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Abstract—We introduce a new concept coined "Semi blind 
deconvolution" and present an algorithm to solve the 
problems that can be categorized as such. In fact, the 
problem of estimating the input of an unknown non-
minimum phase FIR system using only noisy observed output 
and an initial model of the original input signal is considered 
and called semi blind deconvolution in this paper. Here, 
unlike conventional blind deconvolution where some 
assumptions on the statistical properties of the white source 
signal are needed to be made, an initial estimation of the 
original input, to be identified based on some prior 
knowledge, is whitened and used instead of the usual i.i.d 
input. We, first, justify the basis of our proposed algorithm 
then, the algorithm is further developed by using an initial 
model, as the first estimation of the input signal. 
Furthermore, a constrained optimization is used to estimate 
the deconvolution filter to satisfy more than just one 
criterion. As an application we apply our proposed semi 
blind deconvolution algorithm to estimate the glottal flow 
excitation of vowels. The voiced speech signal is modeled as 
an ARMA process whose input is the glottal flow with: 1- an 
AR filter whose coefficients are obtained using the closed 
phase-LPC method on the actual speech and 2- an MA filter 
whose input is the glottal excitation and its output is the LPC 
residual. It is thus clear that both the input signal and the 
MA filter coefficients are unknown whilst a physiological 
model exists for the input. Therefore, we are dealing in fact 
with a semi blind deconvolution problem when trying to 
identify simultaneously the glottal flow and the MA part of 
the ARMA model of the vocal tract. The efficiency of the 
algorithm is assessed on real voiced speech sounds /a/ and /e/ 
as practical case examples. 
 

Index Terms—Blind deconvolution, glottal flow estimation, 
higher order statistics, semi blind deconvolution. 

I. INTRODUCTION 
ECENTLY, blind deconvolution has attracted 
considerable attention in signal processing and neural 

network societies [1]. The objective of the blind 
deconvolution is to recover the original source signals 
and/or to estimate the channel filters, given the noisy 
measurements (the sensor signals), with limited or no 
knowledge of either the system transfer function or the 
source signal. Indeed, some statistical assumptions are 
always considered for the source signal. This kind of 
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problem arises in various applications, such as digital 
telecommunications, speech enhancement, and biomedical 
signal processing. A number of methods have been 
developed to deal with the blind deconvolution problem. 
These methods include the Bussgang algorithms [2]-[5], 
the higher order statistics (HOS) approaches [6]-[12], and 
the second order statistical (SOS) approaches [13]-[17]. 

Second-order statistical methods rely on the separability 
of noise and signal subspaces and require some prior 
knowledge of the length of the unknown channels to be 
identified. The linear prediction (LP) methods such as 
forward and backward linear prediction error (LPE) filters, 
the well-known Levinson-Durbin recursion and lattice 
linear prediction filters are mostly used in blind 
equalization. When noise is present, high-order statistical 
methods can be effective under appropriate initialization 
but may suffer from slow and local convergence. Also, as 
the SOS methods are phase blind, HOS methods are more 
capable in identification and deconvolution of non-
minimum phase blind systems. 

Since the mid-1980s, the problem of SISO blind 
equalization has been tackled using HOS owing to the fact 
that HOS contains not only system magnitude information, 
but also system phase information [18]. The HOS-based 
blind deconvolution and system identification, associated 
with nonlinear filtering, are classified as explicit (indirect) 
and implicit (direct) solutions [19]. In fact, implicit HOS 
algorithms, such as [4], [6], [8], and [20], are relatively 
simple to implement and are generally capable of 
delivering a good performance, as evidenced by their use 
in digital communication systems. However, they suffer 
from two basic limitations: a potential convergence to a 
local minimum and sensitivity to phase jitter. In contrast, 
explicit HOS-based solutions [21]-[23], being closed form, 
overcome the local minimum problem by avoiding the 
need for minimizing a cost function; unfortunately, they 
are computationally much more complex. Both explicit 
and implicit kinds of HOS-based solutions suffer from 
slow rate of convergence due to the fact that the time-
average estimation of higher order statistics requires 
a large sample size. Furthermore, the speed of convergence 
and accuracy of these solutions are at the detriment of 
the system order and worsen with increasing the filter 
order, q . 

