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Abstract— In our earlier work [1], [2], we employed minimum variance
distortionless response (MVDR) and MVDR Bauer respectivel, as spec-
tral estimation techniques in place of modified-linear predction in Dis-
crete cosine transform (DCT) based pitch modification [3]. V¢ introduce
psychoacoustic characteristics to [1], [2] resulting in Peeptual-MVDR
(PMVDR) and PMVDR-Bauer algorithms utilized here for spectral
estimation. Further, we employ Bauer method of spectral fatorization
in our later algorithm since it results in causal inverse filier. These are
used to obtain residual signal from pitch synchronous speécframes.
The residual signal is resampled using DCT/IDCT depending i the
target pitch scale factor. Finally, forward filters realized from the above
factorization are used to get pitch modified speech. The mofied speech is
evaluated subjectively by 10 listeners and mean opinion sges (MOS) are
evaluated for pitch factors from 0.5 to 2. Modified bark spectal distortion
(MBSD) measure is also employed to evaluate objective perfoance.
We found that the proposed approach has been rated with higheMOS
and has achieved lower MBSD than the time domain pitch synclanous
overlap [4], modified-LP method [3] and MVDR based methods [}, [2].
Further, we modified the pitch contours of 20 affirmative senéences to
sound like interrogative sentences, using the current as Wleas our earlier
algorithms and compared their performance.

. INTRODUCTION

jtch modification is the process of changing the pitch of

given speech signal without effecting its time scale, tvageying
spectral envelope and speaker information. Many techsiguést in
the literature that accomplish this in the time or frequedoynain
or both, of which time domain pitch synchronous overlap agdi
(TD-PSOLA, [4]) is the simplest. It requires the knowledgettoe
pitch pulses and exact pitch synchronicity between pitctrkma
Frequency domain pitch synchronous overlap adding (FD{?SO
[5]) was the first technique proposed to achieve pitch maatific.
Here, each short-time analysis signal is modified by emplpyi
frequency domain resampling on the short-time Fourier sficom
signal. Techniques like residual PSOLA (LP-PSOLA, [4])ishe
speech signal into an excitation componéiifz) and vocal tract

componentA(z). Pitch modification is then carried out on the source

signal also known as residual signal. The output is obtaibgd
combining modified sourcefZ(z) and A(z) using linear prediction
(LP) [6]. In [7], the pitch is modified by interpolating thesidual
signal, realized through either upsampling or downsargpiinobtain
new residual length corresponding to the target pitch muatifin
factor. The spectral envelope responsible for the formaatsire is
superimposed by LP forward filtering of the modified residual

In [3], LP and modified-LP spectral estimation were employe

scaling. In section II, we introduce MVDR spectral modeliagd
its computation using LP coefficients. Later, we generateVPR
coefficients by replacing LP with warped-LP. Section Il ggats
pitch modification using PMVDR-Bauer. Pitch contours of ified
sentences are presented in Sec. IV for two different facteirslly,
we combine the subjective and objective performances oftech-
nigue with those of earlier pitch modification schemes.

Il. SPECTRALMODELING USING MVDR AND PMVDR

Murthi et al [8] introduce MVDR based spectral model as an
alternative to LP. They report that the MVDR follows inputesgh
spectral envelope with a minimal distortion. It models toed
speech, and mixed speech spectra better than LP [8]. Fuitheas
noted in [9] that MVDR analysis would lead to better discriation
of vocal tract transfer function and excitation source. \Wkze this
property and devise a pitch modification scheme based on MVDR

As in LP modeling of speech, MVDR spectrum for all frequescie
can be conveniently represented in a parametric form. ThéORV
spectrum can be simply computed as
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where Ryvy1 is the (M + 1) x (M + 1) Toeplitz autocorrelation
matrix of the data and(w) = [1,e’, e/, ... e/™“]T, The above

equation represents the power obtained by averaging $eamples

at the output of the optimum constrained filter. This averggesults

in reduced variance [8]. Thé&/'" order MVDR spectrum can be
computed by the following fast algorithm [8].
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where the MVDR coefficientsu(k), are obtained as,
Pie Zfiak Laiajy, k=0,..,.M
p(k) = 3)
w(=k), k=—M,..—1

ay, are the LP coefficientsP. is the prediction error and = (M +

1 — k — 2¢). For real input signafu(k)} is real and even (and so
is W). From (2), one can view MVDR power spectrum as an
all-pole power spectrum. We use spectral factorization {@®btain

