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ABSTRACT

Articulatory speech synthesis involves three phonation models, namely the excitation source and the acoustic 
and articulatory models. The fi rst two models represent the generation and fi ltering of excitation signals, while 
the articulatory model defi nes the parameters of the fi lter. This study focuses on applying fuzzy logic and genetic 
learning techniques for the representation and control of articulators on the midsagittal plane, following a 
neuromotor approach. Specifi cally, movement of the tongue, by effect of muscular contraction, is derived from a 
Sugeno Fuzzy Inference System. Continuous Genetic Algorithms then evolve populations of articulatory vectors in 
order to approximate acoustic features of target Spanish vowels and consonants /m/, /n/, /f/ and /s/. Classic excitation 
signal generators and the transmission-line model were used for the source and acoustic models, respectively. The 
learned midsagittal confi gurations along with subjective tests performed by a group of evaluators, positively 
verify the effectiveness of these techniques for modeling part of the articulatory speech processes.
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RESUMEN

La síntesis de voz articulatoria involucra tres modelos de la fonación, específi camente, la fuente de excitación, 
y los modelos acústico y articulatorio. Los dos primeros modelos representan la generación y el fi ltrado de 
las señales de excitación, mientras que el modelo articulatorio defi ne los parámetros del referido fi ltro. Esta 
investigación se enfoca en la aplicación de lógica difusa y técnicas de aprendizaje genético para la representación 
y control de los articuladores en el plano medial, de acuerdo con el enfoque neuromotor. Específi camente, el 
movimiento de la lengua, por efecto de la contracción muscular, se deriva de un Sistema de Inferencia Difusa estilo 
Sugeno. Posteriormente, Algoritmos Genéticos Continuos evolucionan poblaciones de vectores articulatorios para 
aproximar las características acústicas de vocales españolas objeto, y de las consonantes /m/, /n/, /f/ y /s/. Para 
la fuente y el modelo acústico, se utilizan un generador clásico de señales de excitación y el modelo de líneas 
de transmisión, respectivamente. Las confi guraciones mediales aprendidas, junto con las pruebas subjetivas 
efectuadas por un grupo de evaluadores, verifi can positivamente la efectividad de estas técnicas para modelar 
parte de los procesos articulatorios del habla.

PALABRAS CLAVE: Aprendizaje artifi cial, síntesis articulatoria de voz, lógica difusa, algoritmos genéticos, 
modelos mediales. 

INTRODUCTION

Articulatory speech synthesis is a conceptually 
direct approach to the generation of voice signals. 
Rather than relying on speech segments recorded from 
human speakers, the articulatory method is based on a 
simulation of the transit of air particles through oral and 
nasal cavities. During such transit, frequency properties 
of the airfl ow are modifi ed in order to approach those of 
the target phonemes. Ideally, the output signal in the lips 
and nostrils should approximate an intended sequence of 
phonemes, in the frequency domain. In humans, speech 
is the result of a multilevel signal transduction process. 
First, we form a mental image of the words or sentences 
to utter. Later, the brain sends activation signals to the 
proper muscles. Then, such muscles contract, with 

diverse effects. For example, some activations will lead 
to contraction and expansion of lungs, which provide 
the energy source. Other muscles alter the position of 
articulators, such as tongue, jaw and velum. In humans, 
learning to utter requires identifi cation and memorization 
of the muscular activations corresponding to target 
phonemes. Working at the muscular activations level 
is referred to as a neuromotor approach (Deng and 
O’Shaughnessy 2003); such approach is more fl exible and 
closer to the underlying phonatory processes than other 
views in which confi guration of tracts and articulators is 
directly set.

THE SYNTHESIZER’S MODELS

In practice, however, implementing an articulatory 
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synthesizer is a hard task. Simply there is no complete 
knowledge about the involved processes. Besides, 
articulators' dynamics and couplings are nonlinear 
(Schroeter and Sondhi 1994, Rodríguez et al. 2000). 
Therefore, some simplifi cations are required. According 
to the classic and in force Acoustic Theory of Speech 
Production (Fant 1970), the speech signal is the output 
of an acoustic fi lter excited by glottal or unvoiced 
signals, produced by an excitation model. The fi lter is 
also referred to as the acoustic model, and its behavior 
is given by the confi guration of tracts and articulators. 
Such confi gurations are defi ned on an articulatory model. 
In turn, the parameters which defi ne a confi guration on 
the articulatory model are grouped into an articulatory 
vector p(t), which generally depends on time t. The 
articulatory model should be suffi ciently general in 
order to represent the important confi gurations of the 
human phonatory system, within computational and 
knowledge bounds.

