
In speech, the sounds involved in an utterance are not 
produced independently of one another, but rather 
reflect the result of a complex process of sound 
concatenation. It is important to study these 
coarticulation effects in representations of speech 
signals since, for example, their cues can be helpful in 
the development of robust speech recognition systems. 
Representational tools, such as the spectrogram, are 
useful for visualizing spectral characteristics along the 
time axis; most of these tools are based on second-
order statistics, and it is interesting to consider other 
methods which might be useful in studying the 
problem of coarticulation. In recent years, sparse 
signal representations using suitable dictionaries of 
functions seem to provide an attractive alternative. 
With this alternative in mind, the present paper 
applies spectral and basis pursuit techniques to 
spanish synthesized signals. The results on a reduced 
vocabulary show that some prosodic and 
coarticulatory cues can be obtained from the basis 
pursuit method compared to the spectral 
representation. 

 
I. INTRODUCTION 

 
In speech, it is well known that sounds are not 

produced in isolation, but influence and affect one other. 
This complex process of sound concatenation is called 
coarticulation. Coarticulation is related to the speed and 
the coordination of the movements of the vocal fold. For 
example, a vowel (V) produced between two nasal 
consonants (C), such an /m/, presents modifications in its 
spectral representation due to the effects of these adjacent 
consonants. In a CV segment with a stop consonant, the 
spectral representation shows the obstruction of the air 
flow and then the release of the accumulated air at the 
moment of the closing and opening of the vocal fold. 
Graphical representations of these acoustic events 
sometimes lack clarity when analyzing changes within 
the same speaker, so different types of analysis and 
representation methods could prove useful.  

In the field of speech processing there are several 
methods of analysis and representation. The spectrogram 
is an efficient tool to visualize the spectral characteristics 
of the signal along the time axis; it is based on second-
order statistics. Alternative representations might 
improve this one, for example, by showing ‘hidden’ 
elements hard to identify in the spectrograms. The 
information obtained by higher order statistics, for 

example, might be useful since it may provide clues 
about new model configurations of speech signals that 
could be better than existing ones [1]. The most important 
problem with this kind of alternative signal analysis is a 
lack of understanding of their properties when applied to 
speech signals. Furthermore, the computational load is 
usually greater compared to the traditional second-order 
statistics based analysis [1], [2].  

In a preliminary exploration of alternative techniques, 
this paper presents spectral and basis pursuit 
representations of speech signals using two different 
synthesized voices, spanish and mexican; spectrogram 
and basis pursuit algorithms were applied to the signals in 
order to study coarticulation effects.  

The paper is organized as follows: in the next section 
the words selected, the effects to be analyzed and the 
speech representation methods are described. Results are 
presented and a discussion and conclusions are given. 
 
 

II. METHODOLOGY 
 

 The data selected and the representation methods are 
described in this section.  

 
A. Data 
  

A set of two spanish words was selected. These words 
presented different combinations of spanish sounds, e.g. 
CV segments (stop-vowel or fricative vowel), CVV 
segments (liquid semivowel-diphthong) or CVC 
segments (liquid-vowel-fricative, stop-vowel-fricative, 
nasal-vowel, nasal).  
 For each word three different synthesized utterances 
were produced using mbrola [3]; tables 1 and 2 shows the 
acoustic characteristics of each utterance for the figures 
presented in this paper. The idea of studying synthesized 
utterances was because of the control available for 
specifying certain acoustic events precisely.  
 
Table 1: Acoustic characteristics of the synthesized word 

‘areas’ 
phoneme 
name 

duration (ms) position of the 
pitch target (%) 

pitch value 
(Hz) 

a 108/108/108 30/30/30 130/130/130
r 50/50/50 - /50/ - - / - / - 
e 90/90/90 -/100/- -/150/130 
a 90/90/130 -/99/30 - / - / - 
s 110/110/110 99/99/99 80/80/80 
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Table 2: Acoustic characteristics of the synthesized word 
‘gatos’ 

 
phoneme 
name 

duration (ms) position of the 
pitch target (%) 

pitch value 
(Hz) 

g 50/50/50 - / - / - - / - / - 
a 120/90/90 - /90/90 - /100/150 
t 85/85/85 - / - / - - / - / - 
o 90/35/35 90/60/60 100/123/350
s 110/110/110 - / - / - - / - / - 

 
For each utterance the spectrogram and the basis 

pursuit representations were obtained. 
 
B. Spectrogram 
 

The spectrogram algorithm splits the signal into 
overlapping segments and applies a window [4]. For each 
segment it computes the discrete-time Fourier transform 
for a given length (nfft) to produce an estimate of the 
short-term frequency contents. The matlab algorithm to 
compute the spectrograms was applied to the signals [5]. 
The spectrogram is computed from 

( ) ∑
∞

−∞=
⎟
⎠
⎞

⎜
⎝
⎛ −=Γ

k
ky N

kC πωδπω 22 2
 

where ( )ωyΓ  is the power density spectrum for a 
periodic signal y(n), Ck the associated coefficients [6] 

The set of parameters used is the following:  
- sampling frequency = 16 KHz 
- nfft = 256 
- hamming window of nfft length 
- no overlap between windows. 

