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ABSTRACT

One of the  biggest  challenges  in  vocal  transformation 
with TD-PSOLA technique is the selection of modified 
parameters  that  will  make  a  successful  speech 
resynthesis.  The  best  selection  methods  are  by using 
human  ratters.  This  study  focuses  on  automatic 
determination  of the  pathological  voice transformation 
coefficients using an Artificial Neural Network this way 
by comparing the results to the previous manual  work. 
Four  characterizied  parameters  (RATA-PLP,  Jitter, 
Shimmer  and  RAP)  were  chosen.  The  system  is 
developed  with  supervised  training,  consists  of 
recognition (neural network) for synthesis (TD-PSOLA). 
The  experimental  results  show that  the  parameter  sets 
selected by the proposed system can be successfully used 
to resynthesize and  demonstrating  that  our system can 
assist in vocal of pathological voice’s transformation.

Index  Terms—  transformation  coefficients,  
pathological  voice,,  ANN, RATA-PLP, Jitter,  Shimmer,  
RAP

1. INTRODUCTION

In this study, we propose a system which will allow us to 
put  in  correspondence  a  pathological  voice  with  the 
adequate coefficients of transformation  alpha  and  beta’ 
These coefficients will be later used by the method TD-
PSOLA to get a better intelligibility of the pathological 
voice has to needed to be transformed. 
Given the  complexity  of  the  function  desired and its 
nonlinearity,  methods based  on mathematical 
modeling have  proved unsatisfactory.  Hence  we  will 
develop a system based on artificial network of neurones 
multilayer (ANN).
Practically,  neural  networks  are  non-linear  statistical 
data modeling tools. They can be used in order to model 
complicated  relationships  between  inputs  and  outputs. 
An ANN can learn by example. Once a neural network is 
trained on the data,  it  will able to make predictions by 
detecting similar patterns in future data.[1]
For the  ANN it is practically impossible to be specified 
in  advance  a  satisfactory  architecture,  it  is  that  after 

several  experimental  trials  that  we  can  solve  this 
problem.
It must be emphasized that various choices (the number 
of hidden  layers,  the  number  of hidden  neurones,  the 
input  vector,  the  output  vector…)  can  make  the 
difference  between  the  success  and  the  failure  of  the 
system. So far as there is no exact formula. This obliged 
us to conceive several  models of networks and  choose 
among them the most successful model.

2. THE PROPOSED SYSTEM

The  pathological  signal  is  presented  as  a  vector  of N 
parameters  that  will  be presented  at  the  entrance  of a 
neural network. We will test the performances of several  
systems whose parameters  of the input  vector.  And the 
number  of input  neurons  vary  between  7and  45.  The 
outputs vectors will consist of a vector of two elements: 
the alpha and the beta coefficients (Figure 1).
Given that  we have the wished output,  training  will be 
supervised.
In supervised learning,  both the input and the expected 
output  patterns  (targets)  are  provided  (training  pairs). 
The  network  processes  these  inputs  and  compares  the 
resulting outputs to the desired ones. . [2]

Figure 1.  The multi-layer perceptron Architecture
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3. NETWORK ARCHITECTURE

3.1. Training and transfer functions

The training has always been the major problem that has 
defined  the  limits  of the  researches  in  connectionism. 
For our network training, we will use the algorithm back 
propagation  of  gradient which  turns  out  the  most 
successful on this structure [3]. The initial values of the 
weights are randomly allocated. Thus the problem of a 
weighty symmetry is resolved.
In  our  application  we tended to use transfer  functions 
that  are  implemented  with  their 
derivatives in MATLAB.
Three  transfer  functions can  be used: a linear  function 
('purelin') and two sïgmoïdes functions, the first one is at 
positive and negative outputs (' tansig '), the other one is 
only at positive outputs (' logsig '). 
We  chose  to  use  the  logsig  function  which  provides 
positive outputs.
We performed the training of the network by using 180 
sounds extracted from the OSEE unity’s database of the 
pathological sounds.

3.2. Choice of number of neurons in hidden layers
To unnecessarily  increase  the  network  complexity,  we 
just choose one hidden layer.  We test are called to our 
network using the RASTA coefficients of order 7, Jitter, 
Shimmer and RAP on 4, 5, 8, 10, 12, 15, 24, 35 and 50 
neurons  in  hidden  layer.  All  tests  lead  us to conclude 
that  the network size beyond 10 neurons did not affect 
network performance (Table 1). 
Network convergence is no longer  linear;  however,  we 
could  stop  the  algorithm  much  more  early  while 
maintaining  more  acceptable performances.  This  latter 
finding  leads us to consider  definitively 10 neurons  in 
hidden layer network.