Now, learning can be viewed as the problem of 
determining the articulatory vector that would allow 
an acoustic approximation to a given target phoneme 
sequence, a problem which is also known as speech 
inversion (Sorokin et al. 2005). Production of simple 
sounds, such as vowels, may be achieved by holding 
relatively static articulatory confi gurations. On its side, 
pronunciation of complex sentences requires adopting 
several specifi c articulatory confi gurations, including 
transitions between phonemes. In this research, learning 
is restricted to Spanish vowels and consonants /m/, /n/, 
/f/ and /s/. These phonemes cover voiced and unvoiced 
excitation, nasals and fricative sounds. And only static 
confi gurations have to be retrieved. The neuromotor 
process operates on two levels:

1. Initially, the target sequence is transformed into 
supraglottal muscular activations, arranged into an 
articulatory vector p(t). 

2. Later, p(t) is used to compute a midsagittal fi gure 
of the supraglottal airways. Functions A(x,t) and L(x,t) 
return the area and length of such tracts, respectively. x 
holds the distance from the glottis. Theoretically, A and L 
are continuous functions of space and time. Even simple 
utterances impose signifi cant variations of area and 
length of vocal and nasal cavities.

These two levels form the articulatory model. Further 
on, data from this model are provided to the acoustic 
model, which represents the referred fi lter. In other 
words, the acoustic model performs the mapping to the 

acoustic domain; the fi lter's parameters are both A(x,t) 
and L(x,t). In turn, an articulatory speech synthesizer φ is 
an implementation of these models, in order to generate 
a speech signal Sv. As told, an important problem is to 
recover the parameters which allow φ to produce a target 
signal. Then let α be a function which computes acoustic 
traits of Sv into a column vector. Here, those traits will be 
formant frequencies. Now the inversion could be stated 
as an optimization problem:

min{WT|α(φ(p(t)))-α(Sv)|:p∈AD}

W is a vector used for relatively weighting the 
error components. AD denotes the articulatory domain 
or the set of posible instances of articulatory vectors. 
The solution to this learning problem is interesting 
in order to reduce the memory space and bandwidth 
requirements for storage and transmission of speech 
signals. Additionally, recovering articulatory states is 
a low cost and noninvasive method for comprehension 
and recollection of data on phonatory processes. Speech 
recognition is also theoretically possible, by means of 
transition to the articulatory domain, where signals may 
be characterized by fewer parameters. In the long run, 
articulatory synthesis is expected to be the defi nitive 
answer for computer speech synthesis, as Klatt (1987) 
predicted some years ago.

However, because mapping between articulatory 
and acoustic domains is nonlinear and many-to-one, 
defi nition and achievement of acceptable solutions 
to this problem are not trivial issues (Schroeter and 
Sondhi 1994). A direct approach is to build codebooks 
of articulatory confi gurations, with their respective 
acoustic signals, and then search and interpolate to 
get a confi guration for the target signal (Schroeter and 
Sondhi 1994). Genetic algorithms have also been used, 
albeit the approach and type of signals studied differ to 
those used in this research (McGowan 1994, Brito and 
Rodríguez 2006, Brito 2007). More recent research recur 
to control points experimentally measured to a group of 
speakers, and inversion minimizes the distance between 
the articulatory model and the referred points, by using 
quadratic approximations (Leonov and Sorokin 2003, 
Sorokin et al. 2005). Our study, however, investigates the 
application of machine learning techniques to the speech 
inverse problem. Concretely, fuzzy rules for modeling 
the tongue kinematics, and genetic algorithms to carry 
out the overall optimization process. Other novelty of this 
research is the use of instances of the fi ve Spanish vowels, 
nasal consonants /m/ and /n/, and fricative consonants /f/ 
and /s/, grouped in the corpus of target speech signals.
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SIGNALS AND SUPRAGLOTTAL MUSCULAR 
ACTIVITY

Acoustic assessment of inversion requires the 
computational implementation of φ. Consequently, all 
signals in the research are discrete. Furthermore, target 
signals in the corpus are preprocessed in order to remove 
silence and transitions toward neighbor sounds (only 
for consonants). Therefore, our target signals exhibit 
relatively static frequency properties, and so a sequence of 
vectors to describe the sound in the articulatory domain is 
not necessary. As only one vector will be recovered from 
each target signal, the inversion is static, and temporal 
dependence could be dropped from p(t), A(x,t) and L(x,t).

