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Abstract— The objective of voice conversion algorithm is to
modify the speech by a particular source speaker so that it
sounds as if spoken by a different target speaker. Speech
signal is produced by the convolution of excitation and time
varying vocal tract system components. These excitation
and vocal tract components must be separated from the
available speech signal to study these components
independently. For deconvolving the given speech into
excitation and vocal tract system components, methods
based on homomorphic analysis like cepstral analysis are
developed. As the cepstral analysis does the deconvolution
of speech into source and system components by traversing
through frequency domain, the deconvolution task becomes
computational intensive process. To reduce such type of
computational complexity the Linear Prediction Analysis is
developed. The primary objective of prediction analysis is to
compute the coefficients which minimize the prediction
error.
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I. INTRODUCTION

Voice conversion is the process of adapting the acoustical
characteristics of a source speaker according to that of a
target speaker. Voice conversion finds its application in
areas such as personification of text to speech synthesis,
audio based learning tool, audition test, audition
customization, audio dubbing and biometric recognition.

Voice transformation should be performed without
losing the original speech content including the emotional
state of the speaker. Such transformation involves mapping
of spectral, excitation, prosodic features and F, pattern of a
source speaker onto a target speaker’s acoustic space.Speech
signals are slowly time varying signals (quasi-stationary)[3].
When examined over a short period of time its
characteristics are fairly stationary. The information in
speech signal is actually represented by short term
amplitude spectrum waveform of the speech waveform. This
allows us to extract features based on the short time
amplitude spectrum from the speech. Voice conversion
takes place in two phases. The first one is the training phase
and the second is the testing phase. In the training phase the
features are extracted. With these extracted features testing
phase is carried out.

Different voice conversion systems that employ
different methods exists, but they all share the following
components:

— A method to represent the speaker specific
characteristics of the speech waveform

— A method to map the source and the target
acoustical spaces

— A method to modify the characteristics of the
source speech using the mapping obtained in the
training phase.

Some of the voice conversion algorithms are as follows:

— Statistical technique (Gaussian mixture model
(GMM)[1], Hidden markov models (HMM)[2],
Principal component analysis(PCA).

—  Cognitive technique[8](Artificial neural network),

—  Linear algebra technique(SVD)

— Signal processing technique (Vector quantization
(VQ)[5],Frequency Warping[4].

In this paper voice conversion is analyzed using
linear predictive analysis methods as it is based on
parametric estimation [9] and good in recognition in
parameterization of voice.

Il. LINEAR PREDICTIVE ANALYSIS

Linear predictive(LP) analysis is one of the most widely
used speech analysis techniques. In this analysis coding of
speech takes place at a low bit rate. Linear prediction is
analyzed using auto correlation method. The linear
prediction coefficients are used to estimate the vocal tract
system function and the error signal function. The basic
concept behind linear predictive analysis is that a specific
speech sample at the current time can be approximated as a
linear combination of past speech samples[6]that is
prediction of current sample as a linear combination of past
p samples form the basis of linear prediction analysis.
Where p is order of the prediction error.
The prediction concept is represented as,
$(n) =-3%_ap.s(n—k) (1)
Where a,s are the linear prediction coefficient and
s (n) is the windowed sequence, given by,
s(n) = x(n).w(n) 2
Where ®(n) is the windowing sequence. The
prediction error e(n) can be computed by the difference
between actual sample s(n) and the predicted sample $(n)
which is given by,
e(n) =s(n) —s(n) =s(n) + Zizlak.s(n —k) 3)
The primary objective of Linear predictive analysis
is to compute the LPC coefficients which minimizes the
prediction error e(n).
The total prediction error is given as,

E=Yr . e*(n). (4)

I1l. COMPUTING THE RESIDUAL ERROR

The autocorrelation sequence is given as,

R = XaZis(m)s(n — i) ()
For i=1,2,3..p and N is the length of the sequence.

