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ABSTRACT

Feature extraction is one of the most important tasks in speech
recognition system. Most of the speech recognition systems use
Short Time Fourier Transform (STFT) for the derivation of
features from the spoken utterances. In this paper we try to
exploit the higher time–frequency resolution property of
Discrete Wavelet Transform (DWT) for extraction of speaker
independent features. The features are extracted every 8ms to
account for the faster changes in the phoneme. These features
are then used to train a Multi-Layer Perceptron (MLP) classifier
for the recognition of phonemes.

1. INTRODUCTION

In order to have robust recognition of speech signal feature
extraction becomes an important process. For many years in the
past Short Time Fourier Transform (STFT) has been used for
this purpose. However, it is well known that due to the use of
constant window size, the time-frequency resolution is fixed.
Also it assumes the signal to be stationary during the windowed
time duration. Due to its constant window size it is difficult to
detect a high frequency burst from a low frequency background
by using STFT. Thus localisation of the high frequency
components is not be possible by STFT. This type of problem is
encountered in the case of phoneme recognition specially when
the stops (plosives) are encountered. To overcome this problem
by STFT, shorter window duration will be required, thereby,
increasing the processing.

Discrete Wavelet Transform (DWT) can provide solution to this
problem because of its multi-resolution capability [3]. It offers a
constant ‘Q’ analysis of a signal by projecting it on a set of basis
functions whose scale varies with frequency. A mother wavelet
is shifted and scaled to give other wavelet functions that are
orthogonal to each other. According to digital signal processing
approach DWT decomposes the signal into low pass and high
pass components and then down-samples it by 2; the inverse
transform performs the reconstruction. These filters are perfect
reconstruction and orthogonal with finite impulse response and
are called conjugate mirror filter [2]

In this paper we investigate the use of DWT for the extraction of
features from the phonemes. To take into account the fast
changes in the phoneme a sub-frame duration of 8ms has been

used. Section 2 of this paper deals with the details of the feature
extraction process using the DWT. The features are extracted on
this sub-frame basis and are then used for classification by a
Multi-Layer Perceptron (MLP). In section 3 the training and
classification of the phoneme is elaborated.

2. FEATURE EXTRACTION USING
DYADIC DWT

Wavelet transform decomposes signal over dilated and

translated wavelets. A wavelet is a function 2L∈ψ (3) (i.e. a

finite energy function) with zero mean and is normalised ( ψ  =

1). A family of wavelets can be obtained by scaling ψ  by s
and translating it by u .
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The Continuous Wavelet Transform (CWT) of a finite energy
signal )t(f is given by:
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where *ψ (.) is the complex conjugate of ψ (.). The above
equation can be viewed as convolution of the signal with dilated
band-pass filters. The DWT of a signal ]n[f with period N is
computed as:
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where m  and n  are integers. The value of a  is equal to 2 for a
dyadic transform.

The signal representation is not complete if the wavelet

decomposition is computed up to a scale ja . The information

corresponding to the scales larger then ja is required, which is
computed by a scaling filter and is given by:
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where )n(φ is the discrete scaling filter.

Here DWT is used to decompose the phonemes extracted from
the TIMIT database [5]. Further processing is done on the
wavelet coefficients for feature extraction. Assume that the
phoneme samples P(aT) are available and have frame duration
of N samples. It is desirable to have the number of sample as
power of 2 which is helpful in dyadic processing. To account for
the fast changes in phoneme, this frame is further divided into
sub-frames Psub(bT) of M sample duration. As the speech signal
has finite energy the DWT of the sub-frame is calculated by
inner product of the sub-frame samples with wavelet filter and
can be calculated by using Equation 3.

By using the DWT the problem in recognition of stop (plosive)
phonemes is expected to be overcome as higher frequency burst
can be easily detected by going up high in frequency and
reducing the time window. Thus high frequency burst within the
phonemes which were undetectable by the STFT can be
detected by using the DWT.

To identify a phoneme some of its characteristics (features) in
time/frequency or in some other domain must be known. So a
basic requirement of a speech recognition system will be to
extract a set of feature for each of the phonemes to be
recognised. A feature can be defined as a minimal unit, which
distinguishes maximally close phonemes.

DWT has been used earlier also for feature extraction [1], [6],
[7]. In these techniques the wavelet coefficients were used as
features by first ranking them in terms of their energy. The top
few wavelet coefficients having high energy was selected as
features. However, as the DWT is shift variant, these features
are not very reliable. Due to small shift in the signal the wavelet
coefficients would change thereby resulting in a change in
feature vector. In order to reduce the problem due to shift the
signal can be over-sampled. The problem is absent if the shift is
integral multiple of the sampling time, however, this cannot be
guaranteed in a practical situation. Thus the formal solution is
practically viable at the cost of increased computation.

The features from the sub-frame is extracted by first taking the
DWT of the phonemes. The energy in each frequency band is
calculated and is used as feature. By decomposing the
segmented phoneme once using a dyadic DWT the frequency
spectrum is split into two equal halves (a lower frequency band
and a higher frequency band). A three level decomposition of
the phoneme is shown in Figure 1. The output energy of the four
filters is calculated and is used as feature. This gives four
features in sub-frame duration for three level wavelet
decomposition.

