ≤ n ≤ N0 − 1 (6)

here the v′g[n] is represented by a Rosenberg model [10], which
is a simple second order polynomial in the open phase and zero
in the closed phase, as shown in Fig. 1,

vRS
g (n) =

{
2cn− 3dn2, 0 ≤ n ≤ OQ ·N0

0, OQ ·N0 < n ≤ N0 − 1
(7)

c =
27 ·AV

4 · (OQ2 ·N0)
(8)

d =
27 ·AV

4 · (OQ3 ·N2
0 )

(9)

We denote the parameter vector θ′ = [OQ,AV ]T . OQ(0 ≤
OQ ≤ 1) is the open quotient of the glottal source, i.e. the ratio
of open time to total period duration and AV is the ratio of the
peak amplitude of the glottal flow to N0. For the same reason as
described in Section 2.1, there is a timing shift relation between
the Rosenberg model expression vrsg and vRS

g , i.e.,

vrsg [n] =





vRS
g [n+OQ ·N0 + 1], 0 ≤ n ≤ N0 −OQ ·N0 − 2

vRS
g [n− (N0 −OQ ·N0 − 1)], N0 −OQ ·N0 − 1

≤ n ≤ N0 − 1
(10)



Following Eq. (4), a similar least-squares error minimiza-
tion problem can be formulated as

min
θ′

E(θ′) =
1

N0

N0−1∑

n=N0−OQ·N0−1

{v̂′g[n]− vrsg [n]}2

where v̂′g[n] is the estimated glottal flow derivative waveform
via the pitch synchronous covariance LP method [3], vrs

g =

{vrsg [0], vrsg [1], · · · , vrsg [N0 − 1]}T . Although the Rosenberg
glottal model is relatively less accurate and flexible than the LF
model, it’s simple mathematical expression ensures the corre-
sponding glottal waveform fitting procedure easily converges to
the global minimum solution. The computation is also reduced.
This is a very important property since the main purpose of the
initialization pass is to provide robust initial parameters to the
following joint optimization.

Considering there is the possibility of error detection of
GCI and the existence of noise and ripples in v̂′g[n], the glottal
fitting procedure is implemented using the Simplex algorithm
[16], which is a direct search method that does not use numer-
ical or analytic gradients. We denote the optimum solution in
this phase as OQ1, AV 1.

3.2. Direct Estimation

The glottal waveform fitting procedure also requires an initial
value to get started. Since the estimated glottal flow derivative
v̂′g[n] often contains ripples, which are the effects of formants
that were not inverse filtered, and a noise component, it is firstly
low-pass filtered to reduce the measurement error. Specifically,
v̂′g[n] is convolved with a Blackman window with the length
of M = 7. The rules used in the direct estimation are basically

followed [17]. Um = max(û′lp
g ): the maximal amplitude of

û′lp
g , Nz: the instant of glottal closure, and No: the onset of

glottal opening are determined. We set the initial values of the
Rosenberg model as OQ0 = (N0 − No)/N0, i.e., the initial
value of open quotient; AV 0 = Um/N0, i.e., initial value of
amplitude. Moreover, we also can obtain the duration of the
return portion as ∆ce = Nz + 1.

3.3. Parameter Conversion from Rosenberg to LF model

Because it is the LF model that is actually used as the glot-
tal source in the joint estimation, we have to convert the ini-
tial Rosenberg model parameter estimates (OQ1, AV 1) into
LF ones (N1

p , N
1
e , N

1
a , N

1
c , Ee1). To avoid the staircase phe-

nomenon of the error function of the joint estimation [12],
we use the ratio of the timing parameters to N0, i.e.,(r1p =
N1

p/N0, r
1
e = N1

e /N0, r
1
a = N1

a/N0, r
1
c = N1

c /N0), as the
input parameters of the error function instead of the discrete-
time ones. The equations are as follows:

r1e = OQ1 (11)

r1p =
2r1e
3

(12)

r1c = r1e +
∆ce

N0
(13)

r1a =
2∆ce

3
(14)

E1
e = −vrsg [N1

e ] = −vrsg [int(r1e ·N0)] (15)

4. Implementation of Joint Estimation
4.1. Identification of ARX model

The state-space model to solve the ARX identification problem
in Eq. (5) is defined as

{
X[n] = X[n− 1]

z[n] = HT [n]X[n] + e[n]
(16)

where Eq. (16) is the state transition equation and Equation 16
is the observation equation, respectively.

For each pitch period, the initial condition of X[n] is set as
X[0] = {â′

0, â
′
1, · · · , â′

p, b̄0, b̄1, · · · , b̄q}T , where b̄j represents
the average of the jth MA coefficient of ARX model over the
previous pitch period.

