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ABSTRACT
In the paper the method for Polish alphabet classification in the
speaker independent system will be presented. The first
fundamental  problem that occurred was the speaker variability.
According to the linear acoustic theory of speech production we
examined the approaches described in the literature: speaker
normalization through formant-based and pitch-based warping of
the frequency scale as well as through the appropriate
transformations in the domain of the cepstral parameters. We
compared one of  the above vocal tract length normalization
approaches with the new one consisting in using separable
features in different parts of the frequency scale in order to
exclude the less informative parts of the spectrum during the
cepstral analysis.

1. INTRODUCTION
In 1997 at EUROSPEECH'97 we presented the first database for
spoken Polish consistent with the requirements of Polish
phoneticians and researchers involved in speech recognition
technology [1]. All of the 16.425 recordings (45 speakers,
including children, x 365 sentences) were fully phonetically
segmented and labelled.  It enabled us to conduct the basic
experiments in acoustic phonetics on the relatively large speech
material as well as the experiments with the phoneme based
large vocabulary speaker independent continuous speech
recognition.

In the paper the method for Polish alphabet classification
in the speaker independent system will be presented. The first
fundamental  problem that occurred was the speaker variability.
According to the linear acoustic theory of speech production we
examined the approaches described in the literature: speaker
normalization through formant-based ( in particular  the median
of the third formant F3 ) and pitch-based warping of the
frequency scale as well as through the appropriate
transformations in the domain of the cepstral parameters  in the
initial signal processing stage. We compared one of the above
vocal tract length normalization approaches with the new one
consisting in using separable features in different parts of the
frequency scale. The main goal was to exclude the less
informative parts of the spectrum during the cepstral analysis.

Fig.1. The case when two different classes (z- s)
              can differ only in small part of the spectrum

Let us consider two spectra presented in the Fig.1
It can be seen in the Fig.1 that the low frequency

component has only a small influence  on the cepstral
coefficients value, whereas this part of spectrum has a great
influence on the classification decision voicing consonant z
(Fig.1a) / unvoicing consonant s (Fig.1b).

The same is with vowels. The F1 – F2 region is crucial to
the vowel recognition, whereas the other bands  that have the
same influence on the cepstral coefficients values  greatly
depend on the individual characteristics of speakers. This causes
a problem that the probability distribution of the HMMs
becomes flat and causes recognition errors.

         Fig. 2. Two parts indicated by arrows participate equally
                in the c4 calculations, whereas the second part

             is far more affected by speaker individuality.

In the Fig. 2 it is shown how two different regions of
spectrum (marked by arrows) influence equally  on the fourth
cepstral coefficient. In the case of vowels the right region
influences much more  the variability of the c4 across the
speakers in comparison with the left F1 – F2 region.

To solve this problem Ariki [2] constructed the speaker
subspace for an individual speaker and projected his speech data
to his own subspace. By this method he was able to extract
speaker independent phonetic information included in the speech
data

The main idea presented in our  paper consists in
considering the calculations of the cepstral coefficients in
different bands according to their informative contents.

The influence of such a non linear frequency normalization
on recognition accuracy was examined in HMM based speech
recognition system  ( HTK 2.1 ).

2. SPEAKER NORMALIZATION
A major problem in building successful automatic speech
recognition applications is non-uniformity in performance across
a variety of conditions. One of the sources of  variations is the
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inter-speaker variability. The vocal tract length and  geometry
are different among speakers. Articulatory habits, speaking
styles, age, vocal effort can also add to inter-speaker variability.

Frequency warping and other approaches to speaker
normalization have been proposed and evaluated on various
speech recognition tasks [2-13, 18-23].

The most frequent solution consists in linear warping of
the frequency axis according to the different criteria.

In [3]  Claes and al. based the estimation of both the VTL
(vocal tract length) and the warping function on F3 estimation.
The VTL is related to the position of formants and in particular
to the position of the third formant (F3), which is less influenced
by the vowel under consideration.

For average formant frequencies, we have
VTL ≅ (2i-1) c / 4Fi

where c is the velocity of the sound. Therefore
normalization of the VTL can be achieved by a linear frequency
warping procedure. They noticed a clear improvement of more
than 50% (TI digits) when the transformed models were used
instead of the original ones.

In [4] Zhan and Westphal tested the F1 – F3 based
frequency warping approaches. They obtained the best result for
the F1 based frequency warping.

In [5]  Eide and Gish estimated a parameter ks based on the
third formant for each speaker and used it for  the warping
function estimation.

Gouvea and Stern [6] examined the performance of
frequency warping functions based on the first three formant
frequencies. They used features such as the median, maximum,
or minimum of each formant frequency to derive the warping
function.

In [9, 10] the linear warping factor is calculated for each
utterance in a more sophisticated way. For each utterance, the
optimal warping factor a*  is selected from a discrete ensemble
of possible values so that the likelihood of the warped utterance
is maximized with respect to a given HMM and a given
transcription. The values of the warping factors in the ensemble
typically vary over a range corresponding to frequency
compression or expansion of approximately ten percent. The size
of the ensemble is typically ten to fifteen discrete values. Let
Xα=gα(X) denote the sequence of cepstrum observation vectors
where each observation vector is varped by the function gα( ),
and the warping is assumed to be linear. If λ denotes the
parameters of the HMM model, then the optimal warping factor
α* is defined as

α* = argmax P(Xα|α,λ,H)
              α

where H is a decoded string obtained from an initial recognition
pass. Finally, the frequency warped observation vector Xα is
used in a second recognition pass to obtain the final recognized
string.

