
Dept. for Speech, Music and Hearing

Quarterly Progress and
Status Report

A flow waveform adaptive
mechanical glottal model

Drioli, C.

journal: TMH-QPSR
volume: 43
number: 1
year: 2002
pages: 069-079

http://www.speech.kth.se/qpsr

http://www.speech.kth.se
http://www.speech.kth.se/qpsr




TMH-QPSR, KTH, Vol. 43/2002

A flow waveform adaptive mechanical
glottal model
Carlo Drioli1,2

1. Department of Speech Music and Hearing, KTH,
Drottning Kristinasv. 31, 10044, Stockholm, Sweden

2. Department of Information Engineering, University of Padova,
35131, Padova, Italy

Abstract

A waveform adaptive physical model of the glottal source is proposed. The model
relies on a lumped mechano aerodynamic schema loosely inspired to the one-
and two-mass lumped models. The vocal folds are represented by a single me-
chanical resonator and a propagation line which takes into account the vertical
phase differences. The vocal folds displacement is coupled to the glottal flow
by means of an aerodynamic driving block which includes a general parametric
nonlinear component. The principal characteristics of the flow-induced oscilla-
tions are retained, and the overall model is able to adapt to glottal flow signals
with different characteristics.

Introduction

Numerical models of the voice source pro-
duction based on the physiology of the vo-
cal folds have been proposed since 1968. The
first attempts to simulate the flow-induced os-
cillations of the vocal folds were based on
a lumped-element model made of a single
spring-mass oscillator driven by airflow from
the lungs (Flanagan and Landgraf, 1968).
An essential improvement to the one-mass
model was proposed by Ishizaka and Flana-
gan (1972), with their two-mass model. In
brief, in the IF model each of the vocal folds
is represented by two damped mass-spring
systems coupled to each other. In addition, a
non-linear interaction with the airflow is de-
rived from aerodynamic equations describing
the pressure drops from lungs to vocal tract.
A wide range of variations and improve-
ments have been proposed since the introduc-
tion of the original one- and two-mass mo-
dels (Ishizaka and Flanagan, 1977; Koizumi
et al., 1987; Titze, 1988; Liljencrants, 1991).
Koizumi et al. (1987) has described several
variations of the two-mass model devised
mainly to provide a better simulation of the
mucosal surface wave and vertical phasing.
Some of the improvements included were
horizontal as well as vertical displacement
of masses and time-varying masses dimen-
sions. A more accurate simulation of mu-

cosal surface wave was targeted by Liljen-
crants (1991) as well, by allowing one mass
to rotate around its center of gravity, driven
by the pressure gradient in the flow direction.
Other authors experimented with lumped mo-
dels made of a larger number of masses in the
attempt of increasing the naturalness and ac-
curacy of the model (Titze, 1973).

Despite of the efforts made to refine the mod-
elling of phonatory physiology, the IF model,
and in general multi-mass lumped models,
contain gross errors in the mechanical, acous-
tical and fluid dynamic description. As a mat-
ter of fact, the many simplifications are of-
ten compensated by tuning the parameters in
order to produce the desired behavior (Lous
et al., 1998).

The present paper addresses the modelling of
glottal flow waveforms by means of a numer-
ical model loosely inspired to the myoelastic-
aerodynamic theory and the lumped mass-
spring paradigm. The principal difference
with respect to the original one- and multi-
mass models is the oversimplification of the
mechanical resonator and the inclusion of a
generic nonlinear component in the mechano
aerodynamic loop. The design of this compo-
nent relies on an identification scheme which
allows to fit a target flow waveform. The
principal characteristics of a flow-induced os-
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cillation are maintained. As a result, the nec-
essary stability and transitory behavior can
be achieved, while the generic nonlinear term
provides for the adaptation to the fine cues of
the target flow.

