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Abstract - The search for optimal features and classification methods for speech recognition is
a "never ending story". Due to the lack of standard criteria for testing and analysis comparison
between the different researchers are very difficult. In the present work an effort has been
done to obviate the above described problems. Several features for speaker independent vowel
recognition were tested as a step to speaker independent phoneme recognition. Features such
as linear prediction coefficients (LPC), LPC based Cepstrum, Delta-cepstrum, and Parcor
coefficients, extracted from a set of 60 speakers were employed as inputs to multi-layer
perceptron (MLP), Kohonen's network and fuzzy-MLP networks. Results of the performance
of the different approaches will be presented.

1. Introduction

The problems of vowel recognition have been a subject of intensive research. The
proposed approaches employ either traditional signal processing techniques, neural network
architectures or a combination of both [2]. During the last years the research on the
application of NN for speech recognition has significantly increased in terms of both quantity
and quality [3,7-9,11,14,16]. However, as most of the proposed architectures were tested
under different conditions it is not possible to make performance comparisons.

In order to correct the above describe shortcomings we have employed a relatively
large database composed by 60 speakers. The speech database consist of 5 words repeated at
least 4 times by the 60 speakers. The extracted features were employed to train and test MLP
[18] and Kohonen [4-6] based networks.

2. Feature Extraction and Preprocessing

The employed databases consist of 5 words spoken by 60 speakers. Each word
contains one of the vowels: /a/, /e/, /i/, /o/ or /u/. The speech signal was sampled after filtering
(with a band pass filter, 65Hz-4.7KHz) at 10KHz, with an A/D resolution of 14Bits plus sign
bit. The segmentation was manually performed. A high pass filter of the form,

HPF(z)=1-0.95z" (1)

was employed to pre-emphasized the extracted phonemes. The database was divided into a
training set of 40 speakers and a test set containing 20 speakers.

The features employed in this work were based on LPC analysis. The LPC and Parcor
features were extract using the Levinson-Durbin method [10]. The Cepstrum features were
calculated from LPC [1]. The Delta-Cepstrum features [2,15] were calculated as:

Ac, (1) = 22: ke, (t+k) ()
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Features for the MLP network were extracted from windows of 25.6ms with 50%
overlapping. The orders of the extracted models for the LPC, Parcor and Cepstrum were 12,
16, 18, and 25. A model of order 18 was employed for the Delta-cepstrum features (2).

The feature vectors, for the Kohonen networks, were extracted from 15ms windows
with 50% overlapping. The extracted features were: 12th order LPC, 16th order Cepstrum, and
16th order Delta-cepstrum as defined above (2).

3. Neural Networks Architecture
Four different NN architectures were employed. A brief description of the relevant
issues follows.

3.1 Multi-layer perceptron
The proposed classifier consists of a two layer feed forward network [12,13,18].
Training was carried out by an improved Back-Propagation (BP) algorithm [17].

3.2 Kohonen Network

Kohonen networks have been extensively used for phoneme classification [3,6-7,11].
Kohonen networks without LVQ or with LVQ1 were employed. Training was achieved with
the algorithm described by Kohonen [5]. The performance of the algorithm is greatly affected
by the selection of the different training parameters. Therefore, for the sake of consistency we
will describe the training strategy. The weight vector m,(¢) is updated as follows,

m,(1)+h,(O[x(1)-m,(t)] if ieN,(r)
m,(t) if i¢gN, (1)

i

mi(l+1)={ 3)

where N (¢) is the neighborhood region that linearly decreases with time. The parameter 4,(¢)
might be updated by one of the two options:

a(t)
b= {ho<z>exp(—||r,- RAVLON *)

where:
r, - coordinates of the cell to be update.

r. - coordinates of the "winner" cell.
a(t), hy(t), oft) - linearly decreasing functions.