Table 1.  Percentage of correct rate based on the number of 
neurons in hidden layer

Nbr of neurons % success rate
4 74,3
5 81,4
8 92,3

10 97,1
12 96,9
15 95,8
24 95
35 94,7
50 94,1

For a number of hidden  layers equal to ten, we have to 
vary the number of epochs.  We not noticed a sensitive 
improvement  in  the system performances (Table 2).  In 
order to optimize the system, we opted for a number of 
epochs equal to 400.

Table 2.  Percentage of correct rate based on epochs
Epocs % success rate
400 97,1
500 97,1
800 97,3
900 97,3

3.3. Choice of network Inputs 

For all systems based on neural networks, the examples 
of sounds must be presented has the entrance in the form 
of a  vector  coefficients.  It  is  that  for  every recording 
database to be used.  The vector  will  be trained  by the 
coefficients of Jitter, Shimmer, RAP and the coefficients 
representing the signal. 
The disturbances in the vocal conduit, the intonations of 
the irregularities of the pitch, are thus phenomena which 
we  often  meet  in  the  pathological  speech.  They  are 
generally centralized  in  the  emotional,  neurological  or 
pathological state of the patient.  The equations of Jitter 
(local or RAP) and Shimmer allows us to determine and 
to  characterize  with  certainty  the  percentages  of 
variations of a pathological signal.

3.3.1. Jitter
Jitter (local) it is a measure of short-term disturbances of 
the  sound signal’s  fundamental  frequency of.  It  is  the 
average of all differences, in absolute value between the 
durations  of  two  consecutive  periods  of  the  signal.  
Dividing this average by the average duration of a signal  
period, the result is a ratio, expressed in % (1)

(1)

Where To(i) , i =1, 2 ... N is the pitch period, N = PER is 
the number of pitch periods extracted.[4]

3.3.2. Jitter RAP
As  well  as  the  Jitter  ratio  the  Relative  Average 
Perturbation  (RAP)  measured  short-term  disruption  of 
the  fundamental  frequency.  Here,  we  compare  the 
duration  of each  period  To  (i) not  to  that  of the  next 
period T0 (i +1),  the average of 3 successive periods T0 (i-1) 

,  To  (i) and  T0  (i  +1) ,  has   theoretically  the  effect  of 
mitigate  of voluntary changes of the frequency voice, it 
is like the Jitter ratio is also expressed in%. (2)

(2)

Where To(i) , i =1, 2 ... N is the pitch period, N = PER is 
the number of pitch periods extracted.[5]



3.3.3. Shimmer
Shimmer  measures  the short-term  disturbances  of  the 
sound  signal’s  amplitude  of.  To  do  it,  we divide  the 
average  of the  differences,  in  absolute value;  enter  the 
maximal  amplitude  of  two  successive  periods,  by the 
average of the maximal amplitudes of every period 

(3)

Where  A(i), i =1, 2 ... N is the amplitude peak to peak, 
N = PER is  the number of extracts pulse.[6]

Figure 2 shows the evolution of Jitter for the normal and 
pathological  sounds, we notice a great  distortion in the 
pitch  corresponding  to  high  values  of  Jitter  (65%  in 
Figure2-b) for pathological voice, while a normal sound 
should not exceed 5% of irregularity (0.04 in Figure2-a).
[7]
3.4. Signal parameters choice
In  the  literature  several  model  of  presentation  of  the 
speech signal were used to describe the spectral envelope 
of  the  speaker's  voice.  This  includes  the  cepstral 
coefficients  Mel  scale  (MFCC),  linear  prediction 
coefficients (LPC), linear prediction perceptual (PLP)[8], 
the  technique  associated  with  the  relative  spectral 
perceptual  linear  prediction(PLP RASTA). [9]. We will 
choose  those  who  are  recognized  the  technique  most 
adaptable for the treatment of pathological voices.
We have  built  4  systems  with  10  neurons  in  hidden 
layer: system1 based on LPC coefficients, system2 based 
on  MFCC  coefficients,  system3  based  on  coefficients 
PLP and system4 was based on RASTAPLP coefficients, 
while varying the order of the coefficients (from 8 to 13 
for systems 1 and 2 and 4 to 12 for systems 3 and 4). For 
each system the network input vector constituted by the 
signal  parameters,  associated with Jitter,  Shimmer  and 
RAP coefficients.
We  use  180  sounds  for  learning  sounds  and  20  for 
testing;  extracted  ones  from  the  OSEE  sounds 
pathological database.  Table 3 foresee the results of the 
tests.