Muscular contractions linked to articulation may 
change the confi guration of the supraglottal airways, 
and ideally take on some articulatory confi guration 
correspondent to a specifi c phoneme; therein lies the goal 
of learning. In this respect, the articulatory vector p will 
group several supraglottal muscles whose activity alters 
the state of the midsagittal outline. In numerical terms, 
there are no complete and defi nitive data on this muscular 
activity and its kinematic effects. Here we consider 
the muscular activity as a real number bordered by 0.0 
and 1.0, denoting null and maximum muscular activity, 
respectively. General effects of muscular contractions 
are taken from approximations in the literature. In 
order to cover the articulatory space, p will contain the 
following 12 muscles (Boersma 1998, Stevens 1998, 
Dang and Honda 2004), functionally isolated, combined 
or subdivided:

1. Middle Pharynx Constrictor (MC): This muscle 
infl uences horizontal displacement of the hyoid bone, 
and its surrounding zones, approximately by 0.5 cm.

2.   Masseter (MA): Raises the jaw, following an angle up 
to 0.15 radians relative to temporomandibular joint.

3.   Mylohyoid (MH): Descends the mandible, up to -0.20 
radians respect to temporomandibular joint.

4.   Styloglossus (SG): Retracts the tongue in direction of 
the styloid process.

5.  Hyoglossus (HG): Descends and slightly retracts the 
tongue body.

6.     Anterior Genioglossus (GGa): Descends the tongue tip.

7.  Middle Genioglossus (GGm): Moves tongue body 

forward, and slightly downward.

8.   Posterior Genioglossus (GGp): Raises and advances 
the tongue body.

9.   Intrinsic tongue muscles (Up): Raise tongue tip.

10. Intrinsic tongue muscles (Down): Descend tongue tip.

11.  Risorius (RI): Spreads the lips, changing the width of   
the lip opening up to 4.5 cm.

12. Orbicularis Oris (OO): Acts for lip rounding, pulling 
the upper and lower lips together (with a respective 
maximum vertical change of 1 cm) and protruding 
them (up to 2.0 cm).

The tongue constitutes the main articulator, basically 
because of its mobility. It is known that several muscles 
intervene in its movement, but at this time, precise 
metrics on such activity are missing. However, the effects 
of every muscle in qualitative terms, as seen, are indeed 
relatively established. Nevertheless, some researchers 
differ in certain topics. For example, a research based 
on the analysis of magnetic resonance images holds 
that Superior Longitudinal muscle combines with GGa 
to raise the tongue tip (Stone et al. 2001). In contrast, a 
more recent work, whose observations are followed here, 
suggests that simultaneous contraction of such muscles 
establish an antagonist and unnatural tension (Dang and 
Honda 2004). Accordingly, it seems safer to attribute 
tongue tip descent to GGa, and tongue tip raising to the 
intrinsic muscle. Additionally, muscular capabilities vary 
among speakers. So, to simplify description of tongue 
kinematics, and to facilitate updates of the model or its 
alteration to mimic features of some speaker, we recur 
to a zero-order Sugeno Fuzzy Inference System whose 
input is the pertinent muscular activity, and its output is 
the variation on the plane of the position of the tongue 
body. The fuzzy rules have the form:

If Musclei is Fij then ΔLi = Mij (rule weight: wi)

where 1 ≤ i ≤ 8 and 1 ≤ j ≤ 3. The tongue body may 
undergo horizontal (FORWARD or BACKWARD) or 
vertical (UPWARD or DOWNWARD) displacements, 
due to muscular contraction. According to descriptions 
in the previous section, the muscles and their respective 
actions ΔL are: Muscle = [GGm, GGp, SG, HG, GGp, 
SG, HG, GGm], and ΔL = [FORWARD, FORWARD, 
BACKWARD, BACKWARD, UPWARD, UPWARD, 
DOWNWARD, DOWNWARD]. 
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Activity of each muscle may be LOW (j=1), MEDIUM 
(j=2) or HIGH (j=3), and therefore, input sets Fij are 
distributed as Gaussian curves, centered in 0.0, 0.5 and 1.0, 
with respective standard deviation of 0.14, 0.17 and 0.14 
(Figure 1). ΔLi describe changes in position of the tongue 
body as result of the muscular action; defi nitive change in 
tongue position is given by addition of crisp values (i.e., 
after defuzzifi cation) of FORWARD and BACKWARD 
(for horizontal displacement), and of UPWARD and 
DOWNWARD (for vertical displacement). 