The paper is organized as follows. Section
introduces the model. The features of the

simple one-mass model are reviewed in Sec-
tion . Section introduces the support for
the data-driven modelling approach and dis-
cusses the parametric identification issues.
Section discusses the synthesis of flow sig-
nals with the trained model. In Section , the
control of the model is discussed, and in , the
conclusions are presented.

The one-mass model based on a
nonlinear identification scheme

The choice of the glottis model structure is
inspired by the numerous multi-mass models
and by the body-cover wave model by Titze
(1988). Based on physiological observations,
Hirano first suggested in 1974 that the vocal
folds can be divided into two tissue layer with
different mechanical properties: a body layer,
made of muscle fibers and ligament fibers,
and a cover layer, made of a pliable tissue
(the epithelium and the superficial layer) that
acts as a sheath around the body layer. Due to
its loose connection to the other tissue layers,
the cover motion is relatively independent of
the body layer. On the basis of these ob-
servations, the body-cover model perspective
looks at the vocal fold motion as a surface
wave that propagates along the body-cover
from the bottom of the glottis to the top. In
Fig. 1, we reproduced a simplified version of
the body-cover model, where a single mass-
spring system is provided at the entrance of
the glottis, and a transmission line is respon-
sible for the phase delay between the entrance
and the exit of the glottis. A similar one-
delayed-mass model has been previously ex-
plored by Avanzini et al. (2001). It showed
to retain the principal characteristics of flow
induced oscillation, despite its simplicity and
computational efficiency.

The mechanical system is described by the
mass-spring oscillator equation

mẍ1 + rẋ1 + kx1 = Fm, (1)

where x1 is the lateral displacement of the vo-
cal fold at the entrance of the glottis, m, r,

propagation line

L
x2

T

Pm

mk, r

Pl

x1

Pi

Figure 1: The one-mass model of the vocal folds.

and k are respectively the mass, damping fac-
tor, and stiffness of the resonant system, and
Fm is the force that drives the folds. When
the motion of vocal folds is viewed in terms
of mucosal waves propagating along the glot-
tis in the direction of the flow, these waves
can be described by a one dimensional wave
equation of the form ∂2x/∂t2 = c2f∂

2x/∂z2,
where z is the distance from the entrance
point of the glottis along the vertical axis, and
cf is the wave velocity on the fold surface
(we will assume here a surface-wave veloc-
ity of 1 m/s). Using the Taylor series for-
mula to expand its general D’Alambert so-
lution, we have x(z, t) = x1(t − z/cf ) =
x1(t)− zẋ1(t)/cf , where x1(t) = x(0, t) and
ẋ1(t) = ẋ(0, t) are the displacement and ve-
locity of the folds at entrance of the glottis.
If T is the thickness of the folds, the dis-
placement at the exit of the glottis can be ex-
pressed as x2(t) = x(T, t) = x1(t)−T ẋ1/cf .
As usual, a constant x0(z), denoting the dis-
placement of the folds at rest, is added to the
time-varying displacement x(z, t). The area
along the z-axis of the glottis can then be ex-
pressed as a(z, t) = 2L(x0(z) + x(z, t)) =
2L(x0(z) + x1(t) − zẋ1(z, t)/cf ), where L
is the length of the glottis. Furthermore, the
areas at entry and exit of the glottis can be
respectively defined as

a1(t) = 2L(x01 + x1(t)) (2a)
a2(t) = 2L(x02 + x1(t)− τ ẋ1(t))(2b)

where x01 and x02 are the rest positions of
masses at entrance and exit of the glottis, and
τ = T/cf is the time taken by the wave to
propagate from the entrance to the upper end
of the glottis. In the following, we will as-
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sume x01 = x02 = x0.

