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Abstract 
 
This document summarizes three different contemporary 

methods of Speech Parameterization: MFCC, DWPT and 

Articulatory Features. It remarks the importance of the 

MFCCs and comments the necessity for alternative 

speech parameterization schemes. Three different ideas 

for research lines are given.  

 

Introduction 
 
Digital Speech is used in many aspects of our everyday 

life, from cellular phones to voice driven communication 

services. It is used in two main areas of electronic 

communications: Recognition and Synthesis. As they 

advance, both areas benefit from each other, nowadays 

most of the speech synthesis systems work on the speech 

parameterization scheme originally conceived and used 

in speech recognition systems. 

 

The concept of speech parameterization refers to a 

numerical representation of an already digitalized speech 

signal. It is a reduction in size (compression) of the 

sampled data in order to make it more feasible to process 

and store in disk. The way the signal is processed to result 

in the above mentioned reduction is illustrated in the 

figure. 

 

 
Figure 1 “Speech Parameterization Process” 

 

 

 

 

 

 

 

 

 

 

 

 

Speech parameterization has much success in automatic 

speech recognition. Unfortunately its contribution to, the 

main goal of Speech Synthesis (which is to produce an 

artificial voice indistinguishable from that of a human) 

seems to be insufficient when the current 

parameterization methods are used. 

 

The lack of success in imitating human speech is in part 

due to the fact that none of the current parameterization 

methods capture the main features of human language. 

Many of these features have little to do w2ith pitch and 

intensity and more to do with the way we perceive and 

articulate speech. Ganchev (2012) claims this may be one 

of the reasons why we haven´t found the perfect speech 

synthesizer.  

 

The challenge to achieve better speech synthesis is still 

in force. Currently, the Mel-Frequency Cepstral 

Coefficients MFCCs (originally designed for speech 

recognition) are considered the most efficient method to 

synthesize speech. Nevertheless, experts in the area have 

started to question whether speech parameterization 

using MFCCs is the best choice. 

 

The following text summarizes different speech 

parameterizations which are currently in use as well as 

some alternative methods proposed by different authors. 

 

Types of Parameterization  
 
Speech, as any other digital signal needs to be processed 

depending on what is going to be used for. Normally 

synthesized speech is produced by a huge amount of data. 

Either the required parameters to adjust the source and 

filters (as happens in formant synthesis) or the different 

data bases storing a collection of phonemes (in 

concatenative synthesis). 

 

Particularly on the latter, data need to be reduced to a 

minimum to be easier to process and store in any 

computational system. During the last 30 years different 

ways to compress data have been sought. The more 

efficient and therefore the more used will be mentioned 

over the next lines. 



 

 
 

Mel Frequency Cepstral Coefficients 

(MFCC) 
 
This type of speech parameterization is undoubtedly the 

most popular. It is the one that most speech synthesis 

methods used. Particularly those based on HMM (Hidden 

Markov Models).  

 

It works under the following algorithm (assuming a 

speech signal in its digital form):  

 

1. The signal is band-passed to improve the Signal 

to Noise Ratio (SNR). This attenuates lower 

band undesired noises like wind, cooling fans, 

car engines, power supplies, etc.  At the same 

time it attenuates high band noises like sharp 

edges of a clipped signal. 

2. The signal is the pre-emphasized. It means that 

energy in the upper part of the spectrum is 

increased. It helps to facilitate the estimation of 

the higher formants. 

3. A Hamming Window is applied to obtain the 

average frequency contents at subsequent 

instants in time called frames. Each analysis 

should be short enough to give the required time 

resolution but long enough to provide accurate 

frequency resolution. (Typically a window of 20 

to 25 ms is applied at intervals of 10 ms). 

4. DFT is applied to each frame. 

5. A Filter-bank is the applied to each frame of the 

frequency domain signal. According to Davis 

and Mermelstein (1980) the filters are non-

uniformly distributed referring to the non-linear 

Mel-Scale. (Usually 20 channel filter-bank is 

employed. The center frequencies of the first 10 

channels are linearly distributed whereas the 

other 10 increase logarithmically. 

6. The MFCCs are obtained after applying the 

Discrete Cosine Transform DCT (which is a 

logarithmic variant of the FFT) to the output of 

each filter. (Normally 10 to 12 coefficients are 

enough) 

 

The MFCCs are used as a compact sound storing option. 

They are basically numbers that reveal the amplitudes of 

a signal but do not contain acoustic energy by 

themselves. 

 

In speech synthesis, the MFCCs are used to drive a 

voicing source which in turn produces the required sound 

for the voiced sounds (vowels). They are as well used in 

a white noise source to provide the unvoiced sounds 

(fricatives, plosives). Figure 2 summarizes the process, 

note that the process is a particularization of the general 

process exposed in figure 1. 

 

 

 
Figure 2. “MFCCs algorithm” 

 

 

Discrete Wavelet Packet Transform DWPT 
 

This method of speech parameterization share the same 

signal processing steps followed in the MFCCs 

algorithm. For the case of DWPT, Finite impulse 

response FIR filters are used instead of the bandpass 

filter-bank in the MFCCs algorithm. 

 

A Discrete Wavelet Transform DWT is a mathematical 

representation of a signal in terms of frequency, just as 

the Fast Fourier Transform FFT is. The difference 

between them is that DWT offers sinusoidal components 

location whereas the FFT does not. 

 

Under this principle, experts believe that coding speech 

using DWT gives more flexibility in the selection of 

time-frequency components at the signal decomposition 

stage. 

 

The FIR filter-bank arrangement roughly approximates 

the Mel scale to consider the non-linear human auditory 

pitch perception. The cepstral analysis of the outputs is 

performed using the DCT (as it is in at the output of the 

bandpass in the MFCC analysis) to obtain the wavelet 

coefficients. 

