Wavelet Based Feature Extraction for Phoneme Recognition
C.J.Long and S.Datta
Department of Electronic and Electrical Engineering
Loughborough University of Technology
Loughborough LE11 3TU, UK.

ABSTRACT The indications are that the Wavelet Transform and its variants
are useful in speech recognition due to thgood feature
. - . localisation but furthermore because more accurate (non-linear)
In an effort to provide a more efficient representation of th

. X - o ech production models can be assumed [2]. The adaptive
acoustical speech signal in the pre-classification stage of a Speﬁgﬁure of some existing techniques results in a reduction of error

0o Selem, e consiter e Spplcalon of e Dest B o erinva speaker varaton

g ) ) /e shall begin by defining the wavelet transform.
advantages of using a smooth, compactly-supported wavelet basis
with an adaptive time-scale analysis dependent on the problem at

hand. 2. WAVELETS AND SPEECH

We start by briefly reviewing areas within speech recognition

where the Wavelet Transform has been applied with so :

success. Examples include pitch detection, formant trackin ,'1 The Discrete Wavelet Transform
phoneme classification. Finally, our wavelet based featufEhe basic wavelet functioty/ () can be written

extraction system is described and its performance on a simple
1 —r@
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phonetic classification problem given.
1. INTRODUCTION The ContinuousWavelet Transform is then defined as
Speech recognition systems generally carry out some kind of

classification/recognition based upon speech features which are 1 -7
usually obtained via time-frequency representations such as Short X(1,8)= TIX(I)LIJ gT@jt (2

Time Fourier Transforms (STFTs) or Linear Predictive Coding ) a )

(LPC) technigues. In some respects, these methods may not'fere W(t)is known as theanalysing wavelet or prototype
suitable for representing speech; they assume signal stationafityction. Typically, these continuous wavelet functions are
within a given time frame and may therefore lack the ability tovercomplete and therefore do not form a true orthonormal basis.
analyse localised events accurately. Furthermore, the LAR2dundancy may be eliminated by appropriately sampling the
approach assumes a particular linear (all-pole) model of speeghvelet on a dyadic lattice, i.e. in a manner that reflects the tiling
production which strictly speaking is not the case. of the time-frequency plane as in figure 1. An orthonormal basis
Other approaches based on Cohens general class of time-compactly supported wavelets can then be obtained to
frequency distributions such as the Cone-Kernel and Ch
Williams methods have alsound use in speech recdgon
applications but have the drawback of introducing unwantednd dilating the wavelet functio/ (t) i.e.

Oél,baan(D) (the space of all finite energy signals) by shifting

cross-terms into the representation. W, m(K) =272 (27 "2k - mb) A3)
The Wavelet Transform overcomes some of these N nm )
limitations; it can provide a constant-Q analysis of a given signfheren=1,2, . . . represents the scale amd,1, . . . the time

by projection onto a set of basis functions that are scale variaitift- Note that the scaling factaris here chosen as 2 in order
with frequency. Each wavelet is a shifted scaled version of 4fjat the frequency axis is decomposed in octaves. Now if one
original or mother wavelet. These families are usuallyagghal chooses a suitable wavelet, a true orthonormal basis will be
to one another, important since this vyields computationé’lbta'”e‘j- This results in a multiresolutional analysis of a given
efficiency and ease of numerical implementation. Other factogsgnal over LZ(D), yielding a time -scale decomposition
influencing the choice of Wavelet Transforms over convention@l iiar to that exhibited in Figure 1. For further details on MRA,
methods include their ability to capture localised features. Alsq, o aader is referred to the work of Mallat 3.

developments aimed at generalisation such as the Best-Basis fa
Paradigm of Coifman and Wickerhauser [1] make for more
flexible and useful representations.

We consider the possibility of providing a unified wavelet-based
feature extraction tool, one designed to contend optimally with ,
the acoustical characterisics particular to speech,

computationally efficient manner.

in the m?—%ure 1. Tiling of time-frequency plane via the wavelet
Transform.