In addition, the natural gradient, which was developed 
by Amari et al. [24], and the relative gradient developed 
by Cardoso et al. [25], improve learning efficiency in blind 
separation and blind deconvolution [26]. The objective of 
[1] is to develop an efficient learning algorithm for 
training the doubly FIR filters for blind deconvolution. 
Using this algorithm authors derive a very simple 
cost function for multichannel blind deconvolution of non-  
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Fig. 1.  A blind deconvolution problem statement.  

 

 

 
 

Fig. 2.  Designing deconvolution filter based on MNC algorithm. 
 
minimum phase systems. Generally speaking, the filter 
decomposition has two main purposes. One is to keep the 
de-mixing filter stable during training, and the other is to 
use  the  natural gradient algorithm for training one-sided 
FIR filters efficiently. It should be noticed that the filter 
decomposition approach is not only applicable to blind 
deconvolution but also to other identification problems of 
non-causal FIR filters. 

In some problems, like glottal flow estimation, a model 
of the unknown input signal is available and can be used 
avoiding the usual lengthy i.i.d input and the associated 
statistical assumptions. We refer to these problems as 
"Semi Blind Deconvolution" in which the objective is to 
estimate the original input, iteratively, using the initial 
model as a first estimate and seeking a solution akin to it. 
In fact, as implied in [19], in order to use blind 
deconvolution algorithms the input sequence of blind 
systems should be either i.i.d or impulsive and therefore, 
some kind of blind deconvolution problems such as glottal 
flow estimation whose input is not neither an i.i.d nor 
impulsive signal cannot be tackled by these algorithms. 
Although the theoretical fundamentals of semi blind 
deconvolution of non-minimum phase FIR systems are 
described in [27], we overview those fundamentals as the 
first step of our proposed algorithm. Results from 
simulations are presented, in a tabulated form, to illustrate 
the validity and efficiency of the proposed algorithm in 
estimating and recovering the input of non-minimum 
phase blind systems. 

The organization of this paper is as follows: in section 
II, the problem of blind deconvolution is stated and then a 
new point of view of blind deconvolution is presented as a 
semi blind deconvolution problem. The proposed semi 
blind deconvolution algorithm is described in section III. 
The glottal flow estimation is completely illustrated in 
section IV as an application and finally, in section V, test 
results for two vowels /a/ and /e/ are given as examples. 

II. PROBLEM STATEMENT OF THE BLIND DECONVOLUTION 
Consider an unknown linear time invariant system, H, 

with input, { ( )x n }, as depicted in Fig. 1. The input 
consists of an unobserved white data sequence with known 
probability density distribution. 

The problem is to restore { ( )x n } or equivalently, to 
identify -1H  the inverse of the system H , given the 
observed sequence, { ( )u n }, at the system output. Three 
observations are made in [19] if the system is non-
minimum phase. 

a. For the estimation of a non-minimum phase 
characteristic  to  be  feasible,   and  therefore  for  the  

 
Fig. 3.  Designing whitener and filtering the output to make a new signal, 

( )inT n . 
 

inverse filtering (i.e., deconvolution) problem to have 
a solution, the input sequence ( )x n  must  be  non  
Gaussian. 

b. Since the use of minimum mean square error 
criterion results in a linear filter that is minimum 
phase, we must invoke the use of higher order 
statistics and therefore nonlinear estimation. 

c. The inverse system, -1H , is unstable, because its 
transfer function has poles outside unit circle in the z-
plane. Hence, the online restoration of the input 
sequence, { ( )x n }, is impossible. However, we may 
truncate the impulse response of the inverse system, 

-1H , thereby permitting the restoration of { ( )x n } to 
take place in real time, but with a constant and  
finite delay. 

