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Abstract. The speech production can be modeled by linear and nonlinear sys-
tems. In this contribution a time variable nonlinear Volterra system is used to 
model the fluctuations of the voiced excitation while a linear system models the 
resonances of the speech production system. The estimation of the Volterra sys-
tem is performed by a prediction algorithm. This is enabled by a description of 
the prediction problem as an approximation by a series expansion. Speech ex-
amples show that the use of a time variable Volterra system improves the natu-
ralness of the synthetic speech. 

1   Introduction 

Linear systems provide adequate modeling of the resonances of the vocal tract. The 
parameters of the linear system can be estimated by linear prediction or inverse filter-
ing. The speech signal is described by the linear model only partially [1], therefore an 
estimation by a nonlinear system is performed with respect to the residual signal of 
speech. Nonlinear prediction based on Volterra systems is used for the estimation. 
Since in the residual signal the linear relations of the speech signal are eliminated 
mostly, the nonlinear predictor consists of nonlinear terms only.  

2   Nonlinear Prediction 

The prediction ˆ( )x n  of a signal value ( )x n  is performed by a combination of prod-
ucts of previous signal values ( ) ( )x n i x n k− ⋅ −  with , 0i k > . For a signal x  the 
prediction error e is defined as the difference between the estimated value x̂  and the 
actual value x : 
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In (1) the second-order kernel 2h  is assumed symmetrically resulting 

2 2( , ) ( , )h i k h i k′ =  for i=k and 2 2( , ) 2 ( , )h i k h i k′ = ⋅  for i k≠ . The coefficients of the 

predictor are optimal if the expected value 2E[ ( ) ]e n  is minimized; this is approxi-

mated by 2( ) min→∑e n . 

2.1   Prediction based on Vectors  

If the analyzed signal ( )x n  is a finite signal of length L the prediction (1) can be 
described in a vector notation  
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Equation (2) represents a vector expansion of the vector x  by the vectors ,i kx . The 
error of the approximation ˆ| | | |= −e x x  is to be minimized. The estimation can be 
performed by a transformation of the vectors ,i kx  into an orthogonal basis by the 
Gram-Schmidt algorithm. Then the coefficients can be easily determined with the aid 
of the dot product of the vector x  and the orthogonal basis vectors. After this the 
basis is returned into the original vectors ,i kx  yielding the estimated coefficients 

2 ( , )′h i k .  

3   Analysis and Synthesis of Speech 

The prediction error filter (1) is suitable for the analysis of signals while the in-
verse system of the prediction error filter can be used for synthesis. The inverse sys-
tem 2H  of (1) has a recursive structure:  
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The recursive Volterra system is used for speech synthesis which can be seen in fig. 
1. The parameters of the nonlinear system are time variable to model the fluctuations 
of the voiced excitation. The linear system ( )H z  in fig. 1 models the resonance 
structure of the vocal tract and may include a real pole system ( )P z  for deemphasis. 
The voiced excitation for speech synthesis is realized with the recursive Volterra 



system 2H  which is excited by an impulse train corresponding to the fundamental 
frequency. The parameters for the nonlinear system are estimated from the residual of 
speech; to enable a time variability of the parameters the analysis is performed 
blockwise in short time intervals. For that purpose at first the speech signal is inverse-
filtered by LPC-analysis representing the conventional linear prediction. The result-
ing residual signal is segmented into overlapping segments which are analyzed by the 
nonlinear Volterra prediction. The lengths of the segments are about two pitch peri-
ods and the overlapping is about one period. The nonlinear prediction described in 
section 2 yields for every segment a diagonal matrix 2 ( , )h i kλ′  of estimated coeffi-
cients; the index λ  represents the analyzed λ -th segment. During the synthesis the 
parameters of the system 2H  are controlled by the parameter matrices 2 ( , )h i kλ′  con-
secutively, modeling the fluctuations of the voiced excitation. 

 

Fig. 1. Systems involved for the synthesis of voiced speech: Excitation of the time variable 
recursive Volterra system 2H  by an impulse train; filtering by a linear system consisting of 

( )P z  for deemphasis and ( )H z  for the resonances of the vocal tract. 

To demonstrate the effect of the time variable nonlinear system in the following ex-
ample the vowel /a:/ is analyzed and resynthesized with constant fundamental fre-
quency without any jitter. The speech signal of the vowel /a:/ is filtered by linear 
prediction and the residual is analyzed blockwise as described above. The linear sys-
tem ( )H z  is in this case the standard all-pole model obtained from the linear predic-
tion. To show the impact of the nonlinear system, the spectra of the resynthesized 
vowel /a:/ are shown in fig. 2 with and without the recursive Volterra system. The use 
of the time variable Volterra system causes nonperiodicities, which can be seen in fig. 
2(a) in contrast to 2(b). It is known, that a nonperiodic component is favorable for the 
naturalness of synthetic speech [2]. Additionally to the nonlinear system a noise com-
ponent may be included into the excitation, to further increase the nonperiodicity.  
Besides of resynthesis of stationary vowels, the excitation is used for a parametric 
synthesis which includes a lossy tube model as linear system ( )H z  in fig. 1. The 
parameters of this lossy tube model are estimated from diphones by an optimization 
algorithm [3]. Figure 3 shows short-time spectra of the parametric synthesis repre-
senting the beginning of the diphthong /aI/. The time variable nonlinear system re-
duces the periodicity especially in the high frequency range which can be seen in fig. 
3(a). Synthesized examples of words show that the inclusion of the time variable 
nonlinear system improves the naturalness of the synthetic speech. 
 



 

Fig. 2. Spectra of synthesized vowel /a:/: (a) excitation consists of an impulse train and the 
subsequent nonlinear system; (b) excitation consists of an impulse train without the nonlinear 
system. 

 

Fig. 3. Spectra of a segment of the synthesized diphthong /aI/ by parametric synthesis with 
lossy tube model: (a) excitation consists of an impulse train and the subsequent nonlinear sys-
tem; (b) excitation consists of an impulse train without the nonlinear system. 
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