2.2 Pitch and Formant Extraction using cznsidered Wi(tjh appllicat_i((j)n ttc_)f_spteech; classification of unvoiced
; phonemes and speaker identification.
Wavelet Analysis 5 )

Kadambe & Boudreaux-Bartels [4] have used the E 1 (dn _Vn) (5)
multiresolutional properties of wavelets to propose an event - 2 g

based pitch-detection system. Their method works by detectifg system first models the phonemes using a mother wavelet
the Glottal Closure Instant (GCI) and determines the pitch fQiijar to Figure 2 (used because of its noise-like
each sample within a particular speech segment. This approaclig acteristics)only of order 3 and then presents the wavelet
particularly suitable for noisy speech. features to a 2 layer feed-forward neural network. Speaker i.d. is
Evangelista [5] has developed a ‘Pitch-Synchronous’ wavelgfmijarly achieved only using a Morlet wavelet to model the
representation using a modified version of the QMF (Quadrz:'ltu!;)ei:]onemes since these are voiced and hence semi-periodic and
Mirror Filter) multiplexed filter bank ou_tlined in [6]. Using the gmooth. The classifier then attempts to identify a speaker by
MRA properties of wavelets, the pitch-synchronous wavelel stering the associated utterances into one class. Results
transform (PSWT) can be used for pitch tracking once the pit¢Ryorted are very high accuracy, although exhaustive testing on a

has been extracted using conventional methods. Uniqygqer database will be needed to evaluate the method more
characterisation of speech events such as fricatives and °CC|”SC{¥Eurately.

unvoiced consonants may thus be achieved via the variation in
the pitch of the signal.

Maes [7] reports success in the extraction of pitch and formants T

from speech. The speech signal is first decomposed into its V Vo

subbands using the wavelet transform and the temporal behaviour time
of the speech in each subband is monitored using a ‘squeezing’ §
algorithm. Those components exhibiting similar temporal
behaviour are then recombined and the resulting principleigure 2: Daubechies Wavelet of order 4. This type of wavelet is
components represent the pitch and formant characteristics of theed in Kadambe’s unvoiced sounds classifier because of its
speech signal. suitability for modelling high frequency noise-like signals.

In [11], Wesfried introduces a speech representation based on the

Adapted Local Trigonometric Transform. The window size into 3. THE BEST-BASIS ALGORITHM

which the data is partitioned is dependent upon the spectrum it o o )

contains, and the transitions between windows is seen to fedeneralisation of the Wavelet Transform originally designed
suitable for segmentation into voiced-unvoiced portions. AQr Signal compression is the Best-basis algorithm first described
formant representaion is also introduced by carrying out tHB [1]- The idea is to do transform coding on a signal by choosing
following compression: locating and retaining the centres of madsWavelet basis which is best suited for the given problem,
for the highest-value peaks of the transform. From this, the lod&sulting in an adaptive time-scale analysis. In particular, two

spectrum is said to represent the formant of the speech signal. Possibilities are proposed, the smooth local trigonometric
transforms which essentially performs local Fourier analysis on
. . . the signal, and its frequency domain conjugate, the wavelet
2.3 Phoneme and Speaker Classification using packet which similarly partitions the frequency axis smoothly.

Adaptive Wavelets Since these transforms operate on recursively partitioned
The adaptive wavelet transform and the concept of stiyger intervals on the respective a>_<is, the baees whether wavelet packet
waveletwere developed as an alternative to existing wavel@ local trigonometric are said to formliarary of orthonormal
representation schemes [8]. Given a wavelet function of the fofd3Ses If these bases are ordered by refinement, they form a tree
shown in (2), the idea is to iteratively find the translation an@hich can be efficiently searched to result in only those
dilation parameters, T and a respectively such that some CO€fficients which contain the most information.
application-dependent energy function is minimised. With respect
to the classification problem, a set of wavelet coefficients would § MM
normally be estimated to represent certain features of a given /\M M
signal. Classification can then be performed by using the feature UUUWWU time
set as the input to a neural net classifier. The adaptive wavelet §