Figure 1. Fuzzy Input Sets (Muscular Activities).

On its side, sets Mij indicate if positional change is LOW, 
MEDIUM or HIGH. Obviously, the universe for defi nition 
of these sets depends on ΔLi. Membership functions, in 
centimeters, are [0.0 1.0 2.0] for FORWARD, [0.0 0.75 
1.5] for BACKWARD, [0.0 1.75 3.5] for UPWARD, and 
[0.0 0.75 1.5] for DOWNWARD. These ranges suffi ce 
to cover the tongue zone on the midsagittal plane, in the 
respective directions. Further on, our purpose will be to 
recover the best values for muscular activity, corresponding 
to anatomically licit vocal tract confi gurations. 

Finally, weights wi refl ect the relative importance of a 
given muscle i in action ΔLi. Values were set to wi = [1, 1, 
1, 0.86, 1, 0.74, 1, 0.84], stating the relative contribution 
of each muscle for the considered actions. The general 
shape of the output surfaces is as displayed in Figure 2.

Figure 2. Output Surface (Tongue's Forward Movement).

SUPRAGLOTTAL MIDSAGITTAL OUTLINE

Phonemes of interest can be characterized on the 
articulatory midsagittal plane. Models of this type 
consolidated with Mermelstein's paper (Mermelstein 
1973), whose metrics and observations have been reutilized 
by several researchers, mainly for its explicitness and 
complete explanations (Rubin et al. 1981, Boersma 1998, 
Childers 2000, Brito and Rodríguez 2005). Equilibrium 
position of our model, depicted in Figure 3, is partially 
based on Mermelstein's measurements. The midsagittal 
confi guration consists of anterior and posterior outlines. 
The former represents the front larynx, the hyoid bone, 
the tongue, the sublingual cavity, and the lower teeth and 
lip. 15 control points determine the outline shape and 
length. On its side, the posterior outline comprises the 
back larynx, the rear pharyngeal wall, the soft and hard 
palate and the upper teeth and lip.

 

Figure 3. Equilibrium confi guration of the midsagittal model.

Once the articulators reach a new position, a mesh 
of 60 sections of the vocal tract must be built in order 
to sample the area function, implying an inferior 
computational cost in subsequent operations. Finally, 
synthesis of nasals requires setting the velopharyngeal 
port area to 0.5 cm2, in order to allow air fl owing into 
nasal cavities. Data of nasal tract's area and length is also 
used (Childers 2000).

SOURCE AND ACOUSTIC MODELS

The energy source for generating vowels and nasals 
is yielded by a Liljencrants-Fant glottal pulse model 
(Lin 1990, Stevens 1998). Phonemes /f/ and /s/ require 
unvoiced excitation. In this case, a parallel coupled 
turbulence source (Childers 2000) is added upstream 
from the maximal section of constriction. On its side, the 
acoustic model is based on the transmission line analogy, 
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account for the acoustic signifi cance of each formant. 
Additionally, Obj will be extended with a term to favor 
confi gurations with lower energy usage. That term 
accounts for the fact that phonation always prefers lower 
cost and simpler articulations (Seikel et al. 2005). Finally, 
Obj has the form:

where k indexes muscles encoded into individual p'. For 
consonants, the objective function must change, as they 
are distinct acoustic events. When inverting nasals, the 
objective function changes to

where Fzerr = | αC(φ(p(t))) - C | is a term to take into 
account the antiresonances. Now, only three resonances 
are computed (1 ≤ i ≤ 3), and therefore the weights are 
[10 10 10]. Nasals' spectrum reveals antiresonances 
produced by the tracts couplings. Thus, αC returns the 
zeros of the transfer function, and C is a vector ([500 
1000]T for /m/ and [500 1800]T for /n/) which contains 
the typical location of the low frequency zeros. The fi rst 
antiresonance at 500 Hz comes from the maxillary sinus, 
and the second zero stems from the oral tract coupling. 
Weighting of these zeros is set to Wz = [10 10]T. For 
fricatives, the objective function is simpler. In this case, 
the inversion tries to approach the fi rst resonance of an 
ideal acoustic tube anterior to the constriction section. 
For /f/, such resonance is fi xed to 18 kHz. For /s/, it is set 
to 5 kHz. The weighting factor is 200 (note that i=1).