In multi-mass models, the driving force act-
ing on each mass is computed from the local
pressure, the pressure profile being nonlinear
within the glottis. However, this is some-
times simplified, and a mean glottal pres-
sure is used to represent the net driving pres-
sure for the entire vocal tissue (Titze, 1988),
or even the assumption that fluid mechanical
forces are exerted only on the first mass is
made (Pelorson et al., 1994). This is simi-
lar to assume that the other masses are driven
uniquely by the displacement of the first one.
We assume here that a driving force Pm is ex-
erted only on the first vocal fold portion at the
entrance of the glottis, and is related to the
lung pressure Pl by a Bernoulli’s relation:

Pm = fP (Ug, Pl, x1) = Pl − 1

2
ρ
U2

g

a21
. (3)

where ρ is the density of air.

The driving force, assuming a fixed surface
Sm over which the pressure is exerted, is

Fm = Pm · Sm. (4)

We finally assume the flow to be one-
dimensional, incompressible, and quasi-
stationary, which leads to the assumption that
the flow is independent of the vertical po-
sition within the glottis. There is a wide
number of possible choices to write simpli-
fied formulas for the flow, given the driving
lung pressure and the description of the glot-
tis area. We take here a different approach,
and we rely on this term to compensate for
all the simplification made up to now. We
use a parametric nonlinear function to relate
the displacement of the folds to the airflow
through the glottis. With respect to the mod-
elling assumption, this relation can be written
as

Ug = F(Pl, x1, x2;w0, w1, . . . , wM), (5)

where w0, w1, . . . , wM are some parameters
to be identified to fit the target flow. We will
return to the parametric form of the function
F in a following section.

Oscillatory properties of the simple one-
mass model: preliminaries

Before getting into the details of data-driven
flow model, we want to explore the proper-
ties of the low-dimensional one-mass schema

proposed. To this aim we make a simple
choice for the function F , i.e., we select a
simple model for the flow. A convenient way
is to refer to the stationary Bernoulli equa-
tion:

Pl − Pi =
1

2
ρ
U2

g

a2
(6)

where Pl is the lung pressure, Pi is the vo-
cal tract input pressure, Ug and a are respec-
tively the flow and the area of the glottis. In
most part of the physical models in the lit-
erature, this simple formula is refined with
several other terms accounting for additional
pressure losses, the principal ones being due
to the inertance of air, viscosity effects within
the glottis, and pressure recovery at the glot-
tis outlet (Pelorson et al., 1994). Eq. (6) can
be specified for the case where no vocal tract
is coupled to the glottis, i.e. when Pi = 0,
and the glottal area is modelled as the min-
imum cross-sectional area between the areas
at lower and the upper vocal fold edge, i.e.,
a = min{a1, a2}. The flow can hence be
computed as:

Ug =

√
2Pl

ρ
min{a1, a2} (7)

Combining this equation with Eqs. (1) and
(3), we have the following equation of motion

mẍ+ rẋ+ kx = Sm(Pl − Pl
min2{a1, a2}

a21
),

(8)
leading to

mẍ+ rẋ+ kx ={
0 , if a1 ≤ a2

Sm · Pl(1− a2
2

a2
1
) , if a1 > a2

(9)

We note that the driving pressure is a func-
tion of glottal geometry, and is smaller during
closing glottis (a1 ≤ a2) than during open-
ing glottis (a1 > a2). This supply the neces-
sary asymmetry in the driving force. A simi-
lar description of the driving force is found in
Stevens (1998) and in Titze (1988).

A discrete-time version of the system de-
scribed by the above equations is proposed
in Fig 4. The mass and spring system was
discretized using a series expansion approach
(Liljencrants, 1991). The surface-wave prop-
agation on the vocal fold was approximated
with a variable-length delay line, providing
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Parameter Value

m 0.00017 kg
r 0.023 N · s · m−1

L 0.014 m
ρ 1.15 kg · m−3

k 34 N · m−1

Pl 300 − 3000 N · m−2

T 0.2 − 4 mm
x0 0.005 − 0.1 mm

Table 1: Parameter values used in the numerical simulation
of the glottis model

a spatial resolution ∆l = cf/Fs, for a given
sampling frequency Fs. Therefore, if t is the
length of the delay line, the vocal fold thick-
ness is T = t∆l. An offset x0 is added to
the output of the resonant filter, providing the
rest position of the mass. The effective mass
position x1 is computed as

x1 = fX(x, x0) =

{
x+ x1, if x > −x0

0, otherwise
(10)

The same limiting condition is imposed to x2.
The simulation of the model with the param-
eters given in Table 1, produced the results
shown in Figs. 2 and 3.