A. Impulsive Excitation 
In fact, as far as the use of blind deconvolution 

algorithms are concerned, the usual i.i.d random white 
input signal with non-Gaussian distribution can be 
replaced with an impulsive excitation. This is due to the 
fact that auto-correlation and higher order moments of an 
impulse are themselves impulses as with i.i.d white 
sources. Therefore, an ideal impulse satisfies all conditions 
considered for i.i.d signals and hence the blind 
deconvolution algorithms can be applied to a wide range of 
applications, such as seismic signal processing, to estimate 
the unknown impulsive input signal. 

B. Iterative Use of Impulsive Excitation in Blind 
Deconvolution Problem 
An iterative solution to blind deconvolution problem is 

considered here on the basis of impulsive excitation. In 
brief, the objective is to find a new and closer estimate to 
the original sought input using, iteratively, its previous 
estimation. Consider a blind deconvolution problem as 
expressed in Fig. 1. A blind deconvolution algorithm, such 
as maximum normalized cumulant (MNC) [6], [18] based 
on Shalvi-Weinstein criterion, can be used to design a 
deconvolution filter, V, for estimating the input sequence, 
EST, as shown in Fig. 2. 

If the output ( )u n  were produced as a result to an 
impulsive excitation, EST would be impulsive indeed, the 
effect of the deconvolution algorithm notwithstanding. In 
this case the output ( )u n  would be an approximation of 
the system impulse response. As this is not the case 
generally, we will use a whitener to approach the above 
case. This whitener calculated for EST is applied, however, 
to ( )u n . By doing this iteratively, we improve the estimate 
of the deconvolution filter. Once the algorithm converges, 
this filter can be used on the actual output to estimate the 
original input. This idea is depicted in Fig. 3. 
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Fig. 4.  Block diagram of Iterative blind deconvolution algorithm. 
 

 
Fig. 5.  Block diagram of iterative blind deconvolution algorithm with an 
initial model. 
 
The result of filtering the output with this filter is a 
new signal called as ( )inT n  in Fig. 3. According to [27], 
two cases are considered for analyzing the above block 
diagram. In brief, it is assumed that the estimated input, 
EST, is either exactly equal or approximately similar to the 
original desired one. It is shown, in [27], that for both 
cases the signal inT  can  be  expressed  as  the  output  of  a  
blind system whose impulse response is the same as that of 
the original system and its unknown input is either an 
ideal impulse or an impulsive signal. As a result, the 
iterative blind deconvolution algorithm can be schematized 
in the following block diagram. 

As shown in Fig. 4, the deconvolution filter, V , is 
designed using a conventional blind deconvolution 
algorithm to recover the original input. A whitener is 
calculated to whiten the estimated input, EST. The result 
of filtering the output using this filter forms the new 
signal, inT . But, unlike the deconvolution filter, V , whose 
input is the output signal the deconvolution filter, 2V , is 
calculated using the same blind deconvolution algorithm 
using inT  as the input. The new estimation of the input 
signal is yielded by filtering the output signal with this 
filter, 2V . This signal replaces the first input estimation 
and is used for designing the new whitener at the next 
iteration. The algorithm converges or better said stops 
when there is no change in the whitener or in the signal inT . 

C. The Role of The Initial Model 
An initial model can be used as the first estimate of the 

original input if it is judged a good approximate. This 
initial model is used instead of the first estimation of input, 
EST, and a new block diagram is depicted in Fig. 5. 

This type of blind deconvolution problems in which an 
initial estimate of the input (initial model) is used instead 
of the usual i.i.d white source with specific statistical 
characteristics is called, in this research report, as semi 
blind deconvolution. 

