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Abstract. Speech feature extraction methods are commonly based on
time and frequency processing approaches. In this paper, we propose a
new framework based on sub-band processing and non-linear prediction.
The key idea is to pre-process the speech signal by a filter bank. From
the resulting signals, non-linear predictors are computed. The feature
extraction method consists in the association of different Neural Predic-
tive Coding (NPC) models. We apply this new framework to phoneme
classification. The experiments carried out with the NTIMIT database
show an improvement of the classification rates in comparison to the full-
band approach. The new method gives also better performances than the
traditional ones (LPC, MFCC and PLP).

1 Introduction

Speech feature extraction stages are commonly based on time and frequency
processing methods. Indeed, the most used method is the Mel Frequency Cepstral
Coding (MFCC) but the Linear Predictive Coding (LPC) has been also used.
The success of the MFCC is partly due to the sub-band processing used since it
is based on a Mel-scale filter bank.

The filter banks are usually designed according to so some model of the audi-
tory system [1]. Several models have been proposed for speech feature extraction
[14], [7], [9], [5]. Among the advantages of sub-band processing approaches, the
robustness is a significant point. For instance in speech coding [6], [16] and in
speech enhancement [11], the filter banks clearly improve the performances in
noisy environnements.

In a classification point of view, the division of the whole frequency domain
into sub-bands and the application of different strategies is a way for error rates
reduction. In speaker recognition [2], it is known that some sub-bands remain
more speaker dependent features. In speech recognition, similar ideas have been
followed. Works on human being recognition [1] show that the linguistic message
is decoded in different sub-bands and the final decision consists in merging the
information from these sub-bands [10].

In this paper, we are interested in the combination of sub-band processing
and non-linear predictive methods. The key idea is to divide the whole frequency



domain into sub-bands and then non-linear predictors are used for feature ex-
traction. The combination of filter banks and predictors is intensively used in
speech coding. The purpose of this paper is to compare full-band non-linear
predictors for feature extraction and sub-band based approaches.

The paper is organized as follows. Section 2 is dedicated to the description
of the new feature extractor. Then, section 3 presents the non-linear predictor
used: The Neural Predictive Coding (NPC). After, we present the experimental
conditions and the performances of the system for different phoneme groups.
Finally, we give some conclusions and future prospects.

2 Non-linear Predictive Sub-band Feature Extractor

Traditionally, linear and non-linear predictors are computed directly from speech
signal samples. In speech coding and in speech enhancement, it has been shown
that such approach is not adapted for noisy environments. Several methods have
been proposed [6] and among them the combination of filter banks and predic-
tors. In feature extraction, similar ideas have been investigated. The Perceptual
Linear Prediction (PLP) [8] is an example. It consists in the modification of the
spectrum by auditory knowledge and then using the all-pole modelling like in
the LPC.

The principle of the proposed feature extraction method is described in fig-
ure 1. The first stage aims to pre-process the speech signal by a filter bank. The
following stage consists to the extraction of the features. Instead of using energy
from these sub-bands, the Neural Predictive Coding (NPC) model is used. The
features are extracted from signals resulting from the pre-processing.

This approach is different from traditional feature extraction methods. We
propose to pre-process the signal by a filter bank. The first stage can be designed
to reflect auditory knowledge. Feature extractors based on auditory models usu-
ally compute the energy of the sub-bands. In our model, the second stage is
based on a non-linear feature extractor: The NPC model which is a predictive
model. The next section is dedicated to the description of this model.

3 Neural Predictive Coding

The Neural Predictive Coding (NPC) model [4] [3] is a non-linear extension of the
well-known LPC encoder. Like in the LPC framework with the AR model, the
vector code is estimated by prediction error minimization. The main difference
lies in the fact that the model is non-linear and it is a connectionnist model:

gk = F(yi) = Y_ajo(wTy) (1)

Where F' is the prediction function realized by the neural model. g, is the pre-
dicted sample. yi the prediction context: yx = [Yk_1,¥k 2 Yk_x]T and A
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Fig. 1. Non-Linear Predictive Sub-band Based Feature Extraction.

the length of the prediction window. w and a represent the first and the output
layer weights. o is a non-linear activation function, the sigmoid function in our
case.

The key idea is to use the NPC model as a non-linear auto-regressive model.
As in the LPC framework for the predictor coefficients, the NPC weights are the
vector code. It is well-known that the weights can be consider as a representation
of the input vector. A drawback of this method is that non-linear models have
no clear physical meanings [13]. The solution weights can be very different for a
same minimum of the prediction error. In our approach, we impose constraints
on weights.

3.1 Description

The NPC model is a Multi-Layer Perceptron (MLP) with one hidden layer.
Only the output layer weights are used as coding vector instead of all the neural
weights. For that we consider that the function F' realized by the model, under
convergence assumptions, can be decomposed into two functions: Gy (w first
layer weights) and H, (a output layer weights):

Fw,a(yk) = Ha o Gw(yk) (2)

With g5, = Ha(zx) and zx = Gw(yx)-
As one can note the NPC structure allows a different prediction window’s
length independently to the coding vector size contrary to the LPC structure.