The flow waveform reproduced is obviously
a rough approximation of a real flow wave-
form, due to the drastic simplifications. The
absence of skewness of the flow with respect
to the area function, due to the absence of
air inertia and to the simple flow model as-
sumed, is evident. Nonetheless, the sim-
ple one-mass model sketched here seems to
be provided with the minimal requirements
to qualitatively reproduce the flow-induced
nonlinear oscillation observed in speech pro-
duction. It is remarkable that the spike in the
driving force is clearly greater for positive ẋ1

than for negative ẋ1 allowing for the onset
and sustain of oscillation even in the absence
of vocal tract coupling.

Adaptation of the one-mass model to
inverse-filtered glottal flow waveforms

In this section, the simple one-mass model
introduced in the previous section is im-
proved with the necessary extensions to per-
form data-driven flow waveform modelling.
The structural extension consists in the def-
inition of a more general flow model, i.e.,
a parametric map F is used in place of Eq.
7. Given a target flow waveform obtained

z−t

z−1

fP (Ug, Pl, x1)

F(Pl, x1, x2)

fX(x, x0)

Hres

x0

x2(n)

Pm(n)

Pl(n)

Ug(n)

x1(n)

x(n)

Pm(n− 1)

x1(n)

x1(n)

Figure 4: Block diagram of the discrete-time physically
constrained glottis model. Ug is the target glottal flow, Pl

and Pm denote respectively lung pressure and folds driving
pressure, x1 and x2 denote the displacements of respectively
the lower and upper edge of the vocal fold

by standard inverse-filtering procedures, the
parameters of (part of the) model are first
adapted in a way that the area function pro-
vided by the fold displacement is coherent
with the target flow waveform. Then, the
parametric model of the flow is designed to
transform the area underlying the flow onto
the actual flow waveform. An overview of the
parametric identification process is sketched
in the following schema:

1 Given the flow signal, a feasible lung pres-
sure signal Pl(n) is derived.

2 Considered the target flow and lung pres-
sure as driving signals, the displace-
ment of the fold edges are computed
by running part of the model, i.e., the
Bernoulli’s term fP and the mass-spring
model Hres.

3 Given the lung pressure and the displace-
ment of the fold edges as input, and the
desired flow as output, the set of parame-
ters {w0, w1, . . . , wM} of the flow model
F(Pl, x1, x2;w0, . . . , wM) is identified.

4 Once trained, the system is run with ar-
bitrary control input (within the training
range), and the stability of the oscilla-
tions is verified.

Items 1 to 3 are referred to as the analysis, or
identification, step. Item 4 is referred to as
the synthesis step.

Derivation of lung pressure The lung pres-
sure is derived from the flow as its magnitude
envelope, and normalized to some value fea-
sible for a lung pressure (normally, on the or-
der of 300 to 3000 Pa). The flow waveform
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Figure 2: Simulation of the elementary one-mass model. Upper plot: Ug , middle plot: x1 and x2 (dashed), lower plot: Pl

(dot-dashed) and Pm. The following parameter values were used: Pl,max = 1000 Pa, x0 = 0.05 mm, T = 1.8 mm (t = 20
samples), Sm = 4.2 · 10−5 m2, at a sample rate Fs = 11000 Hz.
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Figure 3: Computed Ug and U̇g (an offset is added to U̇g for visualization purposes). Left plot: same as Figure 2 (detail).
Center plot: Pl,max = 1000 Pa, T = 0.18 mm (t = 2 samples), x0 = 0.05 mm. Right plot: Pl,max = 2000 Pa, T = 3.6 mm
(t = 40 samples), x0 = 0.05 mm

is normalized as well, so that the order of
magnitude is within a physically acceptable
range (10−4 to 10−3 m3/s). With these as-
sumptions, we can rely on the values used in
Section for the remaining parameters of the
model, to have a first guess on their order of
magnitude. Although this procedure provides
us with a rather arbitrary lung pressure signal,
the result fits our need.