 

Several attempts to parametrize speech have succeeded 

from 1998 to 2006 been the most notorious the WDF-



SBC (Sub-band coding DWPT-based), WDF-FD 

(Farooq-Datta), WDF-OBJ (objective), WDF-OVL 

(overlapping) –both by Siafarikas 2004-2005 

respectively- and WDF-ACE (Advanced Combinational 

Encoder) by Nogueira, ET. Al. in 2006. 

 

 

Comparison between both methods 
 
In his book (2011), Ganchev reports experimental results 

of speech recognition tasks using both MFCCs and 

DWPT, each of them in four different variations. The 

author then compares results from all the methods used. 

 

The DWPT outperformed the MFCC in recognition 

accuracy. It would be interesting to see if DWPT 

parameterization can be used in speech synthesis as well 

as it is used in speech recognition. 
 

Articulatory Parameterization 
 

This method of speech parameterization takes into 

account the physical dimensions of the vocal tract (length 

and cross-sectional) area as it was proposed by Fant 

during the 60s. Different approaches are taken to model 

speech in this fashion: Speech signal inversion (Ayral, 

2013, Richmond 2010), formant filtering (Klatt, 1982) or 

direct subject measuring of vocal tract articulators 

dynamics (Story 2002, Steiner 2009). 

 

Experimentation has been carried out by synthesizing 

speech using both approaches. The first approach 

consists of estimating the different articulator’s dynamics 

(position and velocity) given a recorded speech signal 

(Richmond 2010) it is still on early stages given the 

mathematical complexity that such task implies.  

 

The second approach has been widely used during the 

80s and 90s, it is basically a speech synthesis system 

build with cascaded bandpass filters and two (voice and 

noise) sources. Its use decreased during the first decade 

of the present century given the large amount of 

simultaneously operating parameters.  

 

Finally some investigators decided to directly measure a 

speaking subject using Magnetic Resonance Imaging 

(MRI) or Electromagnetic Articulography (EMA). The 

problem found in both methods is that they can be highly 

invasive and require the subject to speak in unnatural 

positions, thus the resulting measures lack of precision. 

 

Currently, important investigations in speech aim to 

develop a new speech parameterization scheme based on 

articulatory features. Allan Black (2011) with a group of 

colleagues made an experiment by comparing synthesis 

based on MFCCs versus synthesis based on articulatory 

features. Another effort was done by Ayral (2013) using 

Radio Basis Function Neural Networks to obtain 

parameters to manipulate a Maeda (1982) Synthesizer. 

 

Black’s work is relevant since their judgment on speech 

quality was based on human perception rather than 

quantitative results. They performed a series of Mean 

Opinion Score (MOS) tests. A selected group of people 

were asked to listen to different sets of phrases, both 

articulatory and MFCCs synthesized. Interestingly, those 

phrases synthesized from articulatory features turned out 

to be more human-like than those created using MFCCs. 

 

The existing problem is that current speech synthesizers 

based on HMMs such as FESTIVAL or STRAIGHT are 

designed to operate with MFCC parameters and to make 

them compatible with articulatory features is a 

cumbersome task. 

 

The other attempt of synthesis by articulatory inversion 

by Ayral was a comparison of parameters obtained using 

EMA subject measured data and parameters obtained 

from a speech signal inversion. Both types of parameters 

were then fed into a Maeda synthesizer.  

 

Surprisingly, those parameters obtained from the 

inversion algorithm produced a better quality synthesis 

than those taken form EMA measuring. The authors 

claimed that EMA measured parameters lack of 

naturalness due to discomfort of the speaking subject 

when he or she was measured. 

 

Conclusion and Final Comments 
 
In his book, after describing, experimenting and 

comparing the different parameterizations based on DCT 

cepstral algorithm, Ganchev remarks that the 

performance results among the different 

parameterization schemes are quite dissimilar to each 

other. 

 

He states that such differences illustrate the complexity 

of the speech parameterization problem. He recommends 

that each parameterization should be chosen depending 

on the particular task it is required for. 

Also, Ganchev believes that it is very difficult to 

conceive an all-purpose speech parameterization scheme. 

If the ultimate challenge is to make it sound human, one 

needs to take into account that humans never say the 

same phrase identically twice. 

 

Human language depends on multiple variables like 

affective state, health condition, cognitive load, 

involvement, environmental noises, etc. Such variables 

affect speech as much as they affect audition. 



 

Regarding the latter, Ganchev claims that even though 

the Mel-scale (which is used as a reference for the filter-

bank construction) is based on human pitch perception 

capacity. The design remains rigid compared to the 

adaptation capacity of the human hearing system. The 

human auditory system works taking into account the 

speech variables above mentioned. 

 

Ganchev thinks that before having an all-purpose speech 

parameterization scheme, deeper knowledge in how the 

human brain interacts with the signals coming from the 

hearing system. He concludes that having that 

information will constitute a major step towards 

obtaining human-like perception and interpretation of 

sounds. 

 

Future Work 
 
Perhaps the shortest way to start would be to evaluate the 

possibility of using DWPT as a parameterization method 

in speech synthesis. An argument against it is the mere 

fact that DWPT is based on rigid filters and its 

coefficients are as well as in MFCC obtained using DCT 

which Ganchev considers considerably different 

compared to the auditory human system. 

 

Another action to consider would be to search further on 

Black's purpose direction by making the articulatory 

features compatible with an HMM synthesizer. 

 

Finally and following Ayral´s and other people´s work, 

the possibility of obtaining the articulation parameters 

given an acoustic speech signal seems attractive as a 

principle of speech parameterization. Unfortunately this 

work is still on early stages and poses an important 

mathematical challenge. 
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