III. THE PROPOSED ALGORITHM 
In this section we propose a practical algorithm 

for semi blind deconvolution.  As we know,  in glottal flow  

 
Fig. 6.  The block diagram of the proposed algorithm for semi blind 
deconvolution. 
 
estimation, both the vocal tract filter and the glottal 
excitation are unknown. On the other hand, physiological 
models, such as  Rosenberg [28] or Liljencrants-Fant (LF) 
model [29], are available for glottal excitation. Therefore, 
based on what was described before, this is a typical semi 
blind deconvolution problem. Some assumptions, 
especially valid in glottal flow estimation, are concluded to 
be necessary to solve this problem. These assumptions are 
as follows 

a. The original blind system is assumed to be dispersive 
with non-minimum phase finite impulse response. 
The dispersion of a signal ( )T n  is defined as 

4
2

{ }

T

C T
Dispersion  (1) 

where }{4 TC  the fourth cumulant and 2
T  the 

variance are given by 

4 4
4

2 2 2

1{ } [{ ( )} ] { ( ) ( )}

1[ ] { ( ) ( )}T

C T E T mean T T n mean T
N

E T T n mean T
N

 (2) 

b. The MSE between the original input and the initial 
model is smaller than that between the output and the 
initial model. 

c. The MSE between the original input and the initial 
model is always smaller than a constant, , that 
should be defined based on a priori knowledge. 

d. The dispersion of the output is higher than that of the 
initial model. 

e. The initial model is smoother than the output. 
The first assumption follows, in the case of glottal flow 

estimation, as a result of using AR modeling which gives a 
minimum phase (i.e. a minimum energy or anti-dispersive) 
system. This system must be completed with a dispersive 
MA system, as in an ARMA model, that is excited with 
glottal flow, a natural signal that is not energy compact 
(minimum phase). The other assumptions follow from the 
first. The proposed algorithm is shown in the block 
diagram below. Also, it should be noted that Shalvi-
Weinstein [6] criterion of fourth order (Normalized 
Kurtosis Maximization) is used as the core of the blind 
deconvolution algorithm. 

The deconvolution filter, [ (1),... ( )]V v v q , shown in 
Fig. 6, must satisfy a nonlinear constraint optimization. 
The signal, inT , that is the result of filtering the output 
with the whitener, is carried through as the input of the 
deconvolution filter whose role is to satisfy the SW  
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Fig. 7.  The block diagram of the criteria in constraint optimization. 
 
criterion at its output, outT .  Also,  as  far  as,  the  constraint  
optimization is concerned, a nonlinear inequality 
should be satisfied simultaneously with SW criterion. The 
constraint optimization criteria are stated better in Fig. 7. 
These criteria can also be formulated as follows 

4
4 2 2

2

[1 : ]

{ }
max( ( [ ])

( )

( )
out

out

T

Estimate v q satisfying

C T
J v n SW criterion

EST Initial Model MMSE criterion

 (3) 

where q  is the order of deconvolution filter and }{4 TC  
and 2

T  are given in (2). 
Constrained Optimization: In constrained 

optimization, according to [30], the general aim is to 
transform the problem into a simpler sub-problem that can 
be used as the basis of an iterative process in solving it. 
The constrained optimization, we are dealing within this 
research, can be expressed as 

{ ( )}
( ) 0, 1i

find v to Maximize F v
subject to G v i

 (4) 

where 

4
4 2 2

{ }
( ) ( [ ])

( )
out

Tout

C T
F v J v n  (5) 

2( ) ( ) 0G v Error  (6) 

Therefore the Kuhn-Tucker (KT) equation for this 
problem can be stated as 

1 1( ) ( ) 0, 0F x G v  (7) 

Considering our used objective function and optimization 
constraint (both convex functions), a global solution exists. 
More details about the methods which are mainly used for 
solving KT equations can be found in [31]-[33]. 

Stopping criteria: As explained before, the proposed 
semi blind deconvolution algorithm is iterative in which, a 
new estimation of the input signal is calculated at each 
iteration. Therefore, the algorithm is stopped, at the end of 
such iteration where all the defined assumptions are not 
fulfilled. 

The length of the deconvolution filter: As the 
deconvolution filter is FIR, whose length cannot exceed 
the length of the output signal, it is necessary to identify 
this length as the filter order. As a result, the proposed 
algorithm is made to run for different values of the 
acceptable length of the deconvolution filter. So, different 
values of the objective function are obtained for these 
different filter orders. These values are then gathered and 
the length corresponding to the maximum objective 
function is chosen as the deconvolution filter order. 

