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Abstract
We discuss the use of low-dimensional physical models of the
voice source for speech coding and processing applications. A
class of waveform-adaptive dynamic glottal models and param-
eter tracking procedures are illustrated. The model and analysis
procedures are assessed by addressing speech encoding and en-
hancement, achievable by using a state space version of the dy-
namical model in a Extended Kalman filtering framework. The
proposed method is shown to provide better SNR improvement
if compared to a standard AR Kalman filtering scheme.
Index Terms: Speech enhancement, glottal modeling, speech
coding, physical modeling

1. Introduction
Despite the fact that physical models of the speech production
including the glottal source have nowadays reached a high de-
gree of accuracy, it is remarkable that they are rarely found in
common applications like speech processing and speech synthe-
sis. The widespread autoregressive moving average (ARMA)
process [1] and linear prediction coding (LPC) [2] techniques
for speech coding, are only loosely inspired by voice acoustics
and they are properly signal models more than a physical one,
even if LPC coefficients are related to the shape of the vocal
tract. Recent investigations that have addressed the represen-
tation of speech through physically-inspired source-tract mod-
els include the use of analytical glottal source models for joint
source-filter model optimization [3, 4], with effective results.
This class of source models however cannot reproduce the dy-
namical properties of the glottis, which is a desirable character-
istic for a speech model. Experiments targeted at demonstrating
the feasibility of deriving the control parameters of dynamical
physical models have been reported for example in [5]. A well
known application of AR and ARMA modeling, in combina-
tion with the Kalman filtering framework, is the enhancement of
speech corrupted by noise[6]. The linear nature of the ARMA
modeling makes them suitable to be used in state-space linear
Gaussian modeling and filtering. Recently, however, interest
has been demonstrated toward speech enhancement processing
through nonlinear models of speech productions and general
state-space models [7, 8].

In this paper, we discuss the use of a class of low di-
mensional glottis models for applications in the framework of
speech processing, glottal pulse estimation, and speech en-
hancement. The voice source model proposed is a source-
filter scheme in which the vocal tract is represented by an
all-pole filter and the voice source model relies on a lumped
mechano aerodynamic scheme inspired by the mass-spring
paradigm. With respect to previous investigations, in which we
mainly discussed the dynamical properties of this class of low-

dimensional physically constrained models and the possibility
of fitting real voice samples [9], we focus here on the possibil-
ity and the effectiveness of using them in combination with the
Kalman filtering framework.

The paper is organized as follows. In Sec. 2, the model is il-
lustrated and its state space form is derived. Also, the procedure
for parameters and states estimation is sketched; in Sec. 3, the
method proposed is applied to speech data and its performance
is compared with a standard AR Kalman filtering scheme; in
Sec. 4, the conclusions are drawn.

2. Speech model and parameter tracking
Let the lip pressure signal measured by the microphone be given
by

y(t) = −
N∑

k=1

aky(t− k) + ug(t) + n(t) (1)

where a1, . . . , aN are the AR coefficient of an all-pole model
of the vocal tract, ug(t) is the excitation glottal pulse wave-
form, and n(t) represents additive background noise. The voice
source model used to represent ug relies on the mass-spring
paradigm adopted, among others, in the well known Ishizaka-
Flanagan one-mass and two-mass models. The details of the
glottal excitation model, illustrated in Fig. 1, can be found else-
where [10], and here we only briefly recall the essential com-
ponents. The lower edge of the folds is represented by a single
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Figure 1: Schematic of the low-dimensional voice source used
as glottal waveform generator (note that the vocal tract model is
not represented here).

mass-spring system Hres and the propagation of the displace-
ment x along the thickness of the fold is represented by a delay
line of length τ . Let us call x1 the displacement of the fold at
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the entrance of the glottis, and x2 the displacement at the exit.
An impact model fX reproduces the impact distortions on the
fold displacement and adds an offset x0 (the resting position
of the folds). The driving pressure pm acting on the folds is
computed from the flow ug and the lower glottal area a1 using
Bernoulli’s law (fP in the scheme). A flow model F converts
the glottis area given by the fold displacements into the airflow
at the entrance of the vocal tract. In its simplest form, the glottis
area is computed as the minimum cross-sectional area between
the area a1 at lower vocal fold edge and the area a2 at upper vo-
cal fold edge, and the flow is assumed proportional to the glottal
area, i.e. F(x1, x2) = kgmin(x1, x2) (where the lung pressure
term pl is included in the parameter kg). The propagation line
of length τ reproduces the vertical phase difference of the vi-
bration of the cord edges, which is an essential element for the
production of self-sustained oscillations without a vocal tract
load. The pressure lung, pl, has its principal role in the onset
and offset of the oscillation. In our simulations, it is kept con-
stant during the system evolution and is omitted for simplicity
in what follows. A refined flow model has been also explored in
past investigations, in which a kernel machine is used to adapt
the flow model to real flow waveforms obtained by inverse fil-
tered from recorded speech. However, we decided not to in-
clude this component in the present study, to avoid overfitting
problems that could arise when dealing with in noisy speech.