Wegmann et al. [11] used a Gaussian mixture model to
represent the features of the standard speaker, and a piecewise-
linear warping function was chosen to maximize the likelihood
of these features.

In [12] a fast and computationally inexpensive method of
normalizing utterances by a linear warping of mel filter bank
channels in which the normalization parameter is estimated by
fitting formant (F1 and F2) estimates to a probabilistic model
was presented.  The normalization generally compresses the
frequency response of the female speakers and expands it for the
males.

Acero and Stern [13] presented a method of frequency
normalization that applies a different warping of the frequency
axis to every speaker as to minimize the VQ distortion. This
technique results in a 10% decrease in error rate compared to the
baseline conditions.

In our approach we decided to introduce the method that
increase the speaker independence rather than to realize the
“standard” speaker normalization trough the linear or non-linear
frequency warping.

3. SPEAKER INDEPENDENCE
In our solution we try to increase the speaker independence

by looking for parameters less affected by speaker individuality.
Let us consider the stability of cepstral coefficients across the
speakers. Cepstrum coefficients constitute the most widely used
speech parametrization method. The idea of calculating  the forth
cepstral coefficient is presented in Fig. 2. As we can see two
parts indicated by arrows participate equally in the c4
calculations, whereas the second part is far more affected by
speaker individuality. The solution is to take into account only a
limited frequency band for cepstral coefficient calculations. In
such an approach the new problem arise; the required band (or
bands) is phoneme dependent. According to the theory of speech
production we are able to define approximately these bands. As
the result instead of N cepstral coefficients c1 - cN we obtain M
groups of cepstral coefficients C1 – CM for M groups of
phonemes less affected by speaker individuality.

The similar solution especially applicable to environments
which cause partial corruption of the frequency spectrum of the
signal can be find in  [14,15,16]. The authors (after the work of
Fletcher) suggest that the human auditory mechanism decodes
the linguistic massage independently in different frequency sub-
bands and the final decision is based on merging the information
from  these sub-bands.

We also assume that as soon as any sub-band combination
yields sufficiently confident and reliable information, the
information from the remaining subbands does not have to be
used for subsequent decoding of the linguistic message.

In our approach we cannot use the obtained coefficients as
one vector because the probability distribution of the HMMs
remains flat.  Our solution is presented in the Fig.3.
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Fig.3. The scheme of the proposed method

The HMM  models of the different group of phonemes are based
on the different group of cepstral coefficients C1 - CM
calculated in different bands. The model with the highest
probability indicates the recognized phoneme. We expect that
exclusion of the less informative parts of the spectrum  for the
particular groups of phonemes should increase  the independence
across the speakers.

4. RECOGNITION EXPERIMENTS
4.1. Speech data
Speech data consists of 41 repetitions of 33 Polish alphabet
letters uttered by 41 speakers (males, females and children). A
group of 20 speakers was selected as the training group, and the
21 speakers as the testing  group according to the
recommendation presented in [17].  Speech data are from the
first speech database for Polish [1].

In the preliminary experiments we tested how the alphabet
letters from the testing group are recognized by humans. The
letters were presented (played back) in the stochastic order to the
11 listeners (students). We noticed 2,0% of the recognition error.
We assume that it is approximately the highest tolerable
recognition error in the automatic speaker independent
recognition system for alphabet letters.

4.2. Feature extraction
In the experiments we have used Continuous Density HMM’s
(HTK2.1) with 1 model per phoneme where each phoneme
model consists of 5 emitting states each containing 1 or 5
gaussian mixtures with diagonal covariance matrices. The
speech was sampled at 16 kHz / 16 bit. We selected four groups
of phonemes: nasal consonants, vowels, fricatives and plosives
and the corresponding frequency bands with trapezoidal
characteristics.

In each band the energy and the Mel Frequency Cepstral
Coefficients (MFCC) were calculated along with their first and
second derivatives.

4.3. Results
In the Table 1 we summarized the obtained results.

System
Recognition

error (%)
Base system A
(monophones)

16,7

Base system B
(triphones +5m)

10,8

System C 9,5
System  D 8,8
“Auditory” system 2,0

Table 1. Experimental results for 5 systems

The base system A it is the context independent phoneme based
alphabet letters recognition system with 5 states pro model and 1
gaussian mixture pro state. The feature vector consisted of 39
parameters (12 cepstral coefficient + energy + appropriate first
and second derivatives).
In the second base system B the context dependent phonemes are
modeled with number of gaussian mixtures increased to 5 pro
state.
In the system C we adopted  the linear transformation of the
frequency scale presented in [Claes] basing on the average third
formant F3.
In system D instead of  linear transformation of the frequency
scale we have recalculated the cepstral coefficients in selected
bands and we have used the scheme presented in the Fig.3. The
number of cepstral parameters varied from 4 to 6 depending on
the band.
For comparison we have added to the Table 1 the results
obtained during the auditory experiments (see p. 4.1).

5. CONCLUSION
In this paper we have described  a new method for increasing the
speaker independence in phoneme based speech recognition
system. We compared the presented approach with other solution
consisting in linear warping of the frequency scale and we have
obtained the better results. It is necessary to mention that  both
solutions are not competitive.  In next experiments we plan to
join the both approaches as well as to test our method in the
presence of noise.
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