The training algorithms consist of two phases: the fast learning phase and the slow
learning phase. In the fast phase, that took 10% of all training iterations, the neighborhood
region N,(¢) starts at 80% of the network, and decrease to 10%, 4,,(¢) decreases from about 1

to 0.1. During the slow phase all the parameters should arrive to zero. A compendium of the
different strategies employed for training can be found in Table 1. The a(r) and h,(¢)
employed were for all the cases 0.9 to 0.1 for the fast phase and 0.1 to 0 during the slow
phase, while o) changes from 20 to 1 during the first stage and from 1 to 0 after it.
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Strategy Fast Phase £, (1) Slow Phase #,,(¢)
1 alt) alt)
2 ho()expl |~ /o0)?) By (1) expl ) -
3 hy () exp(— 2/o(z‘)z) alt)

Table 1. Kohonen's training strategies

*Jotiy)

n-r,

hi—re

3.3 Hybrid Kohonen-MLP architecture

The hybrid architecture consists of a Kohonen network (5x5 cells) without LVQ and a
conventional two layer feed forward network. The two networks were trained independently.
First, a Kohonen network was trained without LVQ. Then, the Kohonen network outputs were
employed as inputs for training the MLP. The forward process involves feeding the features'
frames through the Kohonen network and the MLP.

3.4 Hybrid Fuzzy-MLP architecture

Three gaussian membership functions were defined from the histograms of the feature
vectors (Fig. 1). The gaussian functions were manually defined. The training algorithm for the
MLP was as above described.

Input
Features

Fuzzy Hidden Output
System Layer Layer

Fig. 1. Hybrid Fuzzy-MLP architecture.

4. Results and Discussion
Two criteria were employed to evaluate the performance of the networks:
1. Each frame was independently tested.
2. All the frames obtained from a phoneme were tested and a majority vote decision was
taken.
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4.1 MLP architecture
The classification success as a function of the order of the model can be seen in Fig.

2-3. The results obtained are similar for the two criteria. The LPC model is better for a low
order model, while the Cepstrum performance improves for high order models.
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Fig. 2. Success Rate for the first criteria
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Fig. 3. Success Rate for the second criteria

The results of the generalization performances' tested on 18th order models is shown
in Table 2. The Delta-cepstrum was included in this test. The Ceptrum continue to be the best
choice.

Features/Data type Train data Test data
LPC 95.0 87.5
Parcor 89.3 79.0
Cepstrum 96.8 91.5
Delta-cepstrum 78.0 71.0

Table 2. MLP generalization. second evaluation criteria

4.2 Kohonen Networks
The Kohonen networks were tested with: 12th order LPC, 16th order Cepstrum, 16th

order Delta-cepstrum and a combination of Cepstrum and Delta-cepstrum features. The
training strategy was 2, as defined in Table 1, for a network of size 10x10 with 200,000
iterations, 20,000 during the fast phase. Tables 3 and 4 summarize the results obtained for the
training without LVQ and with LVQI. The training with LVQI required an additional
200,000 iterations.
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Features Train *Success Train Test *Success | Test *Success
[%] **Success [%] [%] [%]
LPC 65.91 70.13 52.64 55.00
Ce stru 1.71 5.3 73.6 0.50
etace 46.43 66.3 42.11 60.50
t 6 .99 7 .75 61.62 70.25
Ta e3. nensc assi icati nresuts it utL
* First Criteria ** Sec n Criteria
Features Train *Success Train Test *Success | Test *Success
[%] **Success [%] [%] [%]
LPC 77.36 3.3 57.12 61.00
Ce stru 90.15 95.00 7 47 3.75
etace 61.07 3. 54.19 75.50
t 2. 4 9.50 74.26 2.00
Ta e4. nensc assiicati nresuts it L 1.
*  First Criteria ** Sec n Criteria
T e taine resuts ere 1 us etter rtesecn criteria an te L 1
rit . T e in uence tesie tenet r as as inestiate Fi.45. s
ecte tein uence L 1 ecreasesast enu ers ce sincrease.
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