a minimum phase filterﬁ, whose power spectrum equals the one

c&omputed in (2). This can be written as

The required pitch scaling was achieved by a transform domai

resampling of the residual using DCT/IDCT. Recently, miaim
variance distortionless response (MVDR, [8]) model hasnbem-

ployed in pitch modification schemes in [1] and [2]. In [2], we

used Bauer method of MVDR spectral factorization to exthagtrse
filter [9] and showed its improved performance over [1] anfl [8
this article, we introduce psychoacoustic bark scale to ehdier
schemes [1] and [2] for spectral estimation. This resultsva pitch
modification algorithms, hereby referred to as PMVDR and F)RY
Bauer techniques.

In our approach, pitch synchronous speech frames are @vers

M

O(z)= Y nulk)z"" (4)
k=—M
A unique canonical factorization [10] of the form
C(z) = D(z)rD"(1/%") 5)

is possible withD(z) being a minimum-phasé/*"-order polyno-
mial. The inverse filter is then

B(z) = v/rD(2) (6)

filtered to obtain residual signals and we follow the proceduwhose coefficientd(n) are guaranteed to be real becaygé) are

employed in [3] for residual resampling to achieve the tadeitch

real. We can factorize”(z) directly for small model orders [9]



by extracting the polynomial roots that lie inside the unitcle.
For higher orders, it is suggested in [9] to use iterativehoetto
approximate exact coefficienis(k)’s. One can see that the former
approach has been considered in [1], and later in [2].

A natural extension to the MVDR scheme is the incorporation
of perceptually motivated mel-frequency into the otheewlmear
frequency scale. Here, perceptual information can be puated
directly into spectral estimation by using mel-scale filteanks.
However, it can easily be seen that the filter bank structsre i
only a rough approximation to the perceptual scale, sincgatih-
ples the perceptual spectrum at the center frequencieseofiltar Pitch Modified
bank. Furthermore, the filter bank is less effective in catgly

Forward
Filter, G/B(2)
removing the harmonic excitation information from the gps&w.

Alternatively, warping can be incorporated directly inteetdiscrete Fig. 1. Block diagram of pitch modification using DCT/IDCTavPMVDR
Fourier transform (DFT) power spectrum [11], or by using peal-  spectral modelling.

LP coefficients in generating warped-MVDR spectrum [12]this

paper, we generate Perceptual-MVDR (PMVDR) coefficieniagus for decreasing the pitchN> — Ny zeros are added to the DCT

Residue

Inverse
Filter, B(z)

warped-LP. coefficients. Before taking IDCT, amplitude normalizationust be
] ] ] carried out to compensate for the effect of change in lenfithe
A. Extraction of Inverse Filter B(z) using Bauer Method residual signal. The modified residue is used to re-syrithebie pitch

This technique [10] is based on the Cholesky decompositionodified speech using the forward filt%. The durational effects
of Toeplitz matrices, whose first column consists of the PNR/D on the speech due to our pitch modification step are compezhbst
coefficients (1(k)’s, k positive). LetPy be the(N + 1) x (N +1) an appropriate time-scaling factor using known algorithike TD-

Toeplitz matrix; the sequence starts with PSOLA [4] and WSOLA [13].
1(0) u(l))
Po= (u(0)), P = 7 IV. RESULTS ANDDISCUSSION
b= (). 2 <u(1) 1(0) 0

All results of all our experiments are available attp
Given a Py matrix, we use Cholesky decomposition to get/a + //ragashri.ee.iisc.ernet.in/MILE /index_files/content_rall.
1) x (N 4 1) lower triangular matrixDy with a unit diagonal and 1,4, To demonstrate the effectiveness of this technique, iddéal
a (N +1) x (N + 1)diagonal matrixry, that satisfy the equation phonemes, words and sentences spoken by both male and female
Py = DNTND% 8) volunteers were extract_ed from the MILE Tamil TTS s_peeclahkaﬂ;e, _

whose average SNR is about 40 dB and sampling frequency is
It has been shown by Bauer that, las— oo, the D, elements on 16 kH.. These utterances were analyzed and re-synthesized for
the last line ofDy in reversed order tend to the coefficients of thelifferent pitch factors. Figure 2(a) shows a speech segiienfig.
D(z) polynomial in (5) andry, the (N + 1) element ofry tends 2(b) gives the corresponding residual signal extracted riverise