This can be represented in matrix form as,

RA=-—r (6)
The LP coefficients can be computed as,
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A = —R~1.r Where R~ is the inverse matrix
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Fig. 1: Computing the residual by inverse filtering

IV. ESTIMATING THE VOCAL TRACT PARAMETERS BY
LINEAR PREDICTIVE ANALYSIS

LP analysis separates the given short term sequence of
speech into its slowly varying vocal tract component
represented by LP filter (H(z)) and fast varying excitation
component given by the LP residual (e(n)). The LP filter
(H(z)) induces the desired spectral shape on the flat
spectrum (E(2)) of the noise like excitation sequence. AS the
LP spectrum provides the vocal tract characteristics, the
vocal tract resonance can be obtained by picking the peaks
from the magnitude LP spectrum (|H(z)|).
S(z) =E(2).H(2). @)
Where S(z) is the spectrum of the given short time
speech signal.

V. ESTIMATING PITCH FROM LP RESIDUAL

As the LP residual is an error obtained from the LP analysis,
it is noisy in nature. The pitch marks are characterized by
the sharp peak in the signal. A sharp peak with discontinuity
causes an error in the computed residual [7]. The periodicity
of the error gives the pitch period of that segment of speech
and this can be computed by the autocorrelation method. For
unvoiced signal the residual will be like a random noise
without any periodicity.

VI. NORMALIZED ERROR

The normalized error is used to find the prediction order of
the speech signal. The normal error can be defined as the
total minimum error to the total energy of the signal. The
normalized error is given as,
E.

Vo) = 2 ®)

Where E, is the total minimum error, R (1) is the
total energy of the signal and V, is the normalized error.
Ep = Yoo SHO+Eh_, @ T s().s(n—k)  (9)
In terms of autocorrelation sequence,
E, =R(1) + Yh_, ax.R(k) (10)

VIl. EXPERIMENT RESULTS AND DISCUSSION

A. Database:

Voice conversion techniques need a parallel database in
which the source and the target speakers record the same set
of utterances. The work presented here is carried out with
the help of the NORTH TEXAS VOWEL DATABASE.
Each speaker has recorded a set of phonetically balanced
utterances of duration less than 1 second.

B. LPC Coefficients:

LPC coefficients are extracted from the corresponding
source speaker. The source speaker can be either a male or

female speaker. After extracting the LPC coefficients it is
convolved with the help of the filter.

C. Excitation Features:

The excitation features are extracted from the target speaker.
After extracting the features it is convolved with the LPC
coefficients of the source speaker along with the filter. The
transformed voice obtained will be the convolution of the
source and the target speaker. The transformed voice
resembles the characters of both the source and the target
speaker.

D. Results:

The results are obtained for different vowels for the male
and female voices. The LPC coefficients of the source
speaker is given below in the tablel.The excitation size of
the target speaker is given below in the table 2.

E. Source Speaker:

S.No | Vowels | Size of the LPC coefficients
1 Heed 92
2. Had 92
3 Hood 90
4. Head 82

Table 1: Source speaker’s (male) LPC coefficients

F. Target Speaker:

S.No | Vowels | Excitation size
1 Heed 27828
2 Head 24172
3 Had 23819
4 Hood 23048

Table 2: Targets speaker’s (female) excitation size
From the above table it is clear that the vowels with
the longest pronunciation duration have the maximum
excitation size.

VIIl. SOURCE AND TARGET SPEAKER’S GRAPHS

A. Source Speaker:
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Fig. 2: Male LPC coefficients plot for the word ‘had’
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The above given graph is with error which is rectified by E. Converted Voice Plot:

convolving it with the help of a desired filter.
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Fig. 6: Plot for Converted Voice.

2 1 L 1 L 1 L L IX. CONCLUSION
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Fig. 3: Female LPC coefficient plot for the word ‘had’. From t_he above results_lt is cle_ar th_at the Linear predictive
analysis converts the given voice signal. LPC works good

C. Mean Squared Error (MSE): for the vowels. But for fricatives it fails to convert the voice,
B Fgure 2 e =) S as it is a parametric estimation. To overcome this problem
.g«;a ;w E"“@TZ’J’J;”S'“du”@”"f. — = we go _for MFCC which convert; voice based on spectral

estimation. Our future work is currently focused on
0= converting the voice with MFCC which performs better than
0.08 \ lﬂl ] LPC.
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