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ABSTRACT

This paper deals with the problem of robust nonli-
near feature transformation of speech signal. Star-
ting with a conventional signal analysis a traina-
ble nonlinear mapping based on statistical density
modeling is proposed. The statistical model was
represented by the parametric Gaussian distributi-
on as well as by a nonparameteric histogram-based
approach. The result of the transformation is a vec-
tor containing the a-posteriori-probabilities of a set
of selected phonemic categories. Experiments were
carried out using fluently spoken sentences from the
German PHONDAT-I database.

1. INTRODUCTION

The optimum representation of the speech signal in
the framework of robust speaker independent speech
recognition may be adressed as a problem of re-
search in speech recognition until now. The feature
extraction problem may be divided into two parts:

— the development of robust signal analysis methods
— the development of optimum feature transforma-
tion approaches.

Concerning the problem of feature transformation
the method of Linear Discriminant Analysis (LDA)
has been established as a standard technology. To
overcome the limitations of the linear transformati-
on nonlinear mapping should be taken into account.
Using the discriminant criteria, i.e. maximizing the
ratio of between-class and within-class distances,
Nonlinear Discriminant Analysis methods was de-
veloped.
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In this paper a trainable nonlinear feature mapping
approach is proposed which is based on the calcula-
tion of scores of phonemic categories. This work was
done under the hypothesis that a-posteriori proba-
bilities of correct selected phonemic classes would
be the best features for recognition tasks following
the idea outlined in [1].

If the phonemic categories forms a complete set it
can be expected that the stationary parts of the
signal yield to aproximately binary feature vectors.
Transient and indifferent parts should result in fea-
ture vectors which indicate the membership to more
than one phonemic category.

The approach of phonemic-directed feature map-
ping is motivated also by psychoacoustics: the mo-
deling of perception of basic sounds of speech. In
such a representation any speech sound shouldt be
given by a membership vector which components
describe the membership to basic speech sounds.

Most of the papers concerning phoneme modeling
(i-e. [2],[4],[6] ) are focused to phoneme recognition.
In 3] phoneme models are used for the detectecti-
on of phonetic events in order to build phoneme or
syllable hypotheses.

2. METHOD DESCRIPTION
2.1. Signal Analysis

At first the signal is processed by one of the esta-
blished signal analysis methods. In order to reach
speaker independence and to get robust models a
broad-band spectral analysis with a small number
of channels was prefered.

In the experiments the primary signal analysis was
performed by

- a (8+41)-channel-filter bank developed for speaker
independend speech recognition
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— a Bark-scaled 20-channel-filter bank based on FFT
— a mel-scaled 30-channel-filter bank based on FFT
and cepstral smoothing

- FFT-power spectrum calculation.

2.2. Density Modeling

The essential part of the approach is a robust den-
sity model of the feature vector space. Two general
approaches were used:

(1) parametric modeling by Gaussian distributions
(2) nonparametric modeling by histograms

In the case (1), the density was modeled by I Gaus-
sian distributions using complete covariance matri-
ces.

The alternate approach (2) is based on nonpara-
metric density estimation using histograms. Be-
cause of the independence assumption in the ca-
se of component-wise histograming a decorrelation
is nessecary. The decorrelation was performed by
main component analysis. The transformation ma-
trix was computed from the mean of the covariance
matrices of the Gaussian model. After the trans-
formation, 9 features was selected by the eigenva-
lue criterium. The histograms are computed from
the transformed feature data using 32 ... 50 bins.
A sample-size dependend smoothing approach was
used in order to avoid defects by small sample size
in any cases.

The parameters of Gaussian model or the histogram
are estimated during a training process based on in-
dexed speech material. Indexing may be performed
either by hand labeling, by vector quantization or
HMM modeling.

The number I of single Gaussian densites or hi-
stograms resp. is defined by the number of inde-
xes assigned to the feature vectors. Because the
goal of density. modeling is feature transformation
rather than phonemic classification a more robust
approach was selected which is characterized by a
limited number of single density functions (I = 64
.. 256).