Regarding the parameters and choices of the CGA, 
crossover and mutation are performed by using the 
variants for real numbers provided by the library GEATbx 
(Chipperfi eld et al. 2005). Selection and reinsertion 
procedures were universal stochastic and fi tness-based, 
respectively. To determine the population size Tp, and 
the mutation rate Mr, preliminary essays were performed 
using an instance signal of vowel /u/, which demands 
a considerable displacement of the tongue. These fi rst 
runs of the CGA yielded Tp = 35 and Mr = 0.26 as the 
values giving the lowest amount of objective function 
evaluations.

RESULTS AND DISCUSSION

The corpus of target signals consists of utterances for 
each target signal by 4 (Venezuelan) Spanish speakers, 
2 males and 2 females. With every target signal, the 
CGA was run 20 times, and the best fi t individual was 

following the classic approach of Maeda to derive 
the system's equations (Maeda 1982). The frequency 
response of the fi lter depends on the lengths and section 
areas derived from the articulatory model.

LEARNING OF SUPRAGLOTTAL ACTIVITY

Articulatory inversion, as aforesaid, can be considered 
a problem of minimizing acoustic distance between a 
target signal Sv and the synthetic emission of φ, Sv’. For 
voiced phonemes, resonances of the vocal tract appear 
particularly clear in the frequency domain. Therefore, 
the vector of acoustic features F will include the fi rst 
four resonances (formants) of the vocal tract, F = [F1 F2 
F3 F4]. In the target signal we apply Linear Prediction 
with variable order to formant tracking (Yan et al. 2005). 
For the synthetic signal, formants represent peaks in 
the transfer function, derived from the acoustic model. 
The optimization problem is approached by means of 
continuous genetic algorithms (CGA) (Haupt and Haupt 
2004), because the articulatory search space is very 
large and the input variables are continuous. Besides, 
interactions between the articulators are complex and 
highly nonlinear: the neuromuscular mechanisms 
able to control the vocal tract shape are indirectly 
coupled. Initially, the population comprises articulatory 
confi gurations randomly formed. Subsequently, through 
genetic optimization, the genetic material converge 
toward those confi gurations acoustically near to the 
target signal. Genotype of an individual corresponds 
to muscular activity (in [0.0,1.0]) of the 12 considered 
muscles. So, the encoded phenotype is an articulatory 
confi guration on the midsagittal plane.

Assessment of a speech signal respect to naturalness, 
quality and intelligibility constitutes a research topic on 
its own (Childers 2000). However, for this research's 
goals, it suffi ces that the synthetic emission produced 
with the recovered parameters can be correctly 
recognized by a human, independently of the specifi c 
subjective attributes of the signal. This way, the objective 
function will promote predominance of those individuals 
with formantic structure similar to the target's. So, let 
Obj be the objective function, F the image of α(Sv) 
(target formants), and F' formants F1-F4 associated with 
individual p'. Then, the evaluation that Obj performs on 
p', in principle, is given by:

Obj = [100 60 30 15] Ferr

where Ferr is the vector whose components have the 
form |Fi - Fi'| / Fi, for 1 ≤ i ≤ 4. Coeffi cients of each term 
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chosen to produce the synthetic signal. A vowel /a/ was 
appended to the raw consonant signals. Synthesis of these 
consonant-vowel sequences recurs to three frames. The 
fi rst frame belongs solely to the consonant signal. Next, 
an interpolation routine transforms the area and length 
functions from the consonant confi guration to the /a/ 
confi guration. The last frame comprises the vowel signal. 
Both /p/ and /b/ are bilabial phonemes, articulatorily near 
to the /m/ confi guration. Therefore, consonants /p/ and /b/ 
were also generated, by using the retrieved articulatory 
confi gurations of /m/ and an impulse-like excitation. 