4.2. Glottal Source Optimization

With the initialization procedure, we already have a good ini-
tial point θ1 = {r1p, r1e , r1a, r1c , E1

e} for the problem of Eq. (4),
then the descent algorithm based on the gradient and Hessian
matrix of the objective function E(θ) can be used to get a more
accurate solution. Moreover, (4) is a nonlinear least-squares
problem. The special structure of the gradient and Hessian ma-
trix can be exploited to achieve more efficient convergence than
in the general unconstrained problem. To implement the de-
scent procedure, we choose the interior trust region algorithm
described in [18] since it generates strictly feasible iterates and
possesses local quadratic convergence properties. It can also
deal with simple bounds as in Eq. (4). In trust region method,
the increment sk = θk+1 − θk is an approximate solution to a
quadratic subproblem with a bound on the step:

min
s∈�5

{Qk(s) = gTk s+
1

2
sTMks : ‖Dks‖ ≤ �k} (17)

where
Mk = Bk + Ck (18)

Ck = Dkdiag(gk)J
v
kDk (19)

Here gk
.
= ∇E(θk), Bk is a symmetric approximation to the

Hessian matrix ∇2E(θk), ∆k is a positive scalar representing
the trust region size, Dk is a scaling matrix that is defined as

D(θ) = diag(|v(θ)|− 1
2 ) (20)

Here v(θ) ∈ �5 is defined as follows: for each component
1 ≤ i ≤ 5, (i) if gi < 0 then vi = θi − 1; (ii) if gi ≥ 0 then
vi = θi. Thus, Jv

k ∈ �5×5 in Eq. (19) is the Jacobian matrix
of |v(θ)| whenever |v(θ)| is differentiable.

5. Experiments and Discussions
5.1. Synthesized Voices

The synthesized voices are generated according to the linear
time-invariant source-filter model and using the LF model as the
glottal flow derivative. We firstly assess the proposed method
with the synthetic vowels /IY/ with 500 different LF timing pa-
rameter configurations that conceptually cover 5 typical voice
types, i.e., modal, vocal fry, breathy, falsetto and harsh, as de-
scribed in [19]. For each type of the generated vowel sam-
ples, we have 100 different LF timing parameter configurations
which form a Gaussian distribution. An average relative differ-
ence δr [9] is calculated as

δr =
1

100

100∑

j=1

|esj − orj |
orj

(21)



Table 1: Estimation Results for Synthesized Typical Voices

Voice tp(%) te(%) ta(%) tc(%) Ee(%)

Modal 09.97 09.56 28.39 10.80 10.33

Vocal fry 17.17 10.80 43.18 15.33 15.70

Breathy 04.68 06.23 11.97 06.99 23.65

Falsetto 05.36 07.36 10.42 04.63 13.15

Harsh 16.85 12.07 11.86 11.74 17.89

where esj and orj are the estimated and original LF timing pa-
rameters values, respectively. The results are shown in Table 1.
From Table 1, a high degree of estimation accuracy is observed
for tp, te, ta and tc, while ta and Ee are slightly worse than the
others. The proposed method is also found to be robust against
additive glottal noise. Different voice type has different noise
levels ranging from 50dB (falsetto) to 10dB (harsh), the esti-
mation results show the proposed method is insensitive to the
different glottal noise levels.

5.2. Real Vowels

For the real speech material, we select the sentence ”We were
away a year ago” with a comfortable pitch and loudness and
produced by a male speaker from the CD-ROM with [19].

Because there are no “correct” LF timing parameters known
for real vowels, as a reference measurement, we use the open
quotient OQEGG based on the electroglottographic (EGG) sig-
nal that is recorded synchronously with the speech signal. The
calculation of the OQEGG follows the Glottal Opening In-
stants (GOIs) and GCIs determination algorithm described in
[3]. Having the GOI and GCI, the OQEGG can be obtained
easily.

The measured average relative difference δr of the parame-
ter tc, which has correspondence with the OQEGG, is 10.47%.

6. Conclusions
A pitch-synchronous glottal source estimation method requir-
ing no closed phase information is described. Within a pitch
period, the parametric glottal source and the vocal tract are es-
timated simultaneously - iteratively and adaptively. By using
Kalman filtering, both the estimated glottal source and vocal
tract are time variant, and more complex vocal tract properties
can be described. The choice of the LF glottal source model also
provides a flexible expression for different source types which
provides the possibility of a wide range of applications. An im-
portant feature of the proposed method is that it separates the
multi-dimensional joint estimation procedure into two passes,
thus the convergence of the optimization algorithm can be guar-
anteed. Both the results for synthesized vowels and real speech
experiments show the proposed method gives a robust and ac-
curate performance for glottal source model estimation.
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