The validity and capability of the proposed semi blind 
deconvolution  algorithm  have  been  checked  in  different  

0 20 40 60 80 100 120 140
-1

-0.5

0

0.5

 

 
Original Input
Output

 
(a) 

0 20 40 60 80 100 120 140
-1

-0.5

0

0.5

 

 
Initial Model
Original Input
Estimated Input

 
(b) 

Fig. 8.  (a) Original input versus the generated output in simulation and (b) 
Estimated input versus the original input and initial model. 
 
simulations as reported in [27]. Here, as an example, we 
just want to show the performance of this algorithm in a 
simulated experiment. 

Simulation: The relationship between the original 
input, in, and the output, out,  is  generated  by  a  non-
minimum phase FIR filter as follow 

( ) 0.78 ( ) 1.32 ( 1) 0.45 ( 2) 0.96 ( 3)
0.98 ( 4) 0.38 ( 5) 1.31 ( 6) 0.52 ( 7)
0.8 ( 8) 0.9 ( 9) 0.22 ( 10) 1.01 ( 11)
0.41 ( 12) 0.57 ( 13) 0.6 ( 14)

out i in i in i in i in i
in i in i in i in i

in i in i in i in i
in i in i in i

 

The original input, which is considered as the excitation 
of the above system, is shown versus the output signal in 
Fig. 8(a). In addition, the initial model is calculated by 
using a three-order polynomial fit to the original input and 
used as knowledge. It is clear that we assume that only the 
output and initial model are available. The proposed 
algorithm is first run and checked for finding an 
appropriate length of the deconvolution filter. Then the 
estimated input, due to the best filter length, is calculated 
and drawn versus the original input to demonstrate how it 
recovers the original signal. 

Fig. 9(a) is depicted to show the normalized kurtosis 
values at each iteration of the semi blind deconvolution 
algorithm. Moreover, Fig. 9(b) shows the MMSE between 
the new estimated input and the initial model at each 
iteration. It is obvious that the algorithm stops based on 
the criterion explained before 

IV. GLOTTAL FLOW ESTIMATION 
Glottal source estimation has great potential for use in 

speech analysis, synthesis,  coding,  noninvasive  diagnosis  
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Fig. 9.  (a) Normalized kurtosis at each iteration of the proposed algorithm 
applied to the simulation and (b) The MMSE constrained at each iteration. 
 
of voice disorders and front-end processing for speaker 
verification/identification, etc. [28], [34], [35]. Voiced 
speech is typically modeled as the output of a linear and 
time-invariant (LTI) filtering process [36], [37]. A quasi-
periodic glottal flow signal at the glottis acts as an acoustic 
source and excites the vocal tract filter. The volume 
velocity output of the vocal tract is then radiated by the lip 
impedance. Because the volume/pressure relation at the 
lips can be approximated by a single zero differentiator, 
the output speech pressure waveform measured in front of 
the lips can be expressed as the convolution of vocal tract 
filter and glottal flow derivative. According to [38] the 
proposed methods for glottal flow estimation are divided to 
four parts 

1. Closed Phase Inverse Filtering [39] 
2. Model based Approaches [40] 
3. Adaptive Inverse Filtering Approaches [41], [42] 
4. Higher Order Statistics Approaches [43]. 
In glottal inverse filtering, a core problem is how to 

estimate the vocal tract filter without the effect of the 
glottal flow derivative on the output speech. Considering 
the quasi-periodic nature of voiced speech, pitch-
synchronous LP (PSLP) is more widely used in glottal 
inverse filtering to avoid the effect of the harmonic 
structure of the speech spectrum on the LP analysis [44].  

