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ABSTRACT

This work aims at improving the automatic
speech recognition of confusable words like
letters. To deal with that problem, we have
proposed a new discrimination method based
on acoustic knowledge and artificial neural
networks. In this paper, we present a validation
of this method for speaker-independent tests, on
a big database, with several additive noises at
different Signal to Noise Ratio. The influence of
the training conditions is taken into account and
the results obtained show a good robustness of
this method.

1. INTRODUCTION

Word recognition rates are now quite
satisfactory when speech is pronounced in a
quiet environment. However, a weak point
remains regarding the recognition of confusable
vocabularies like letters or digits, especially in
the presence of noise. S.J. Young as well as
H.M. Cung and Y. Normandin [1][2] show on
the NOISEX database that recognition accuracy
decreases dramatically when the Signal to
Noise Ratio (SNR) becomes near to 0dB.

Recently, we have proposed a method (called
STNN) based on acoustic knowledge and
artificial neural networks to improve the
discrimination of confusable words in noisy
conditions [3][4]. On a small database -24
speakers, 3 noises and 2 Signal to Noise Ratios
(SNR) - we showed that the recognition
accuracy obtained outperformed results of a
continuous density HMM recognizer. However,
this method can not be used alone and has to be
integrated in a hybrid system, including a first
stage which achieves a coarse recognition. This
pre-processing task allows either to recognize

EUROSPEECH ’95, Madrid, Spain, September 1995

the word or to classify it in a confusable subset
where the STNN can perform the
discrimination. This architecture has been
applied in a real man-machine dialogue system,
which is operational to help a weak-sighted
telephone switchboard operator{§].

To validate the STNN discrimination method, it
was necessary to assess it on a more significant
database with a bigger diversity of noises at
several SNR. The aim of this paper is to present
this validation.

2. METHOD

In the case of confusable words (like letters),
the pertinent information to make the
discrimination is only present in a small part of
the word (usually in only one phoneme). The
algorithm proposed is based on the fact that
using this part is more efficient than performing
the recognition on the whole word. On the other
side, it has been shown that for many
recognition tasks, artificial neural networks are
performant classifiers [5][6]. Taking into
account these considerations, we designed a
three step method :

« localization of the discriminative part of
the word using acoustic knowledge : to
distinguish two confusable words of a
subset (for examples, B and D, or F and S)
we first determine which part of the words
contains the discriminant information.
Then, an algorithm based on energy criteria
localizes this part and extracts two
discriminative frames inside it.

» parametrization of this area : mel-cepstral
coefficients - static and dynamic 1st and
2nd orders - on the two frames.

» classification with back-propagation multi-
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layer perceptrons (MLP) : one input neuron
for each MFCC coefficient, one hidden
layer with 5 neurons and one output neuron
for each confusable word of the subset.

3. DATABASE

We used the ISOLET database [7] which
contains 2 repetitions of the whole alphabet said
by 150 speakers in a quiet environment. The
letters were pronounced in isolation and
sampled at 16 kHz. In order to simulate the
noisy conditions, we added different noises -
F16 plane, car, factory, machine gun, ship
operation room, babble, lynx helicopter -
extracted from the NOISEX database at 5 SNR
-18dB, 12dB, 6dB, 0dB, -6dB -. Unlike our
previous study, this database does not allow to
study the influence of the Lombard effect

(accentuation of the vocal effort while speech is
pronounced in a noisy environment).

4. EXPERIMENTS

As suggested with the ISOLET documentation,
we divided the database as following : 90
speakers for the training set and the 60 others
for the recognition set. Consequently all the
tests are speaker-independent.
To study the influence of the training
conditions, different configurations of training
have been chosen :

» only clean speech

» one SNR (5 conditions)

» clean speech and one SNR (5 conditions)

« clean speech and all the SNR
In this study we focused on three alphabet
subsets, determined by the main mistakes

Training conditions :

Test conditions (abs) :

clean+all SNR | CI: clean speech 6 - 6 dB SNR Results for the (A, J, K) subset
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Training conditions : Test conditions (abs) : Figure 2 :
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observed with a HMM recognizer : (A, J, K),
(E, S) and (U, Q).

5. RESULTS

Figures 1, 2 and 3 illustrate some results
obtained respectively for the (A, J, K), (F, S)
and (U, Q) confusable subsets added to babble ,
lynx helicopter, factory and stittel noises.

In most cases, these figures show that if the
training is composed of only one SNR
condition (clean speech or 0dB alone),
recognition results fall down for the distant
SNR. On the opposite, when two extreme SNR
(clean + 0dB) are included in the training, we
can see that the performances are better than
previously for all the test conditions. This
shows a good ability of interpolation from the
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neural networks. Moreover, the addition of the
intermediate SNR is not really useful since no
significant improvement is observed in this case
(clean +all SNR).

6. CONCLUSIONS

The experiments conducted point out the good
robustness of our STNN method in the presence
of noise. By the way, recognition results are
quite satisfactory until 0dB SNR for all the
confusable subsets studied. Below this SNR
(-6dB), we can observe a significant
degradation of the recognition performances,
for all the subsets and all the noises tested.

The spectral distributions of the different noises
present in the tests (in the figures 1, 2 and 3 but
also in the other experiments conducted) are
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Training conditions : Test conditions (abs) : Figure3:
clean+all SNR Cl: clean Speech 6:6dB SNR ResultS f0r the (F, S) Suhset
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different. However, we can notice that the
results obtained with a performant training set
(clean + 0dB) are very similar for these noises.
This observation indicates that the STNN
method is efficient in various environment
conditions.
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