Afterward, each signal was played to 8 evaluators, 
who identifi ed with no error the synthetic emissions of 
vowels. There were some errors identifying consonants, 
as Table 1 shows. Each row in Table 1 corresponds to 
a specifi c consonant-vowel sequence, and tells how that 
sequence was classifi ed by evaluators. For example, the 
fi rst row shows that sequence /ma/ was correctly identifi ed 
in 43.75 % of evaluations; however, it was also confused 
with /ba/ 12.50 % of times. Errors were expected, as 
consonants are by far the most diffi cult sounds for the 
acoustic model, and thus the obtained recognition errors 
are acceptable. Nasal sequences /ma/ and /na/ exhibit 
the biggest identifi cation error, due to the fact that the 
low frequency range proves insuffi cient for learning 
these phonemes. Also recall that the inversion procedure 
discarded information on transitions between phones, 
a very important cue for recognition of the sequences. 
On its side, the rates 0.7813 and 0.6875 for fricatives are 
satisfactory, considering that the used noise source is in 
fact very basic. Identifi cation rates of plosives are also 
higher than 0.5. In other words, the subjective evaluations 
confi rmed that the CGA was able to recover articulatory 
parameters corresponding to signals acoustically near to 
the target ones. 

Table 1. Confusion matrix in consonants identifi cation

Sequences

/ma/ /na/ /fa/ /sa/ /pa/ /ba/

/ma/ 0.4375 0.4063 0.0000 0.0000 0.0313 0.1250

/na/ 0.3125 0.4688 0.0000 0.0000 0.0000 0.2188

/fa/ 0.0000 0.0000 0.7813 0.2188 0.0000 0.0000

/sa/ 0.0000 0.0000 0.3125 0.6875 0.0000 0.0000

/pa/ 0.0625 0.0000 0.0000 0.0000 0.6250 0.3125

/ba/ 0.1250 0.0000 0.0000 0.0000 0.3125 0.5625

Additionally, the recovered articulatory confi gurations 
are consistent with descriptions of articulatory phonetics 
(Obediente 2001). For example, it is evident in Figure 
4, that the tongue retracts in direction of the styloid 
process in the recovered confi guration, somewhat similar 
to the confi guration in the magnetic resonance image. 
Furthermore, the lips are forming a larger end, as must 
be for vowel /u/. Figure 5 groups the activity levels of 
the muscles in the articulatory vector for the learned /u/. 
As expected, the OO is activated at its maximum, and the 
MH is responsible for opening the oral tract, as required 
by a vowel.

Figure 4. Magnetic Resonance Image for vowel /u/ (Kröger et al. 
2000) and its inverted confi guration.

 
Figure 5. Retrieved articulatory vector for /u/.  

 

Figure 6. Retrieved confi gurations for vowels /a/ (left) and /e/ (right).
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Figure 7. Retrieved confi gurations for vowels /i/ (left) and /o/ (right).

 
Figure 8. Retrieved confi gurations for /m/ (left) and /n/ (right).

Figure 9. Retrieved confi gurations for /f/ (left) and /s/ (right).

On its side, the best recovered confi gurations for 
the remaining vowels, grouped in Figures 6 and 7, also 
exhibit articulatory consistency. Note in Figures 6 and 7 
that in /a/ the tongue takes on a relatively central position, 
and the confi guration, overall, is an open vocal tract. On 
the contrary, /e/ and /i/ establish a superior and anterior 
constriction, in respective degrees. Last, /o/ implies a 
posterior constriction, with the lips also forming a longer 
acoustic tube. Best recovered consonant articulations are 
also consistent. For example, the two frames in Figures 
8 show anterior oral occlusions, in the lips (/m/) and in 
the alveolus (/n/). And Figure 9 demonstrates that the 
considered fricatives exhibit an airfl ow obstruction in 
the same regions as nasals, but instead of an occlusion, a 
constriction is formed.

CONCLUSIONS

As retrieved confi gurations and subjective evaluations 
show, all the applied machine learning techniques 
successfully approached the inverse problem. So, 

modeling of relations between muscular contraction and 
lingual body movement was possible in the Sugeno Fuzzy 
Inference System. The CGA also retrieved consistent 
articulatory confi gurations, for vowels and the studied 
consonants. However, the acoustic output is not perfect and 
natural, and thus more insight is needed into the acoustic 
models. Transition to a dynamic inversion approach, 
and a larger target corpus are future research goals.
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