To use the phonation model sketched above in a recursive
state estimation framework, we derive the state-space represen-
tation as follows. LetX = [xd,xres, x1, ug,xar]

T be the state
of the whole system in (1), in which xd = [xd,1, ..., xd,τ ] is
the state of the delay line z−τ , xres, ug and x1 are respec-
tively the state of the mass-spring system, the output flow and
the displacement of the vocal fold lower edge, and xar =
[xar,1...xar,N ] is the state of the N -order AR model of the vo-
cal tract. The state transition at each discrete time instant n can
be now written as

Xn+1 = LXn +NL(Xn), (2)

where the linear and nonlinear dynamics have been explicitly
separated. The linear state transition matrix L and the nonlinear
state transition map NL(Xn) can be written respectively as

L =

⎡
⎢⎢⎢⎣

Id SC 0 0 0
0 Ares 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 Bar Aar

⎤
⎥⎥⎥⎦ , (3)

and

NL(X) =

⎡
⎢⎢⎢⎣

SD · pm
Bres · pm
fX(x, x01)

αmin(γh1, h2)
0

⎤
⎥⎥⎥⎦ , (4)

with

pm = fP (ug, x1) (5)
x = Cresxres +Brespm (6)
h1 = fX(yres, x01) (7)
h2 = fX(xd,τ , x02) (8)

and

SC =

⎡
⎢⎢⎢⎣

Cres

0 0
...
...

0 0

⎤
⎥⎥⎥⎦ , SD =

⎡
⎢⎢⎢⎣

Dres

0 0
...
...

0 0

⎤
⎥⎥⎥⎦ (9)

.
In the above matrices, Id represents the shift of the delay

line of length τ , Ares, Bres, Cres, and Dres are the state
update and output matrices of the Hres second order resonant
filter, and Aar, Bar are the state update matrices of the AR
N-th order filter modeling the vocal tract. Finally, the output
speech pressure is given by the last element of the state vector,
i.e. y(n) = [0 . . . , 1]X . We note that the linear matrix contains
not only the linear model of the vocal tract, but also the part of
the glottal model dynamical system that can be represented with
linear state update relations.

In the following of the paper, the model is fitted to time-
varying recorded speech data. To this aim, a pitch-synchronous
parameter identification procedure is used, which performs the
following steps:

• a fixed length running analysis window is shifted by a
variable hop size equal to the period length.

• for the analysis frame under investigation, whose length
corresponds to around three periods of speech, a tradi-
tional LPC analysis is used to obtain a rough estimate of
the formants.

• the fundamental frequency is estimated through an au-
tocorrelation based pitch detector, and is used to tune
the mass-spring system representing the folds. Then, the
glottal model is used to generate a glottal pulse tuned
with the speech signal. This pulse is aligned to the voice
source obtained by inverse filtering through the LPC fil-
ter.

• the LPC parameters are further refined by considering
the glottal pulse and the speech signal as input and output
of a AR process, and solving it as a least squares prob-
lem. Finally, only complex conjugate AR coefficients
are considered and mapped into formant frequencies and
bandwidths. The AR order is set to 8, thus at most 4
formants can be represented.

At this time, other parameters that are considered to be less
relevant to the effectiveness of the modeling, such as the length
τ of the delay line and the displacement of the fold x0, are se-
lected empirically and kept constant.

3. Application to speech enhancement and
glottal source estimation

Linear auto-regressive models and Kalman state estimation al-
gorithms are among the most effective and appreciated tools for
speech enhancement [11]. With the aim of exploring the oppor-
tunity of using a nonlinear source model, the speech production
model proposed was applied to a speech enhancement task, by
performing a Kalman filtering along the pitch syncronous para-
metric training illustrated above. Due to the nonlinear nature of
(part of) the state update equations, an Extended Kalman Filter
(EKF) procedure was applied on a linearization of the system,
obtained by computing the Jacobian of the map NL(X) with
respect to the state. Actually, it was observed that by letting the
Kalman filtering process act mainly on a subset of the states, the
performance improved. This is due to the fact that the model is a
non linear loop and some states are more robust to perturbation
than others. It was also noticed that the observer can go out of
phase with respect to target speech signal because of the pitch
error which is cumulative. To help the Kalman state estima-
tion to keep the synchronization with the speech signal, an aug-
mented state was used which included the fold frequency reso-
nance, considered as a simple random walk processes. Also we
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Figure 2: Example of filtering a speech waveform with additive
stationary noise. Noisy speech (upper panel, dashed line) has a
SNR of 0 dB with respect to clean speech (upper panel, cont.
line). Enhanced speech (center panel) has a SNR of 2.4 dB.
Lower panel shows the estimate of the glottal flow derivative,
provided as part of the system state estimation process.

introduced an additive noise state to consider the gap between
the simplified glottal model and the real glottal pulse.