For the layers specialization, the learning phase is realized in two times.
First, the parameterization phase consists in the learning of all the weights by
the prediction error minimization criterion:

K K
Q=Y (ye =) =D (ux — Fyx))* (3)
k=1 k=1

With y the speech signal, gy the predicted speech signal, k the samples index and
K the number of samples.

In this phase, only the first layer weights w which are the NPC encoder
parameters are kept. Since the NPC encoder is set up by the parameters defined
in the previous phase, the second phase, called the coding phase, consists in the
computation of the output layer weights a (vector code). This is done also by
prediction error minimization but only the output layer weights are updated.
One can note that the output function is linear (cf. equation 1), so it can be
done by the Levinson algorithm as for the LPC model. Here, for consistency
with the parameterization phase, it is done by the backpropagation algorithm.

The result from the layers specialization, the first layer weights w are common
to all the speech signal frames while the second layer weights a are specific to
each frame. For each frame, a feature vector a is computed by prediction error
minimization.

4 Evaluation and discussion

4.1 Experimental conditions

The NTIMIT database [12] is used in this experiment and more especially the
two first regions (DR1, DR2). By using this database, we carry out speech recog-
nition in telephone quality. One can note that the telephone bandwidth is ap-
proximately limited to 300-3400Hz. We focus on the processing of front vowels
(/ih/, /ey/, /eh/, Jae/), voiced plosives (/b/, /d/, /g/) and unvoiced plosives
(/p/, /t/, /k/). This choice can be justified by the fact that the classification
of these phonemes is known to be difficult and they are also often used. For
training and test databases, we use the division proposed by the database.

The classification is carried out by GMM (16 centers, diagonal assumption)
and it is a frame by frame classification (32ms with 16ms of overlapping). The
dimension of the features is set to 12.

The proposed feature extractor is based on sub-band processing but the
optimal number of sub-bands is still an open issue. In Mel-scale filter banks,
this number is about 20. We evaluate the performances of our model with 2
sub-bands (300-1140Hz, 1046-3400Hz) and 4 sub-bands (300-765Hz, 700-1640Hz,
1515-2700Hz, 2100-3400Hz) [15]. For the first case, we extract 6 NPC coefficients
by sub-band and for the second one, we extract 3 NPC coefficients in order to
keep a dimension 12 for the feature vector.

We make comparisons with traditional methods: LPC, MFCC and PLP. And
in order to evaluate the performances of the sub-band approach, we also test a
full-band NPC model.



4.2 Results

The classification rates for the NPC model in the different sub-band are grouped
in 1. The performances of the 2 sub-bands model are better than the full-band
model. This result shows that the sub-band approach, by dividing the whole
frequency domain, is effective for phoneme classification. Indeed, the phoneme
dependent features are distributed among different sub-bands [1], [10]. However,
for the 4 sub-bands model, the performances decrease. This is partly due to the
lack of data for each sub-band.

Table 1. Classification rates for different sub-bands (vowels).

Phoneme Full-band|2 sub-bands|4 sub—bands|
/ih/, Jey/, [eh, [ae/|| 49.03 52.4 50.89 |

The classification rates for the different methods are presented table 2. For
voiced phonemes, the performances are improved by non-linear methods even in
the case of the plosives (NPC: 62.24%, Sub-band NPC:63.87 %).

Table 2. Classification rates: significative improvements by non-linear and sub-band
methods.

Phoneme LPC|MFCC[PLP [[NPC[Sub-Band NPC
Jin/, Jey/, Jeh, Jae/||35.22| 48.12 |45.12([49.03 52.4
/v/, /4], g/ 54.13[ 59.23 [57.21][62.24]  63.87
o/, Jt/, Jk/ 44.10| 51.45 |46.98([49.36 52.56

In the case of unvoiced plosives, the performances are appreciatively equiv-
alent to the state-of-art method (MFCC:51.45%, Sub-band NPC: 52.56%). De-
spite of this result, the performances are improved in comparison to the full-band
approach (Full-band: 49.36%, Sub-band: 52.56%).

5 Conclusion

In this paper, we propose a new framework for speech feature extraction. It con-
sists in the combination of filter banks and non-linear predictors. The filter banks
act to pre-process the signal in different sub-bands. These sub-bands remain
phoneme dependent features. They are extracted by the help of a non-linear
feature extractor: The Neural Predictive Coding (NPC) model. The obtained
features are decorrelated and are efficient for classification. The results are bet-
ter than the full-band approach and moreover better than traditional methods:
MFCC, LPC and PLP.



In our approach, the number of sub-bands is still an open issue. Our future
works are dedicated to the introduction of explicit discriminant criteria between
the NPC models. We are also interested in different applications like speaker
recognition and speech/music discrimination.
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