based classifier is given as

K il -7, 2 Figure 3: An example of a modulated smooth trigonometric
v(n) =o(u,) :aé We Z %( W’%a_m (4) packet. A localised sine dictionary, for example, would consist of
= = = a number of scaled, oscillatory versions of these.
wherev(n)is the output for the™ training vecton(t) and
o(2) =1/[1+exp(-2)]. For two classes, w, a,T,can be In summary, the aim is to extract the maximum information or

optimised by minimising the energy function in the least squaré@aturesfrom our signal by projection onto a co-ordinate system

sense (see eq 5). In [2] then, two classification examples & basis function in which that signal is best (most efficiently)
represented. What is meant by efficiency really depends on the



final object. If compression is required, then the most efficieBimilarly to Kadambe et al [2], we added Gaussian noise with
basis will be the one wherein most of the information iso =0.1 independently to the first segment of each phoneme to
contained in just a few coefficients. On the other hand if we atfive an extra ten training vectors for each class. Thus we
interested in classification, a basis which most uniquelybtained a total of 42 training vectors all normalised to unit
represents a given class of signal in the presence of other knawstm. The neural network classifier had 5 nodes in its hidden
classes will be most desirable. layer after empirically determining that this number gave
sufficient classification. When the classifier was tested on the
Figure 4 shows the structure of the wavelet based acousticaining data it gave 100% accuracy with a 90% confidence
phonetic feature extractor used in the pre-classification staghreshold.
Our library of basis contained just two dictionaries, wavelet
packets and smooth localised cosine packets, although others

Xo X% % % X% % % % |

certainly possible. Thus the first stage of the system is to choose 9 h o
the most suitable of these for the problem at hand. This is done % a ) % | ho hy h, hy |
practice by simply picking the one which gives minimum entropy 3 : . .
Ao ~A A ~a
among them [10]. E RS
. h h h h
3.1 Experimental RS S
| 99% | hog |ghg) | hhgl| gghy | hgh | ghhy | hhhy
LCT Degompose - - - - )
Signal Figure 5: Best-Basis wavelet approximations organise
themselves into a binary tree.
Min
Besis |s|Enuopy. The next stage was to test the trained network on unseen data.
9 __|search Dictionary|[ We used the same kind of phonemes from the same speaker but
; uttered under different context, /d/ asdark, /s/ as instruggle,

and /z/ as inHerb’s (see Figure 7)Overall classification was
again 100% but with a lower confidence level, about 60%.
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4. EVALUATION

The acoustic-phonetic feature extraction method described here
After Kadambe et al [2] who implement phonetic modelling antakes advantage of the adaptive time-frequency localisation
classification using adaptive wavelets, we use for training thsharacteristics of the Best-Basis method to efficiently represent
voiced phoneme /d/ as rad, and the two unvoiced phonemes /siperceptually relevant acoustical events. That the features
as inaskand /z/ as inwas These phonemes were extracted fronextracted are suitable for classification tasks has been illustrated
a single male speaker in the TIMIT database. Each signal wlay means of a simple training and test set consisting of those
low-pass filtered to resemble 8Khz band-limited telephonsignal features contained in the wavelet coefficients. The results
speech. The training features for the two layer feed-forwarmt this stage are promising and warrant the testing of this method
neural network were then obtained via the best-basis paradigmod a larger database of speech data. It is interesting to note the
dictionary was chosen from our library of possible bases for eastructural similarities between the transformed data sets in
phoneme, dependent on which provided the minimum of Rigures 6(f) and 7(a) of the contextually different phonemes /z/
specified cost function, in this case entropy. As it turned out, thesed in the training and test phonemes respectively. The /s/ and
LCT (Local Cosine Transform) dictionary was selected for th&d/ phonemes exhibit a similar characterisitic.
voiced phoneme /d/ since these set of functions are smooth and
most suitable for representing oscillatory signals. The /s/ and /z/ 5. REFERENCES
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(c) Transform of /s/ as in struggle

(c) /z/ as in was Figure 7: Wavelet Transforms of test datdote the correlation
between transforms of contextually different phonemes.
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(d) Transform of /d/ as in had.