Derivation of the fold driving pressure and
area function The principal concern in the
derivation of the driving input to the vocal
folds is to reproduce the asymmetry with re-
spect to the adducting and abducting phases.
As we have already remarked, the depen-
dence of the driving force on the derivative
of the displacement of the vocal tissue is cru-
cial for oscillation. Given the glottal flow
Ūg, a rough estimate of the aerodynamic driv-
ing forces can be constructed relying on the
formulation of the driving force due to the
Bernoulli’s law of kinetic pressure (Eqs. 3-4).

Upon normalization of the lung pressure and
flow to values corresponding to the ranges
found in the simulations in Section , the val-
ues in Table 1 can be used as a reference for
the physical constants involved. This yields
Pm(n) = fP (Ug(n), Pl(n), x1(n)) = Pl(n)−
KbUg(n)2/x2

1(n), where Kb = ρ/(8L2) ≈
733, and Fm(n) = Pm(n) · Sm, where Sm =
4.2 · 10−5. Given the time series Pl(n) and
Ug(n), to compute Pm(n) we still need to es-
timate the corresponding fold displacement
x1(n). Hence, we need to operate the simu-
lation of part of the system (referring to the
block diagram in Fig. 4, the parts involved
are fP , fX , and the resonator Hres). An in-
teractive procedure is required here, to tune
the linear resonator parameters with respect
to the characteristics of the target flow. Let
say that we have an estimate of the pitch F0

of the target flow. The coefficients of the filter
Hres are first set in order to set the resonance
frequency equal to the pitch. From experi-
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Figure 5: Tuning of the parameters of the mechanical resonator. The subject uttered a sustained vowel with a pressed voice.
The pitch of the flow is F0 = 209 Hz. First plot: the target flow and the ad-hoc lung pressure (normalized with respect to the
flow). Second plot: the lung pressure and the driving pressure. Third plot: fold edges displacements. Fourth plot: comparison
of the glottis area with the target flow. Bottom plot: flow derivative. The target signal and the waveform resulting from the
identification step (see next section) are superimposed.)

ments with the elementary one-mass model,
we also know that the Q-factor of the filter
is within 5 and 8, and that the gain of the
filter must assume an order of magnitude of
5 · 10−5. Then, the rest position x0, the delay
line length t, the resonance frequency, and Q
factor, are iteratively adjusted until the func-
tion xmin(n) = min{x1(n), x2(n)} (which is
a rough estimate of the glottis area) overlaps
maximally with the target flow. Figs. 5 and 6
show the result of the iterative tuning for two
different voice sources. The resonant filter
parameters are tuned to match the frequency
of oscillation, while the rest position x0 and
the vocal cord length t are tuned to match the
closed phase length and time position, so that
the synchronization with the underlying flow
signal is correct. It can be seen that the driv-
ing force computed from the target flow via
the Bernoulli’s law has the desired qualita-
tive behavior: the driving air pressure Pm is
in phase with the velocity of the folds, and
the negative peak displacement comes during
the closure of the glottis. This allows to real-
ize a positive flow of energy from the airflow
to the mechanical system during a flow pe-
riod. The flow and glottal area are sometimes
plotted one against the other, leading to the
phase-space representation in Fig. 7.

