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Theoretical background 
The so-called inverse transform generates 'pseudo-area functions' that can be trans- 
lated back to high-quality synthetic speech. They remain fictional in the sense that 
they do not necessarily resemble natural area functions. Transforms can also be im- 
plemented by neural networks. This procedure will not provide an exact transform, 
but the error can be minimized by choosing optimal weights. To get the desired gen- 
eralizing effects for enabling fast and sufficient solutions, when using a neural net- 
work, you need an exact relation between input and output data to train the net on. 
To find exact relations you could use published material based on physical meas- 
urements or extract vowel-like area descriptions based on one of the many existing 
vocal-tract models, and hope that the generalizing effects will be reached. 

Published material of the exact relationship between acoustics and articulation is 
very meager. Fant published a small material based on Russian vowels (1960). 

The training material should not be too small if the net is to perform well. This 
means that a vocal-tract model will have to be used. A few questions arise that must 
be considered, as for instance: Will the model generate area functions that describe 
the vocal tract well? That is, will the material be useful in the analysis of natural 
speech. What quantity of material should be used? The non-uniqueness of acoustic 
features and possible corresponding tract shapes will also contribute to further 
problems. 

Neural networks are frequently used today in many applications. The most com- 
mon method is to examine the recognition rate of material similar to the training 
material1 (e.g., Xue, Hu, & Milenkovic, 1990). Our task is to compare different area- 
model representations, with real area-data-based material and natural speech mate- 
rial. Comparisons have been made of different speech-signal representations (Davis 
& Mermelstein, 1980; Borell, 1992). MEL-scaled filters have been used earlier to- 
gether with neural networks (Elenius & Takacs, 1990). 

Technical background 

Fig. 1. The system module used in this paper. 

The implementation is made on a PC 386 equipped with a TMS 32030 DSP-card. The 
digital signal processor, together with the FFT mel-scaled filters and the neural net- 
work, allows real-time operation. The software implementation of the neural net- 
work and the FFT mel-scaled filters in the DSP environment have been developed by 
Borell (1990 ). 

The principles and basics of neural networks are not discussed in this paper. This 
information can be found in (e.g., Lippmann, 1987; McClelland & Rumelhart, 1988). 

'i.e., material generated by the same model 



STL-QPSR 1 / 1992 

This study started as a thesis work, and the principal part was to build a working 
system. Further studies have been done to examine some problems involved. The 
studies presented in this paper will relate mostly to the post-thesis work. 

METHOD 

Speech-signal representation 
The speech signal is sampled at 16 kHz, and the samples are read into one out of 
three buffers each containing 256 samples. An FFT-procedure (radix-2) is made us- 
ing a Hanning-window, (Burrus & Park, 1985; Sorensen & al., 1987). The calculated 
spectrum samples are squared and summarized in groups, where each group is de- 
fined as being one Bark wide, see Table I. 

Table I. The different MEL-scaled filters cut offfrequencies and the number of FFT-samples included. 

Graphical display 

The mid-sagittal display is modelled with a 
representation as in Fig. 2. The upper/back 
contour is rigid and the lower/front con- 
tour, with tongue and jaw, is mobile. 

The mid-sagittal outline is computed in 
three different parts, the first #1-6 with Car- 
tesian coordinates, the second #7'-13' with 
Polar coordinates, and the third #14'-16' 
with Cartesians as well. 

The 16 area values, outputs from the 
neural network, are transformed into mid- 
sagittal components. The area of a cross 
section is modelled either as an ellipse, cir- 
cle or with a power function depending on 
which part of the vocal tract is described 
(Sundberg, 1969). 

Area models 
Three different materials are analyzed in 2. Graphical display. 
this paper, two materials based on Maeda's 
(1990) articulatory-parameter model and the third material, a three area-parameter 
model based on Lin (1990). Lin's model in turn is a modified version of the three-pa- 
rameter model of Fant (1960). 
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The Maeda model 

This model (Maeda, 1990) was based on a statistical analysis of 1000 profiles ex- 
tracted from cineradiography of French utterances and on a film of lip articulation 
with both front and profile views. The two subjects were females. By factor analysis, 
the observed tongue shapes have been divided into components, directly linked to 
articulators. It should be noted that the tongue body component seems to indicate a 
front/back variation and the dorsal component a bulging or flattening deformation. 
There are also three parameters, taking into account the position of the larynx and 
separate controls of the lip position and protrusion. 

The output is an outline of the vocal tract in the mid-sagittal plane. A correspond- 
ing area function, based on a fixed number of tubes, can also be calculated by a 
transformation from sagittal distance to an area function based on an power-function 
type model (Heinz & Stevens, 1965). The area function A at a point is derived from 
the sagittal measurement d as: 

P A = a . d  ; 1 . 7 I a I 2 . 6  and 1 . 2 I / J I 1 . 5  

where the coefficient a depends on the different vocal-tract zones. Seven articulatory 
parameters and area descriptions2 are extracted from this model. 