Another important problem that has to be considered is 
the source-tract interaction effect [45], [46] caused by the 
coupling between the glottal flow and supra-glottal vocal 
tract acoustics. There are essentially two ways of 
incorporating source-tract interaction into the source-filter 
model. The first one is to assume the vocal tract filter to be 
time-invariant and define the source to be the true glottal 

 
Fig. 10.  Speech production model used in this research. 
 
flow (derivative) signal. In this case, the vocal tract filter 
coefficients should be estimated when the glottis is closed. 
In [47], Wong et al. present the classical pitch 
synchronous closed phase covariance linear prediction 
(CPLP) algorithm. Alternatively, if we could model the 
glottal flow derivative and preliminarily eliminate its effect 
on the output speech, then a pitch-synchronous LP analysis 
over the whole pitch period would be preferable. The most 
representative algorithm of this type is the pitch-
synchronous iterative adaptive inverse filtering (PSIAIF) 
algorithm by Alku [41]. 

A more complete source-filter separation can potentially 
be achieved via a joint optimization process in which the 
glottal source and vocal tract are modeled by more 
accurate models and estimated simultaneously [48]–[52]. 

The problem of estimating the exact shape of glottal 
excitation is considered in this section. Glottal flow 
estimation is essential as an aim since estimating the 
actual shape of the glottal waveform is focused on instead 
of just exploring the source-filter coupling in the sense of 
suppressing the source-tract influence. In most researches 
a minimum phase, stable, all-pole, AR model, for vocal 
tract, is used for speech production. As the speech signal is 
neither minimum nor non-minimum phase and is rather of 
linear characteristic (when the unwrapped phase is 
considered), this model results in a non-minimum phase 
signal excitation signal or glottal flow. Nevertheless, the 
minimum phase modeling of speech production is of 
potential use in a wide range of speech processing 
applications such as speech coding, speech synthesis, 
speaker identification. ARMA modeling has been used to 
remedy the problem where the AR filter is completed with 
an MA part excited with an impulse train as excitation for 
voiced sounds. This is acceptable as modeling but, the 
resulted impulsive excitation has no bearing to reality as 
the physiological models suggest otherwise. 

From modeling point of view, we model the voiced 
speech  signal  as  an  ARMA  process  with:  1-  an  AR  filter  
whose coefficients are obtained using the closed phase-
LPC method and 2- an MA filter whose input is the glottal 
excitation and its output is the LPC residue. It is thus clear 
that both input and MA filter coefficients are unknown 
and, as we know, a physiological model exists for the input 
signal therefore, we are dealing with a semi blind 
deconvolution problem as far as the identification of the 
MA filter and the excitation estimation are concerned. 
Fig. 10 shows the speech production model used in 
this research. 

Also, the proposed algorithm for glottal flow 
(derivative) estimation is depicted in the block diagram 
below (Fig. 11). 

As implied before, the proposed algorithm contains two 
main parts: First, the AR section in which, accurate 
estimation of LPC residue is achieved ultimately. Second, 
the MA section which includes the semi blind 
deconvolution algorithm. 
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Fig. 11.  The block diagram of the proposed algorithm for Glottal Flow 
Estimation. DGF stands for Derivative of Glottal Flow. 
 

The original speech signal is first pitch marked with a 
special algorithm [53]. Then, it is pitch synchronously 
analyzed using the LPC method to calculate both the 
initial estimation of the LPC residue and the closed 
quotient (CQ) period. Applying the LPC method in the 
closed phase an accurate estimation of the LPC residue is 
obtained which is considered as the actual glottal flow 
derivative in many researches. Besides, using the closed 
quotient, and consequently the open quotient (OQ) periods, 
the parameters of the LF model are estimated by using an 
algorithm that fits this model to the initial estimation of 
the LPC residue. The proposed algorithm for the 
estimation the glottal flow derivative begins by using the 
accurate estimation of the LPC residue as the output of the 
unknown MA section and the LF model as the initial 
model of the desired input. 