 
C. Basis Pursuit 

 
In the last few years a number of papers have been 

devoted to the study of different ways of representing 
signals using dictionaries of suitable functions [7], [8]. A 
dictionary D is a collection of parameterized waveforms 
( )

Γ∈γγφ , and a representation of the signal s in terms of 

D is a decomposition of the form 

∑
Γ∈

=
γ

γγφas   (1) 

Some commonly used dictionaries are the traditional 
Fourier sinusoids (frequency dictionaries), Dirac 
functions, Wavelets (time-scale dictionaries), Gabor 
functions (time-frequency dictionaries), or combinations 
of these. In this paper a wavelet symmlet was employed. 
 An important criterion for choosing a method consists 
in obtaining a sparse representation of the signal; Here, 
this means that ‘a few’ of the coefficients γa  in (1) are to 
be different from zero. 

Chen et al [9] propose a method, called Basis Pursuit 
(BP), which is designed to produce such a sparse 
representation. The principle of BP is to find a 
representation of the signal whose coefficients have 
minimal l1 norm. A suitable representation is found by a 
optimization method. More precisely if the signal s has 
length n and there are p waveforms in the dictionary, then 
the problem to solve is:  

1
min a subject to sa =Φ   (2) 

where a is a vector in nℜ  representing the coefficients 
and Φ is a p x n matrix giving the values of the p 
waveforms in the dictionary. 

BP requires the solution of a convex optimization 
problem with inequality constrains, this can be 
reformulated in terms of linear programming techniques. 
It can be shown that the problem can be converted to a 
standard linear program, with only positive coefficients, 
by making the substitution a ← [u,v] and solving  

[ ]vulT ,min  subject to [ ][ ] svu =Φ−Φ ,, , 
vu,0 ≤      (3) 

BP is seen as a principle instead of an algorithm. In 
order to compute the solutions to the optimization 
problem, The simplex and interior point algorithms can 
be considered. 

BP-simplex algorithm starts from any linearly 
independent collection of n atoms from the dictionary, 
this is the current decomposition. Then, iteratively 
improves the current decomposition by swapping atoms 
for new atoms in order to improve the objective 
functional. By application of anti-cycling rules, there is a 
way to select swaps that guarantees convergence to an 
optimal solution. 

BP-interior point algorithm starts form a solution to the 
overcomplete representation problem containing many 
more than n nonzero elements. One iteratively modifies 
the coefficients, maintaining feasibility, but applying a 
transformation that has the effect of successively sparse 
the vector a. At some iteration the vector a has n 
significantly nonzero entries that correspond to the atoms 
that appear in the final solution. In the paper BP-simplex 
algorithm was employed. 

 
III. RESULTS 

 
 Figs 1 and 2 show the spectrogram and BP 
representations of the synthesized utterances of the word 
‘areas’ produced by a spanish voice. Figs 3 and 4 show 
the spectrogram and BP representations of the 
synthesized utterances of the word ‘gatos’ produced by a 
mexican voice.  
 In each of the figures the segment to be analyzed is 
selected between the lines: the fricative-diphthong (CVV) 
segment for the word ‘areas’ and the vowel-stop-vowel 
(VCV) segment for the word ‘gatos’. 
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Fig.1 Spectrogram of the word “areas” (spanish synthesized voice) 
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Fig.2 Phaseplane Basis Pursuit of the word “areas”  
(spanish synthesized voice) 

 

 
 

Fig.3 Spectrogram of the word “gatos”  
(mexican synthesized voice) 
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Fig.4 Phaseplane Basis Pursuit of the word “gatos”  

(mexican synthesized voice) 
 
 

IV. DISCUSSION 
 
The spectral representations show a very similar 

behavior for the three utterances in both examples. In the 
case of ‘areas’ (Fig 1) the CVV segment presents changes 
in energy and the effect of the diphthong (/ea/) can be 
seen in the vowel formants. In Fig 3, the spectral VCV 
segment remains without changes in the three utterances 
and the vowel configurations do not seem to be different.  

The basis pursuit diagrams (Figs 2 & 4) show 
noticeable changes among the utterances for the same 
word. In Fig 2 the diphthong segment BP coefficients are 
presented in different arrays while in Fig 4, the VCV 
segment clusters its BP coefficients in different locations 
of time. It is important to notice that the number and 
energy level of the coefficients are also different for each 
utterance even for the same word. 

One of the disadvantages that the basis pursuit interior 
point algorithm presents is the amount of processing time, 
since there are an important number of calculations 
involved. The simplex algorithm also presents the same 
disadvantage, although the processing time is little less 
than the interior point algorithm. Table 3 presents the BP-
Simplex algorithm time durations (in seconds) for the 
example words.  
 

Table 3: Time duration (secs) of BP-Simplex Algorithm 
applied to the speech signals 

 
Word Spanish 

voice 
mexican 

voice 
Areas 539.8 302.47 
Gatos 526.3 250.99 
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V. CONCLUSION 

 
 Spectral and basis pursuit representations were applied to 
synthesized speech signals in order to identify differences 
in coarticulatory effects among three utterances of the 
same word. 

The study of basis pursuit applied to speech analysis 
shows possible advantages of the method over traditional 
approaches. These advantages present themselves in 
terms of the adequate localization of acoustic cues, 
obtained from a sparse representation. It is necessary to 
understand the effect of the dictionary on the acoustic 
cues for speech signals and to develop efficient methods 
to obtain the BP coefficients. 
 Further work in the development of atomic 
decompositions and higher order analysis tools will be 
addressed in the future.  
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