The Newtract model 

The model is a 16-tube application based on the Lin (1990) vocal-tract model, devel- 
oped from that of Fant (1960). The first tube represents the lip area and the sixteenth 
tube represents a constant glottis area. The constant maximum area A is 8 cm2. The 
tongue hump is modulated as a sinus or an asymmetric combination of a sinus and a 
squared sinus. The constriction placement, from tube 2 (front) to tube 14 (back), 
deals with the dependency of a symmetric or an asymmetric tongue hump when 
back or front vowels are calculated. Three parameters, the constriction area A,, the 
placement of the constriction X, and the lip-area, independently varied3, specify the 
vocal-tract shape. From this model area descriptions and three-parameter values 
have been extracted. 

The training material 
The first material based on the Maeda model is machine generated by letting six of 
the seven parameters vary, with the only constraint that the constriction area must be 
greater than 0.25 cm2. This material contains of 3500 area descriptions and will be 
referred to as "maeda 1 ". 

The second Maeda model-based material is based on visual acceptance of possible 
combinations of the seven parameters that generate the mid-sagittal display together 
with the same restriction as above. The material consists of 190 area descriptions and 
will be referred to as "maeda 2 ". 

The third material is based on the Newtract model. The three parameters defined 
are independently varied. The minimum constriction area is the same as above. This 
material consists of 420 area descriptions and will be referred to as "newtract ". 

n  he area values are 16-tube approximations of the original area description, transformed from the sagittal 
plane. 
3 ~ o  aspects laid on whether the parameters are dependent or not. 
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Speech signal generation 
The speech synthesiser used is 
DLEA (Liljencrants, 1985), a digital 
reflection-type line analog. This syn- 
thesiser is time-domain based and 
contains parameters specifying parts 
of the premises of this test. The cho- 
sen sample frequency, 16 kHz, gives 
that each unit length tube will be 
1.09 cm long, and the total amount of 
16 tubes gives us the constant length 
of the vocal tract 17.5 cm. After cal- 
culating the reflection coefficients 
including lip-radiation effects, the 
speech signal is generated by excit- 
ing the vocal tract with an LF-pulse 
at the glottis end and letting the 
wave propagate forward and back- 
wards through the tubes, as shown 
in Fig. 3. 

The LF-model (Fant, Liljencrants, 
dr 1985) is a glottal flow Fig. 3. Space-time diagmm of the computation se- 
with four parameters. These quence of the line analog (Liljencrants, 1985). 
information about pulse duration, 
amplitude, and the waveform. The 4th parameter, t ~ ,  is a time constant describing 
the return phase from the point of maximum closing discontinuity to maximum clo- 
sure. This phase is approximately equivalent to a low-pass filtering (1st order) with a 
corresponding cut-off frequency fA = 1/(2rtA) which implies a source spectrum tilt 
increase with increasing tA. 

Different in- and output representations of the ANN 
The neural network has been trained on six different combinations of inputs and 
outputs. 

Inputs: 

fb: fb denotes the use of 16 filter-bank parameters previously described. 
dfb: A delta filter-bank representation where 

thus resulting in 15 parameters. 
cep: 16 cepstrum coefficients calculated from the filter-bank representation as 
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same volume in each section as the scaled version of the original. No notice has been 
taken to investigate which one of these methods is the best, it is just stated that some 
other treatment could be more appropriate. The aim has merely been to acquire ap- 
proximate vowel-like descriptions entirely independent of the training material. 

All the training material has been synthesized with DLEA and the LF-parameter 
t~ set to zero (i.e., no high frequency deemphasis). The independent test material 
(the Swedish and the Russian vowels) was synthesized in the same way as the 
training material, i.e., all parameters set to the same values. 
Since different voices show different spectral tilts, it is interesting to investigate how 
sensitive the neural net is to this variation. Thus, the test material was synthesized in 
four different versions with t~ = 0, 75 ps, 150 ps, and 300 ps, respectively. These 
speech files were fed to the neural net, trained on the cep-area relation. 

Vowel sound representation 

The three materials used have been generated by independent variation of input pa- 
rameters. The materials are shown in F1 vs. F2 diagrams, Figs. 6-8, together with 16- 
tube represented Russian vowels, to get information about the "vowel-likeness". The 
values plotted in the F1 vs. F2 diagrams are calculated with Tracttalk (Lin, 1990) that 
includes the vibrating-wall losses as well as the lip-radiation effects. 

RESULTS 

Effects of using the 16-tube approximation 

By using a 16-tube representation of the vocal tract, there will be losses of informa- 
tion that may affect the representation in an F1 vs. an F2 diagram. Table I1 compares 
the 16-tube representation of the Russian vowels and the original measured formant 
frequencies (Fant, 1960). 

Table II. Comparison between measured original formant frequencies and model generated formants. 

The large deviation in F2 of /i/ is due to the simple interpolating method. The 
constriction at the incisors has been missed. 

The effect of using the 16-tube representation of the vocal tract will clearly be seen 
in a plot, e.g., Fig. 5, where the vowel representation area has decreased in compari- 
son to the area obtained with Tracttalk fed with data of the same articulatory resolu- 
tion as the measurements, that is, 0.5 cm. The approximations have been done by 
linearly interpolating the areas to maintain the same volume as the original represen- 
tation of the vocal tract. 