The whitener is calculated, at each iteration, on the 
basis of the previous estimation of the input signal using 
the initial model as the first estimation. As shown in 
Fig. 10 and explained before, the deconvolution filter is 
designed to satisfy a non linear constraint optimization. 
Therefore, in brief, the algorithm starts, at the first 
iteration, by designing a whitener meant to whiten the 
initial model and then the deconvolution filter coefficients 
are estimated using the constraint optimization algorithm. 
Obtaining the filter coefficients and filtering the output 
signal, a new estimation of the input signal is calculated. 
This signal, after smoothing, replaces the initial model and 
is used for designing a new whitener at the next iteration. 

Whitener: Despite most researches where linear 
prediction methods are used for whitening, FFT-based 
inverse filtering is used here as it results in better 
impulsive signals. The problem, in this case, is to design a 
whitening filter which first whitens the signal in, and then 
filters the signal out.  The  result  of  this  process  is  a  new  
signal that can be stated as 

( ), ( )& ( )OUTnewsignal ifft OUT fft out IN fft in
IN

 (8) 

we assume that the lengths of the signals, out and in, are 
the same. 

Closed Phase Determination: The glottal closed and 
open phases, at first iteration, are identified using an 
initial estimate of the glottal flow derivative (initial LPC 
residue in Fig. 11) obtained by applying LP method over a 
whole period of the vowel sound. The closed and open 
phases are then modified once a new estimation of 
the glottal flow derivative is obtained. Generally speaking, 

 
Fig. 12.  LF model for the glottal derivative waveform. 
 
derivative is obtained. Generally speaking, the opening 
glottal phase is when the LP residual remains positive 
within a period. The glottal closure instant is identified as 
the LP residue reaches its negative peak. Now, the closing 
glottal phase is defined when this signal remains negative; 
and the closed glottal phase is the time passed after the 
glottal closure instant and before the opening glottal phase. 

LF Model: The LF model [29] is defined, over a single 
glottal cycle, by a set of parameters 

],,,,,,[ eoceo ETTTp  shown in Fig. 12 

0

0

( )
0 0 0 0

( ) ( )
1

0 0

sin[ ( )]
e c e

t T
LF e

t T T T
e c

t T

v E e t T T t T

E e e T t T

 (9) 

According to [40] the speech signal, [ ]s n , analyzed 
pitch synchronously, is first pre-emphasized by a single 
zero filter. An autocorrelation based LPC method is used 
for estimating the AR coefficients and the initial 
estimation of LPC residue, res , which is obtained by 
inverse filtering. Then, the LPC residue is smoothed to 
reduce the ripples and the noise components to yield 

_res s . The parameters of the LF model are estimated to 
fit  this  signal,  as  in  (12),  where  the  mean  square  error 

( )F p  is minimized. 
2( ) ( ( ) _ )LF

t
F p v t res s  (10) 

Here, the objective is finding the LF parameters subject 
to minimize ( )F p  where is the vector of model 
parameters. We use function “fminunc” of MATLAB® as 
the optimization tool for solving (12). This function uses 
an unconstrained optimization which is based on the 
quasi-Newton algorithm. 

The initialization plays an important role in the 
convergence of this type of algorithms. Three timing 
parameters cT , eT , oT  can be easily found (consider 
Fig. 12) once the closed and open phases are defined. It 
should be noted that the normalized sampling frequency is 
1, in this research. Moreover, for finding an appropriate 
initiation of shaping parameters ],,,[ eo E  the signal 
res_s is first normalized by multiplying to a constant, c, 
which is calculated as follow 

1 ec E  

As we find the time eT , eE can be easily calculated in 
accordance. In fact, this normalization causes that the 
maximum negative value of the signal, _res s ,  be  set  to   
-1. Using several experimental simulations we found 
the following values appropriate as initialization of the 
shaping parameters 
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(a) 

 
(b) 

Fig. 13.  (a) Selected periods of vowel /a/ and (b) the initial estimation of the 
glottal flow derivative and its related LF model. 
 

3, 3.1, 1.2, 2o oE  

After initializing the vector parameter P , the mentioned 
un-constrained optimization is applied to minimize (12) 
and reach the final estimation of the LF model parameters. 