The flow model: parametric identification
So far we have computed the driving force
and mass displacement from the airflow and
subglottal pressure. To complete the loop, we
need a law for the computation of the airflow
from the mass displacement and the subglot-
tal pressure. The formula for the flow is now
expanded as a regressor-based functional of
the form

Ug(n) = (11)

w0 +
M∑
i=1

wiψi(Pl, x1, x2, Ug(n− 1))

where thewi are weights to be identified, and
ψi(Pl(n−1), x1(n−1), x2(n−1), Ug(n−1))
are the regressors of the input data. The re-
gressors are functions that combine the in-
puts in an opportune way. Note that the in-
puts considered here are the lung pressure
and fold edges displacement (as suggested
by the elementary one-mass model), as well
as a past version of the output. This term
is motivated by the need of a memory term
to take into account for the air inertia. The
choice of the regressors can be made in sev-
eral ways. Local models, such as gaussian
functions or any other radial basis function,
are often used. This approach leads to a
model called Radial Basis Function Network
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Figure 6: Tuning of the mechanical resonator. The subject uttered a sustained vowel with a normal voice. The pitch of the flow
is F0 = 372 Hz

(RBFN) (Chen et al., 1991), used in the field
of time series analysis and modelling. The
use of a polynomial expansion of the input
leads to a class of NARMAX models (Chen
and Billings, 1989), known in the fields of
system identification and control. Alterna-
tively, the regressors can be derived on the
basis of physical considerations. We follow
here this last approach, and (partly) derive the
definition of the regressors set from the sim-
plified relation between the lung pressure Pl,
the average glottal volume velocity Ug and
the cross-sectional area of the glottis in the
single-mass glottis model (Eq. 7):

ψ1(Pl, x1, x2) = x1

ψ2(Pl, x1, x2) = x2

ψ3(Pl, x1, x2) =
√
Pl · x1

ψ4(Pl, x1, x2) =
√
Pl · x2

ψ5(Pl, x1, x2) = min{x1, x2}
ψ6(Pl, x1, x2) =

√
Pl ·min{x1, x2}

ψ7(Pl, x1, x2, Ug(n− 1)) = Ug(n− 1)
ψ8(Pl, x1, x2, Ug(n− 1)) =

√
Pl · Ug(n− 1)

(12)

All the multiplicative constant have been dis-
regarded, since each regressor will be multi-
plied by a parameter to be identified. More-
over, the last two regressors where added to
support the modelling of flow cues due to the
inertance of air. At this stage of the analy-
sis process, both the input (Pl, x1, x2) and the
target output Ūg of the nonlinear block are

available. Hence, the weights in Eq. () can be
estimated using the following nonlinear iden-
tification step: for a given training window
of length N , Wn = [n + 1, . . . , n + N ], two
training data sets are defined as

TŪg
= [Ūg(n+1), Ūg(n+2), . . . , Ūg(n+N)],

(13)

Tx =


ψ1(n+ 1) · · · ψ1(n+N)

...
. . .

...
ψ6(n+ 1) · · · ψ6(n+N)


 ,

(14)

where

ψi(k) = ψi(Pl(k), x1(k), x2(k), Ug(k − 1)),
(15)

i.e. ψi(k) is the output value of the i-th re-
gressor at the discrete time k. The data sets
in Eqs. (13,14) are used to train the regres-
sors in F(Pl, x1, x2;w0, . . . , wM). Specifi-
cally, the identification of the weights w =
[w0, . . . , wM ] requires the solution of the ma-
trix system

w

[
1
Tx

]
= TŪg

, (16)

where 1 = [1, . . . , 1] is a row vector of length
N . The LS solution of Eq. (16) is known to
be

w = TŪg

[
1
Tx

]+

, (17)
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Figure 7: Area/flow plots for the cases of Figs. 5 and 6

where the symbol + denotes the pseudo-
inverse of a matrix (Chen et al., 1991).
Pseudo-inversion provides a method to invert
non-square matrices, and it is required in this
case since the number of regressors is typi-
cally less than the number of samples in one
period of the flow waveform.