The algorithm illustrated has been applied on a male voice
sample recorded at 16KHz, 16 bit mono, and reproducing the
Italian word aiuola. Stationary white gaussian noise was gener-
ated and added to the signal to obtain noisy speech. The result
of the Kalman filtering on a speech frame with a three period
length is illustrated in Fig. 2, for two different input SNR val-
ues. We note that the Kalman filtering provides an estimate of
the speech frame as well as an estimate of a source glottal pulse
which best fits the constraints given by the glottal model, and
given the data. The use of this scheme as an enhanced source-
vocal tract deconvolution algorithm for true glottal flow estima-
tion and for improved formant frequency tracking will be the
subject of further investigations.

The enhancement procedure was then evaluated through
SNR and Itakura-Saito (IS) spectral distance measures. In each
working condition the experiment was repeated one hundred
times and the mean SNR and IS distance are reported (additive
noise was randomly generated for each experiment, and used to
corrupt the same speech signal). The two plots in Fig. 3 and 4,
show the resulting improvements due to the enhancement, com-
pared to a standard Kalman enhancement procedure based on
a linear AR modeling of order 8. In Fig. 5, we represent each
experiment by SNR and IS distance as two-dimensional coordi-
nates. This representation shows that standard AR method per-
formances are affected by background noise: the more the noise
increases, the more the filtering process lead to variable results
in terms of IS distance. In other words, not only the mean of the
IS distance increases with noise but also its variance, leading
to more unpredictable results. On the other hand, it seems that

model ref data
SNR 1.40 2.42 -0.0059

IS Distance 60.05 20.87 8.15

Table 1: Effect on SNR and IS distance, of varying the con-
fidence weight from the model to the data. The label model
represents a configurations of variances that determines a high
model confidence. Conversely, the label data represents a con-
figurations of variances that determines high confidence to the
data. The ref label correspond to a balanced confidence config-
uration, and is the one used for all the plots presented here.

model based filtering isn’t affected by such problem.

−20 −18 −16 −14 −12 −10 −8 −6 −4 −2 0
−4

−2

0

2

Input dB

O
ut

pu
t d

B

arma
model

Figure 3: Comparison of SNR between standard linear AR and
the proposed model based enhancement.
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Figure 4: Comparison of IS distance between standard linear
AR and the proposed model based enhancement.

It is known that Kalman filtering results are sensible to the
initial tuning, and acting on the variance matrices, it is possible
to tune the behavior of the algorithm. In particular, we decided
to use a higher variance for the states of the source model that
are more stable, and we assume the vocal tract as more accurate
than the source model. As we also refine the estimate of the
vocal cords oscillation frequency by the Kalman recursions, we
tuned the variance in order to obtain a reasonable behavior, ac-
cording to the pitch detection algorithm. However, the variance
ratio between the whole model and the data is a free variable
that allows to vary the confidence degree continuously from the
model to the data. The effect of this variable on the measures
is reported in Table 1. Note that, the more the confidence is
given to the model, the more the noise is reduced but also the IS
distance increases. This effect can explain the positive trend of
model IS distance in Fig. 4. This is probably due to a frequency
shaping characteristic of the model that we will investigate in
future work.

4. Conclusions
We discussed the use of low-dimensional physically based
speech models in the frameworks of speech enhancement and
speech processing. The model scheme provides self-sustained

1791



oscillations and data fitting capability that can be used to adapt
the model to recorded speech. The class of models proposed
provides in principle a tool for both estimating glottal source
signals and enhanced speech, as well as for effective encoding
of the speech signal. The phonation source modeling based on
the mass-spring system coupled to the simple flow model was
shown to be suitable to be put in state space form and to be ef-
fectively coupled to an Extended Kalman filtering scheme. In
our Kalman based algorithm, tracking of the formant frequen-
cies and ramdom walk modelling of the glottal pulse frequency
are also implemented. Improvements over standard linear AR
modeling was shown by experimental result both in terms of
SNR improvement and IS distance reduction. Also we shows
that glottal model based filtering leads to more predictable be-
haviour in terms of IS distance which variance results in a rather
independent behaviour in respect with the level of background
noise.
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Figure 5: Results of the enhancement procedure applied to a
signal with SNR=0 dB (upper plot), with SNR=-5, with SNR=-
10, with SNR=-15, and with SNR=-20 dB (lower plot). Plots
show the comparison between the proposed model vs a standard
linear AR model.
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