After the features have been extracted these are passed to the
classifier which is based on Multi-Layer Perceptron (MLP). The
block diagram of the entire is scheme is shown in Figure 2.

Figure 1: Filtering processes achieved by three level wavelet
decomposition. ENi is the energy of the signal in ith band

Figure 2: Block diagram of the complete recognition process of
phoneme

3. MLP CLASSIFIER

The most commonly used techniques for classification are based
on Linear Discriminant Analysis (LDA) and Neural Networks.
LDA tries to minimise the within-class scatter to between-class
scatter to achieve maximum separability. It then tries to have a
linear decision boundary between the features of different
classes. In some of the applications where the features are not
linearly separable or have approximately the same mean this
technique fails. The advantage of using Neural Network is that
it gives a non-linear decision boundary, however it requires long
training time.
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A MLP based classifier with one hidden layer is used for
recognition of phonemes. The number of nodes in the hidden
layer is important since it not only determines the recognition
accuracy but also the computation time during the training
phase. It is also crucial as large number of nodes may cause
problems like overfitting. Due to these reasons small networks
are preferred as they generalise well, learn more quickly, are
less complex and require less memory. In this work we used
single hidden layer. The number of input and output nodes were
set equal to the number of input feature vector and the number
of classes to be recognised. The phonemes extracted from the
TIMIT database is divided into three groups training, validation
and testing. About 66% of the data set was used for the training,
17% for validation and 19% for testing. Backpropagation
algorithm is used for the minimisation of the training error by
adjusting the weights in the network. This validation set is used
to check the error during the training phase. The error calculated
on the validation set decreases initially during the training phase
with the number of iterations but increases after some point. The
process of training is stopped at a point as soon as the error
starts increasing. This will stop the network to specialise on the
training data, thereby, giving better performance during the test
phase. The MLP has to classify the three phonemes /p/, /t/ and
/k/ (stop sounds produced when the constriction is at the front,
middle and back respectively).

4. EXPERIMENTAL RESULTS

TIMIT [5] database was used and three unvoiced stop phonemes
(/p/, /t/ & /k/) from the dialect region DR1 (New England region)
and DR2 (Northern part of USA) were extracted from all
possible context. The sampling frequency of the speech signal in
the database is 16kHz. A frame of 32ms (512 samples for 16
kHz sampling) is formed for the analysis of the phoneme. As the
speech signal is stationary for the duration of about 10ms (due
to physical limitation in the movement of articulators for speech
production), thus to have details of variation in the signal the
frame is further divided into sub-frames. Since the signal of
dyadic length is more suitable so sub-frames of 8ms duration are
used. This results into four sub-frames in 32ms duration.

Daubechies compactly supported wavelets with 6 vanishing
moments was used [3]. Wavelet decomposition of the sub-frame
samples was then carried out and energy of the wavelet
coefficients in each frequency band is calculated. This energy is
normalised by the number of samples in the band thereby giving
an average energy per sample in each band [3]. The
normalisation is essential because each band will have different
number of samples. A three level decomposition of a sub-frame
will give four features, thus over the 32ms phoneme duration
there will be a total of 16 features. The level of decomposition
was increased to 7 giving the lowest frequency band of 0-
62.5Hz. Any further decomposition is not expected to improve
upon the recognition performance, as very low frequency
content will be insignificant.

A MLP classifieris simulated using a hidden layer and an output
layer (corresponding to the number of classes). The number of
nodes in the hidden layer was varied and the performance of the
network was calculated. It was found that 5 nodes in the hidden
layer gave the best performance with minimum complexity. The
validation set was applied after every 5 iterations and the
corresponding error was computed. The weights and bias

obtained for the minimum error was then used for checking the
performance of the classifier on the test set. The three sets
(training, validation and test) had no data in common.

Figure 3 shows the performance of the MLP classifier based on
the features derived from the wavelet transform. It can be seen
from the plot that the recognition performance reduces with 7
and 8 features per sub-frame. This is due to the fact that the
wavelet decomposition partitions the lower frequency only.
Thus for high level of the decomposition e.g. 7 will give the
frequency band of 0-62.5Hz and 62.5-125Hz. The energy in
these bands does not carry much discriminatory information for
the case of unvoiced stops. Thus, although the number of
features is increasing the recognition performance does not
improve. However, this may not be always true as for the case
of voiced phonemes and vowels this may be an important band
carrying lot of information. Any further decomposition is not
expected to improve the recognition performance on the MLP in
any case

5. CONCLUSION

The features obtained by using the wavelet transform show
higher recognition rate using a MLP classifier. The results also
show that wavelet transform can be effectively used for the
extraction of features for speaker independent phoneme
recognition due to the reason that a unknown set was used for
testing. Partitioning the frames into sub-intervals takes care of
the dynamic nature of speech, thus the fast variation in the
speech signal can be easily picked up. A good recognition rate
can be achieved for a very small number of features.

Figure 3: Plot showing the percentage recognition of the
unvoiced stops (/p/, /t/ and /k/) by using a MLP classifier.
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