Table 3. Percentage of correct rate in system function 
ORDRE System1 System2 System3 System4

4 - - 90,5 93,5
5 - - 93 94,2
6 - - 95 96,3
7 - - 93,9 97,1
8 92,1 90,7 94,8 96,35
9 93,8 91,9 94,8 96,15
10 94,9 94 94,2 96,1
11 95,8 94,9 95 96
12 94 94 - 95,8
13 94,7 94,8 - -
14 94,1 94,2 - -

The  retained  method  is  thus  the  method  of  linear 
prediction  perceptuelle (PLP) coupled with  the  relative 
spectral technique (RASTA). 

We  have  also  compared  the  performances  of  system4 
towards two new systems, one bases on the parameters 
RASTAPLP and its first derivatives (system5), the other 
one  is  based  on  the  parameters  RASTAPLP  first 
derivatives, and its second  derivatives  (system6). 
The results are presented in Table 4.

Table 4. Percentage of correct rate
ORDRE System4 System5 System6

4 93,5 93,8 94,2
5 94,2 94,9 95,1
6 96,3 97,1 97,7
7 97,1 97,8 98,2
8 96,35 96,8 97,3
9 96,15 96,9 97,4

10 96,1 96,4 96,9
11 96 96,8 97

We can  deduce that  the use of an input  vector with 25 
parameters (the 7 first RATAPLP coefficients, their first 
derivatives and second  derivatives, and  the  values  of 
Jitter,  shimmer  and  RAP) gives the  best  performances 
with a 98,2 % correct rate. 

4. DISCUSSIONS
We have  tested  6  systems  of  neural  network;  we can 
notice that the percentage went from 74,3% to 98,2% by 
using the final system.
For  a  good  correspondence  between  efficiency  and 
duration of network response, we have opted for a system 
of 10  hidden  neurons  layer,  and  a  number  of epochs 
equal to 400. 
Figure  3  shows  that  the  percentage  of  a  successfully 
method  goes  from  90,9  %  to  97,1  %  using  the 
RASTAPLP orders 7. 
Figure  4  shows  that  the  percentage  of  a  successfully 
method goes from 97,1 % to 98,2 %, in association with 
the RASTAPLP, its first and second derivatives. 
The  method  of  prediction  linear  perceptive  (PLP) 
consists on packaging a critic bands of specter in short  
term  curried  out  with  a  correction  of  intensity.  The 
signal  amplitude  is  also  pressed.  Finally  the  study of 
linear prediction RASTA is followed 
The method RASTAPLP shows the rigidity towards the 
disturbances of pathological signals 
The use of vectors input of 24 coefficients .the RSTAPLP 
order  7 associated with  its  first  and  second derivatives 
also the  value of Jitter,  Shimmer  and  RAP offer more 
performance to the system



 
a- normal voice                      b-  pathologic voice

Figure 2.  Jitter variation for normal (a)
 and pathologic voice (b)
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Figure 3.  Percentage of correct rate for LPC,MFCC,PLP and 
RASTAPLP
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Figure 4.  Percentage of correct rate for RASTAPLP, 
ΔRASTAPLP ,Δ2 RASTAPLP

5. CONCLUSIONS

This  study  aimed  at  determining automatically  the 
transformation  of pathological  voice coefficients  using 
neural network for an important method commonly used 
in speech synthesis: TD-PSOLA. 
We  have  discussed  the  choice  signal  parameters,  the 
number of their coefficients, the number of hidden layers 

and  the  transfer  functions  to  be  applied  by different 
neurones to consider the best results.
The proposed system,  even  crudely implemented  as  it 
has been here, has proved to be an excellent way to made 
automatically speech transformation.
A neural  network  has  the  ability to  detect  any causal 
connection  between  the  inputs  vectors  and  outputs 
coefficients, even when a particular input has never been 
seen  before.  When  the  input  data  is  pathologic,  this 
ability permits excellent interpolation capabilities.
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