The vowel-space area will decrease by reducing the number of tubes representing 
the vocal tract. The distinct distance between the vowels will also be shrinked, see 
Fig. 5, which means that the spectral differences between the vowels will be smaller. 





Second formant, Hz Second formant, Hz Second formant, Hz 
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Fig. 9. Effects of feeding a net with the Russian vowel /a/  synthesized with difierent t~ (p). The 
net was trained on the meada 2 material. 

Table 111. The Russian vowels /a/,/e/,/i/, and 101. Weights chosen after the number of training-itera- 
tions showed. Errors in squared natural logarithms. 

Figure 10 shows the reference for the vowel / a /  and the output from a neural net 
fed with speech synthesized from the reference. This net was trained on the "maeda 
2" material. A distinct feature of this net is that the cross-sectional area of the lower 
pharynx is too small for those vowels that have a widening of this region. To this 
category belongs the Swedish vowels /a/, /a/, and The explanation is simply 
that the training material does not contain those area functions that have a widening 
of the lower pharynx in combination with a widening in the mouth cavity. 
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The articulatory closest and the acoustically closest area functions give us a hint of 
in what region one might expect the neural net output to be found. Since the refer- 
ence is not found in this region, we cannot expect the neural net to present an output 
that gives a perfect fit. In this case the area values of the pharynx are extreme com- 
pared to those of the training material. The net can be expected to generalize but 
hardly to extrapolate. 

Another very conspicuous feature of the front vowels produced is the local mini- 
mum at tube 4. 

1 2 3 4 5 6 7 8 8 10 11 12 13 14 15 16 

Tub. 

- FZ. 10. The reference area for the ~wediskuowel /a/and the output from an artificial neural 
net fed with speech synthesized from the reference (AMV-output). 

ANN-output 

- reference 

spectral-cbse 

area-cbse 

T u k  

Fig. 11. The reference area for the Swedish /e:/ and the output from an artificial neural net fed 
with speech synthesized from the reference (ANN_output). These are compared with the area- 
closest and the spectral-closest representations found in the training material. 

44 
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The greatest difficulty is that of the articulatory model and how it is used. Con- 
sidering the results of the Swedish vowels fed to a net trained on material generated 
by Maeda's model, a few remarks can be done. 

The figures in Tables 111-V imply that networks trained on the smaller material 
("maeda 2") generated with Maeda's model perform just as well as those trained on 
the larger material ( "maeda 1 "). 

1 2  3 4  5  6  7 8 9  1 0 1 1 1 2 1 3 1 4 1 5 1 6  

Tub. 

Glonls Lps 1 
Fig. 13. The Swedish vowel /A. Output from an artificial neural network trained with the Newtract- 
material. 

u-. J 

1 2  3 4  5 6  7 8 9 1 0 1 1 1 2 1 3 1 4 1 5 1 6  

Tub. 
Glottis 

Lps 

Fig. 14. The Swedish vowel lo:/. Output from an artificial neural network trained with the Newtrad- 
material. 

The front vowels in the training material are not represented with area values in 
the pharynx of sufficient magnitude. This might be due to the fact that Maeda's 
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model is based on data extracted from female subjects, and that the Swedish vowels 
were derived from a male subject. Another possibility is that the model has not been 
properly sampled, i.e., the parameters might not have been varied in a sufficient and 
optimal way. This effect is even more evident, for the same reason, when testing 
with the Russian vowels. 

As noted in the results, shapes close to /$/, /u:/, /o:/, /a:/, and /oe:/ are very 
poorly represented in the training material. Whether this is an inherent restriction in 
the Maeda-model or, again, due to bad sampling remains to be investigated. 

Figure 12 shows that the net provides a shape quite similar to that in the training 
material, that is, spectrally closest to the reference. However, this shape could be of 
little physical significance and should perhaps have been left out when producing 
the material. If a shape articulatory closer to the /$/-reference had been represented 
in the training material, ambiguities could possibly have been avoided by discarding 
the physically irrelevant shapes. This agrees with the suggestions of Boe, Perrier, & 
Bailly (1992). To decide what is physically relevant, it would be helpful to have more 
X-ray data. 

The Newtract model performs well on the Russian vowels relatively to the per- 
formance on the Swedish vowels. In comparison to the Maeda model, the Newtract 
model performs as well or even better on the Russian vowels. This is not very sur- 
prising if one keeps in mind that the Russian material was used in the development 
of the model. When testing with the Swedish vowels, we had a problem similar to 
that of the Maeda model considering the area functions. But in this case the constant 
maximum area is too large. This gives errors exemplified in Fig. 14, that is, large er- 
rors even if the constriction area and the placement of the constriction are well 
mapped 

The critical point of this examination is the vocal-tract model. One possibility is to 
train a neural network on a material originating from more than one vocal-tract 
model. The neural network performance will depend on the physical relevance of 
the model in use. 

A vocal-tract model, based on more X-ray data from many subjects, would prob- 
ably perform better in this application and this leads us to the question whether a 
neural network will be able to perform in the surroundings of the training material 
or just inside the training material space, which makes it even more important to 
have a well defined, physically relevant, model to get the best performance of the 
network. 
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