The result of the identification can be seen in
Figs. 5 and 6, bottom plot. In both cases,
the training window had a length of 1000
samples, and comprised both the initial tran-
sient of the signal and a steady portion. In
Fig. 8, the detail of the identification for a
steady portion are shown (same case of Fig.
6). These analysis examples shows that the
model is versatile enough to reproduce flow
waveforms with different shapes and charac-
teristics.

It is important to note that, even if the iden-
tification step appears successful and the re-
production of the flow waveform seems to
be highly accurate, these results refer to the
situation where the present flow value used
to compute the flow at successive time steps
comes from the target time series, and is not
in turn the result of a previous iteration of the
loop. The system is said to operate in analy-
sis, or open-loop, mode. We can express this
by the equation

Ũg(n) = M(Ȳn;Pl(n)) (18)

where M is the trained model, and Ȳn is the
state at time n determined by the past in-
puts Pl(k), k = 0, . . . , n − 1, and flow tar-
get values Ūg(k), k = 0, . . . , n − 1. The

identification error can be defined as ẽ(n) =
Ũ(n) − Ū(n). In the next section, on the
other hand, the autonomous simulation of the
system will be addressed: at each successive
time sample, only the lung pressure Pl is used
as input, and no further correction based on
the target flow is applied to the computation
of the loop. The system is said to operate in
closed-loop mode in this case.

Autonomous oscillations and stability is-
sues

Once trained, the system is in principle able
to reproduce the flow waveform used in the
training, provided that the same input se-
quence Pl(n) is used, and that the flow re-
construction errors due to the nonlinear flow
model, remain within a small range. This
is usually a major issue, since the iteration
of the system without any further correction
to the flow can give rise to fast error growth
(closed-loop instability). Adopting the same
notation introduced in the previous section,
the equation for the closed-loop configuration
can be stated as

Ûg(n) = G(Ŷn;Pl(n)) (19)

where Ŷn is the state at time n determined by
the past inputs Pl(k), k = n − 1, . . . , 0, and
the flow values Ûg(k), k = 0, . . . , n−1, com-
puted in the previous iterations. Fig. 9 shows
the result of a simulation after the training
shown in Fig. 6. The system was run in
open-loop mode during the transient, and in
closed-loop mode once reached the steady
state. Even though the training concerned
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Figure 8: Identification result, same case of Fig. 6. From top to bottom, the differentiated flow, the flow, the driving pressure,
and the fold edges displacement.

also the onset region, instability showed to
be greater during the onset than during the
sustain region, preventing the system from
reaching a stable oscillation autonomously.
Further simulation experiments revealed that
this observation is not true in general. How-
ever, the definition of the constraints to grant
stability is still an open issue.

Some further remarks can be made on the au-
tonomous steady oscillation. The shape of
the target flow is reproduced, at least in its
gross structure. A clear difference between
the two waveforms is in the ripple originally
present in the closed phase of the target flow.
However, this ripple is a residual of the ef-
fect of some higher formant due to the vo-
cal tract, and should have been previously re-
moved with an inverse filtering procedure. In
this sense, the model seems to behave cor-
rectly.

Resynthesis and control of flow
characteristics

Physically-based models of the vocal folds
offer an intuitive interface to control the char-
acteristics of the airflow generated. Most part
of the physical parameters in multi-mass mo-
dels are univocally related to some acous-
tic parameter of the flow waveform, e.g.,
the magnitude of masses and the stiffness of
springs determine the pitch of the oscillation.
On the other hand, in pure data-driven mod-

elling, such as black-box methods, the cause-
effect relations between control input and re-
sulting output are defined during the training
phase by the input-output data available. The
size of the training data set is fundamental
for the accuracy of the model, and transfor-
mations of some acoustic parameter outside
the range of the data set would have no sense.
The hybrid physically-based data-driven ap-
proach introduced here leads to a different
situation: we can train the model, say, on
a single pitched target flow waveform, but
still rely on the physically-inspired part of
the model to provide, within a limited extent,
for pitch changes. Referring to the model in
Fig. 4, we can roughly point out the relations
among the principal parameters and the flow
characteristics:

• Vocal fold resonance (F0): the resonance
frequency of the linear filter Hres deter-
mines the fundamental frequency of the
oscillation.