to r. Further, it can be written as filtering the above signal using(z) coefficients (LP model order
M 16). Figs. 2(c) and (e) show the length-modified residuahalig
B(z) ~ \/WZ DN(N,,C)z”“ (9) obtained via DCT/IDCT, the factor of increase (decreasepitoh
k=0 being 1.3 (0.7). Figs. 2(d) and (f) show the correspondingtssized
speech signals after forward filtering By B(z) coefficients.
[l PiTCH MODIFICATION USING PMVDR-BAUER The PMVDR Bauer spectra of phoneme /A/ and pitch modified

Our pitch modification algorithm uses DCT/IDCT based realdu signals are shown in Fig. 3 for pitch modification factors &f,®.8,
resampling procedure [3]. Further, we use here the Bauestrsppe 1.2 and 1.4, respectively. Phoneme /A/ is extracted fronm libe
factorization of PMVDR. We note that the choice of MVDR modebriginal and pitch modified sentences (/kAndaL poduwAkanyja
[8] in [1] has been driven by its interesting spectral estiora waplu niRatlil amaendiruklum/). The figures illustrate tfaet that
properties, namely minimum variance, low distortion andedtds noticeable deviations in the formant positions can be oesefor the
spectral match across wide range of pitch values. In ourrighgo, factors outside 0-71.3. It is given in [14] that the speaker identity
shown in Fig. 1, we utilize these properties to capture vacat is not altered if the variation in the formant values is withi15%.
responses using Bauer method. To verify this, we evaluated the modified speech for speakentity

The residual resampling employed in [3] is repeated here fas reflected by the mean opinion score (MOS), in addition berot
the clarity of presentation. Input speech is pitch-markedsdiced attributes. The MOS of the modified speech is found to be bette
regions according to their pitch values and in unvoicedameg)i pitch- than those of TD-PSOLA [15], modified-LP method [3], MVDR
marks are uniformly placed. LP coefficients are extractethfeach [1], MVDR Bauer [2] and PMVDR. Figure.4 shows the speech
pitch synchronous (PS) speech frame. PMVDR coefficientdtae signal for a whole sentence /kAndal poduwAka iLanyjiwapiRatlil
computed from the warped-LP coefficients using (3). Submeilyy amaendiruklum/, its original pitch contour and the consaafiter pitch
we use (9) to getB(z) from PMVDR coefficients [9]. Then, the change using the technique involving PMVDR Bauer coeffitsié¢ar
residual signal is extracted by passing PS speech framesgithe the factors 1.3 and 0.7.
filter B(z). The pitch is modified in the residual domain using DCT. We conducted subjective and objective tests to evaluatpetfer-
N; point DCT of each frame of the excitation signal is obtainednance of the proposed technique. Here, the modified barkrapec
where N; corresponds to the actual number of samples in eadistortion (MBSD, [16]) is employed as an objective meastlrat
extracted frame. AnN, point IDCT is then obtained, wherd’; is closely related to subjective evaluation. This estimatpeech
corresponds tdV; divided by the pitch modification factor. For pitchdistortion in the loudness domain, taking into account tluése
increase,N1 — N trailing DCT coefficients are removed; whereasmasking threshold in order to include only audible disto in
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Fig. 4. Pitch contours of an utterance before and after pitodification. (a)
Waveform of the original utterance /kAndalL poduwAka iLamgplu niRatlil
amaendiruklum/. (b) Comparison of pitch contours for fegt0.7 and 1.3.

Fig. 2. (a) Few frames of an utterance /A/ and (b) its excitafc) Excitation
in (b) modified for a pitch increase factor of 1.3. (d) Signedynthesized by
forward filtering the signal in (c) usind/B(z) coefficients. (e) Excitation
in (b) modified for a pitch decrease factor of 0.7. (f) Sigredymthesized

forward filterina the sinnal in (e)
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Fig. 3. PMVDR Bauer spectra of the original signal overlappéth those Fig. 5. Comparison of a) Subjective and b) Objective measfoedifferent
of the modified signals for pitch modification factors a) 0§ @.8 (c) 1.2 (d) pitch modification schemes.
1.4.