V. EXPERIMANETAL RESULTS 
Two sustained vowels /a/ and /e/ pronounced by two 

different male adults are used for evaluating our proposed 
algorithm for glottal flow estimation. The selected pitch 
marked speech waveform, for each vowel, are shown in 
Fig. 13(a) (vowel /a/) & Fig. 16(a) (vowel /e/). Also, the 
initial estimations of glottal flow derivatives, initial LPC 
residues, and their corresponding LF models are shown in 
Fig. 13(b) (vowel /a/) & Fig. 16(b) (vowel /e/). As stated 
before, closed phase inverse filtering makes an accurate 
estimation of the glottal flow derivative which is 
considered as the output of the blind MA system or 
equivalently, the input of the semi blind deconvolution 
algorithm. These signals are depicted, at each single 
period, along with their related estimated inputs in Fig. 14 
(vowel /a/) & Fig. 17 (vowel /e/). Finally, the glottal 
waveforms are calculated by integrating the estimated 
inputs. According to [39], the glottal waveform is always 
non-negative over glottal phases. Therefore, the result of 
integration is shifted to make it non-negative. To make 
comparison, the glottal flow estimations, arrived at using 
our proposed algorithm, are depicted versus those obtained 
by closed-phase inverse filtering (CQ) and IAIF method in 
Figs. 15 and 18. 
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Fig. 14.  The estimated glottal flow derivative versus that obtained by CQ 
inverse filtering in (a) first, (b) second, (c) third, and (d) fourth period of 
vowel /a/ shown in Fig. 13. 
 

 
Fig. 15.  The glottal flow estimation obtained by our proposed algorithm, CQ 
inverse filtering and IAIF method. 
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(b) 

Fig. 16.  (a) Selected periods of a vowel /e/, (b) the initial estimation of 
glottal flow derivative and its related LF model. 
 

VI. CONCLUSIONS 
Semi blind deconvolution is introduced to solve the 

problem of estimating the input of an unknown non-
minimum phase FIR system using only noisy observed 
output and some knowledge of the original input such as a 
model. Here, unlike conventional blind deconvolution 
where some assumptions on the statistical properties of the 
white source signal are needed to be made, an initial 
estimation of the original input, to be identified based on 
some prior knowledge, is whitened and used instead of the 
usual i.i.d input. The algorithm is developed using an 
initial model, as the first estimation of the input signal, as 
there are applications such as glottal flow estimation 
where such a model exists. Furthermore, a constrained 
optimization is used to estimate the deconvolution filter to 
satisfy more than just one criterion. This optimization 
contains an objective function that is the maximization of 
the normalized kurtosis and, a nonlinear equality which is 
the mean square error (MSE) between the estimated input 
and the initial model. As an application we apply our 
proposed semi blind deconvolution algorithm to estimate 
the glottal flow excitation of vowels. Although the results 
are encouraging, it must be emphasized that many issues 
such as the convergence of the algorithm or the theoretical 
validity of the results remain to be studied. As for the 
validity of the obtained results, suffice to say that in fact 
only the pair of the estimated MA filter and excitation can 
be considered as a possible answer once the deconvolution 
filter is inversed using a suitable algorithm. As this latter 
is not necessarily invertible, only an approximate solution 
can  be  hoped  for.  However,  this  filter  can  be  used  as  an  
initialization of an adaptive filtering solution in which 
matching the exact LPC residual may be sought. This is of 
obvious importance in applications such as speech 
synthesis. In terms of ARMA modeling of speech, it is 
claimed that only a more plausible input is arrived at using 
this algorithm. 
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Fig. 17.  The estimated glottal flow derivative versus that obtained by CQ 
inverse filtering in (a) first, (b) second, (c) third, and (d) fourth period of 
vowel /a/ drawn in Fig. 16. 
 

 
Fig. 18.  The glottal flow estimation obtained by our proposed algorithm, CQ 
inverse filtering and IAIF method. 
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