• Vocal fold resting position (x0): this pa-
rameter models the degree of adduction
of the vocal folds. The adduction of vo-
cal folds, among other factors, is respon-
sible for the speed of the return phase at
the closure of vocal folds, which is in
turn related to the spectral slope of the
flow derivative. The degree of adduc-
tion also affects the duration of the closed
phase.

Speech, Music and Hearing, KTH, Stockholm, Sweden
TMH-QPSR Volume 43:69-79,2002

77



Drioli C: A flow waveform adaptive mechanical glottal model

2700 2750 2800 2850 2900 2950 3000 3050 3100 3150 3200
−5

0

5

10

15
x 10

−5

time (samples)

0 2000 4000 6000 8000
−100

−80

−60

−40

−20

0

freq (Hz)

T
ar

ge
t D

iff
. U

g

0 2000 4000 6000 8000
−100

−80

−60

−40

−20

0

freq (Hz)

N
ew

 D
iff

. U
g

Target 

New 

Figure 9: Simulation of the system after training. The system was run in open-loop mode during the transient, and in closed-
loop mode once reached the steady state. The plot refers to the closed-loop mode region.

• Vocal fold thickness (t): this parameter
models the amount of vocal fold tissue
actually involved in the phonation pro-
cess, and affects the closed phase dura-
tion.

• Flow model (w): the nonlinear paramet-
ric functionF is responsible for the shap-
ing of the flow waveform cycle. It affects
the skewing of the flow, the fine cues dur-
ing the open and closed phases, and can
also affect the abruptess of closure and
return phase speed. Its graphical repre-
sentation in the phase plane can provide
useful insights. However, it lacks to offer
intuitive control over the mentioned cues.

Given a model trained with a steady single
pitched flow waveform, as it is the case con-
sidered here, one can expect the model to re-
act to controls accordingly to what the phys-
ical insights suggest. Experiments showed
that, upon a stable simulation in closed-loop
configuration, the model is usally well be-
haved with respect to pitch and fold resting
position changes, while changes in the thick-
ness are more likely to drive the system to-
ward instability. Fig. 10 shows an example
of successful transformations. It is remark-
able that the flow waveform is preserved upon

transformations even if no training data with
the final pitch or closed phase durations was
used during the parametric identification.

Conclusions

A vocal fold model based on a one-mass
schema and enhanced with a data-driven
identification component, was discussed.
The first part of the paper was dedicated to
the exploration of the properties of an over-
simplified one-mass model, and it was shown
how flow-induced oscillations can be pro-
duced with one degree of freedom, even with-
out vocal tract load, provided that a vertical
phase delay is reproduced with a propagation
line. The resultant discrete schema has the
advantage of simplicity and of being compu-
tationally efficient. The set of control param-
eters is substantially reduced if compared to
the original IF model.

In the second part of the paper, the sim-
ple one-mass model discussed was improved
with a parametric model of the flow, and a
data-driven analysis/synthesis procedure was
described, that allows the model to fit to an
arbitrary target flow. The training with re-
spect to different flow waveforms demon-
strated the versatility of the model, and its po-
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Figure 10: Examples of flow characteristics control. a)
Closed-loop synthesis of the target flow. b) Pitch modifi-
cation obtained by rising the resonance frequency of the me-
chanical resonator (∆F0 = 100 Hz). c) Decreasing the rest-
ing position of the cords (∆x0 = −0.05 mm) results in a
longer closed phase and a more rapid return phase.

tentiality in representing a wide class of sig-
nals.

Finally, the simulation of the system after
training was addressed, showing how the sys-
tem can autonomously oscillate following the
learned pattern, and that the main acoustic
cues of the flow waveform can be controlled
intuitively. However, this stage is still af-
fected by some major drawbacks, namely sta-
bility and transient reproduction.
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