the calculation of the distortion measure. Since MBSD caepthe and 1 indicates 'bad’ with respect to naturalness, intiglliigy and
distorted speech to the original, its performance would dresisive speaker identity. The performance comparison betweenlgaritam
to the temporal misalignment [16]. So a synchronizatiorodfgm and the other methods is presented in Fig. 5. The figure gispla
based on loudness domain is applied prior to performing tBSBl.  significant improvements in subjective and objective penfances
Higher distortion in modified speech results in MBSD scoreayaw for our algorithm over all the other methods for pitch fastbetween
from O and for lower, it is close to O. 0.7 and 1.3. Here, we know that the factors between 0.7 tore.3 a
Subjective and objective tests are conducted on 20 sertenaseful in concatenative speech synthesis [3]. Better padnce of
spoken by both male and female volunteers, each of which is @dir algorithm can also be observed for factors outside 0d7 1a8.
duration about 1 min. We pitch modify these sentences udieg tOne can also see a meagre improvement in objective perfeeaan
proposed algorithm and compare with TD-PSOLA [15], modifiedand a good MOS score over other approaches. It was noted ihgB]
LP [3], MVDR [1], MVDR-Bauer [2] and PMVDR methods, for MVDR analysis could better discriminate vocal tract transfunc-
a range of factors from 0.5 to 1.5 with a step of 0.1, along wittion and excitation source. Correspondingly, MVDR-Baubktamed
factors 1.8 and 2.0. Ten people rated the quality of the pitodified through spectral factorization of MVDR, has most of the $éc
sentences in terms of MOS. A MOS of 5 indicates 'excellengstimation properties of [9]. Further, its causal struetminimizes the
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Fig. 6. Affirmative to Interrogative conversion using pitetodification. (a)
Waveform of an affirmative sentence. (b) Synthesized loggtive sentence
(c) Pitch contours of (a) and (b).
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Fig. 7. MOS performance of various pitch modification algoris in
conversion of affirmative to interrogative sentences.
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number of filters required to achieve pitch modification. imsnary,
one can observe similar properties by PMVDR-Bauer empldped
our algorithm. These inputs suffice us to believe that theravgxd
performance of our algorithm is attributed to good envelopsch
with low variance and minimal distortion of PMVDR-Bauer spal
factorization. Here, we use the Cholesky decompositionM¥BR

coefficients to obtairB(z), a representation of PMVDR Bauer where
PMVDR coefficients are obtained using (3) with the Warped-LBO]

model of order 16. Finally, problems regarding bandwidtkslalue
to pitch lowering using residual resampling can be compedshy
having a high bandwidth original speech [3].

To test the usefulness of our technique, we modified the pit€H]
contours of 20 affirmative sentences from the MILE Tamil TT?B]

database to make them sound like interrogative ones. Fanpmiga
a characteristic of any interrogative sentence with an ‘geso”
answer is that both the contour and the amplitude rise shdopl
the last syllable [14]. We modified the pitch contours of eliént
sentences appropriately to realize the objective. Theltrespitch
modification by a time varying factor using our algorithm rown
in Fig. 6. Figures 6(a) and (b) show the waveforms of an affiraa
sentence and that of the interrogative sentence derived finat by
pitch contour modification. Figure 6 (c) shows the pitch comns of
(a) and (b). Finally, ten subjects were asked to rate thetguaflthe
interrogative sentences synthesized using the differgorithms. It

V. CONCLUSION

PMVDR Bauer based spectral estimation is employed in our
pitch modification algorithm. Residual signal is obtainedibverse
filtering the pitch synchronous speech frames with PMVDR éau
coefficients. Pitch modification is achieved in the sourcedio using
DCT/IDCT based resampling [3]. Forward filtering is carriedt
to obtain pitch modified speech. We have shown that the fegult
speech has minimal deviations in formant positions fordiecfrom
0.7 to 1.3. We observe that the present algorithm outpesgoriD-
PSOLA, modified-LP, MVDR, and MVDR-Bauer methods in both
objective and subjective analyses. Significant differeniceperfor-
mance can be seen for factors between 0.7 and 1.3. Moreoeer, w
can see a minor improvement in objective performance ovevPRI
approach. Considerable improvement can be observed iectivigj
scores over other algorithms for most of the factors. We raise
shown its usefulness in transforming affirmative senterteesound
like interrogative sentences. The next logical step is tolar the
utility of our approach for prosody modification in our Tartekt-to-
speech synthesis system. We are currently working in thiatton.
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