2.3. Computing A-posteriori Probabilities

The last step of the nonlinear feature transforma/-
tion is the mapping of the primary density values to
the final representation. In the case of a-posteriori
probabilities the relation to the density values is
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given by

PP = 3 PPN PE)/p()  with

P& = 3 p(@i)P(0)

The P(i),/;1 = 1,..., [ are the index probabilities.
P(k}7) is the probability, that a feature vector con-
taining the label i belongs to the phonemic category
k. p(¢li) stands for the density value of the model
i at the position § of the feature space.

The main problem of the approach is the selection
of the phonemic categories k. 1t should be noted
that the probabilistic approach is valid only for a
complete set of alternate categories. For a prede-
fined set of phonemic categories the probabilities
P(k|i) were estimated using a labeled sample.

2.4. Neural Net approach

The mapping of a primary feature set to a set of
a-posteriori probabilies may be also performed by a
neural network. Experiments were carried out using
a MLP archtecture with 2 or 3 layers resp. .

3. EXPERIMENTAL RESULTS
3.1. Implementation

The software package includes the signal analysis,
the estimation of the model parameter, the model

. utilization and the classification [7]. It was develo-

ped in ANSI-C under ULTRIX on DEC5000 work-
stations. The neural net software is described in [5]

3.2. Data Base

For the experiments the PHONDAT-I database was
used. This database from the German ASL project
includes 200 fluently spoken sentences by 16 speae-
kers. About 700 sentences out of 3200 are labeled
by hand.

For model training a sample of about 500 sentences
was selected. Recognition experimentes was carried
out with about 200 sentences.
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Fig. 1: a. Time-dependend a-posteriori-probabilities
(29 phonemic categories) for the german sentence “ Wann
geht der nichste Zug nach Mannheim*.

b. Selected components (m, a, e, n, h, PAUS)

3.3. Evaluation

Although the goal of modeling are the time depen-
dend a-posteriori-probabilities itself, the evaluation
was done by a lst-best classification. An example
of the analysis result is shown in fig. 1. Fig. 2

shows two histograms from the (8-+1)-channel data
w
The recognition rate was measured in frame-by-

frame classification experiments over a set of 29
phonemic classes.
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Fig. 2: Smoothed histogram model of a: (42070 samp-
les) and S (5400 samples); 50 bins.

features | model | FRER | MLRR | MCRR
9-ch. Hi 63.2% ¢ 45.7% | 37.1%
ND 63.8% 523% + 38.6%
MLP | 71.9% | 38.5% | <47.9%

20-ch. Hi 58.7% | 37.3% | 31.4%

MLP | 72.9% | 44.1% | 51.7%
30-ch. Hi 494% | 31.8% | 23.0%
FFT Hi 55.6% | 31.7% | 26.7%

FRER: overall frame recognition rate
MLRR: mean recognition rate per label
MCRR: mean recognition rate per class

Hi : histogram
ND : Gaussian model
MLP : neural net
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4. CONCLUSIONS

The experiments show, that different approaches to
signal analysis and phonemic modeling allows an
acceptable mapping to phonemic categories. It can
be shown that the frame classification errors most-
ly occure at phoneme boundaries when the speech
sound changes from one class to another. This effect
is desirable in the sence of sound description.

As a main problem of the aproach the choice of the
set of categories set may be adressed. The results
yields to the assumption that the confusion is cau-
sed not only by lacks of the model or the classifica-
tion system resp., but also by the intrinsic fuzziness
of the speech sound concerning its membership to
phonemic classes.

Further, the study of the confusion matrix allows
the optimization of the set of phonemic categories.
It can be shown, that some more or less unspecific
sounds like the german schwa is confused with most
of the other vowel categories. The fricatives I, t, j
and h also tends to be confused with some other
classes.

A quite good insight into the relations between pho-
nemic sounds also can be derived from the analysis
of the mean vectors of the the transformed feature
vectors. ’

Generally, phonemic modeling seems to be a good
approach not only for feature transformation but
also for studying the nature of speech sounds in-
dependent from-the primary feature space. From
the theoreticligroint of view there is a need to in-
vestigate aﬁ'\d&l&rify the relation between member-
ship in the sence of fuzzy theory and a-posteriori-
probability.

However, in order to proof the results evaluation on
the word recognition level seems to be nessecary.
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