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Modification of speech of a person to be perceived as that of a different person is called speaker transformation. The techniques
used for speaker transformation can be grouped into four major categories: frequency warping, vector quantization, statistical,
and artificial intelligence based. Although the statistical and artificial intelligence based techniques try to capture the natural
transformation function independent of the acoustic unit, these techniques need a lot of training data and time. Vector
quantization is also associated with many problems, such as discrete nature of the acoustic space. It hampers the dynamic
character of the speech signal and hence the converted speech loses naturalness. In frequency warping technique, the
transformation function can be estimated using lesser data, but a different transformation function is needed for each acoustic
class. Estimation of all acoustic classes requires a lot of speech material and computation power. The most crucial step in
speaker transformation is the alignment of source and target passages. Even a slight misalignment may lead to corrupt
transformation function. No corrupt transformation can provide high quality transformed speech. The objective of this
paper is to make a comparison of four methods for predicting transition instants in a passage. These instants may then be
used for alignment of speech segments for estimating transformation functions. The investigations have shown that simple
and Gaussian smoothened spectra provide better transition instants as compared to short-time-Fourier-transform (STFT)
and mel frequency cepstrum coefficients (MFCCs) based methods.

1. INTRODUCTION

Speaker transformation is a technique that modifies a source
speaker’s speech to be perceived as if a target speaker has
spoken it. It has enormous applications such as voice
verification systems, speech enhancement, low bit-rate
speech coding, cross-language speaker conversion, movie
dubbing, interpreted telephony, text-to-speech systems,
speech compression, restoration of old audio tapes, foreign
language learning, cellular applications, enhancement of
speech for hearing impaired persons, and hands free
systems. The speaker transformation involves five phases:
alignment, feature extraction, source to target mapping
(transformation function) estimation, source parameters
transformation, and re-synthesis of speech from the
transformed parameters. In alignment, the source and target
passages are aligned in the same patterns of phonemes. The
parameters related to vocal tract and excitation are estimated
in the feature extraction phase. The transformation function
is obtained from the parameters of the aligned passages and
further used for transforming the source speech. Precise
estimation of the transformation function is very difficult
as there are many features of speech which are difficult to
extract automatically, such as meaning of the passage and
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intention of the speaker [1], [2]. Mostly, the transformation
function is derived using dynamics of the spectral envelopes
of source and target speakers [3]. It means the parameters
are obtained from the short-time-Fourier transform of the
individual aligned frames.

Codebook mapping have also been used for speaker
transformation [4]-[6]. In this approach, vector quantization
(VQ) is applied to the spectral parameters of both the source
and the target speakers before obtaining a mapping between
them. Some researchers have used Hidden Markov Model
(HMM), Gaussian Mixture Model (GMM), and Artificial
Neural Networks (ANN) based methods for speaker [7]-[10].
Iwahashi and Sagisaka [11] investigated speaker
inter polation technique for speaker transformation.
Dynamic frequency warping (DFW) has also been used for
speaker trans formation [12]. In this, spectral envelope and
excitation are derived from the log magni tude spectra for
source and target speaker. Then a warping function between
the spectral envelopes is obtained, one for each pair of
source-target spectral vectors within the class. An average
warping function is obtained for each class of acoustic units
and then it is modeled using a third order polynomial. Most
of the techniques for speaker transformation can be grouped
into four major categories: frequency warping, vector
quantization, statistical, and artificial intelligence based. All
of these categories have their own advantages and
disadvantages. The quality of transformed speech depends
upon the accuracy of the transformation. For obtaining an
accurate transformation function, the alignment of the
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passages spoken by source and target speakers should be
properly aligned.

Glass and Zue [13] reported a transition segmentation
scheme based on the critical band filtering property of the
human auditory system using a set of 40 filters processed
by a transduction stage. Sarkar and Sreenivas [14] reported
a segmentation method based on average level crossing rate
(ALCR)., defined as the rate of crossing of certain predefined
levels by the normalized speech waveform. ALCR responds
to amplitude and frequency variations in the speech signal
and has valleys at locations corresponding to points of
phoneme transition. The level allocation was based on an
adaptive scheme using signal pdf and SNR. Alani and
Deriche [15] reported a segmentation technique, capable of
tracking fast and slow transitions using dyadic wavelet
decomposition of the signal into 6 bands (0-0.25, 0.25-0.5,
0.5-1.0, 1.0-2.0, 2.0-4.0, 4.0-6.0 kHz). Short-time energy
variations were computed for each band, using a 256 point
Hamming window, with 25 % overlap. The transitions were
estimated using Euclidean distance function evaluated over
four consecutive bands. It was compared with an empirically
selected threshold to locate the segment boundaries. These
techniques for automated segmentation aim at detecting
boundaries of all classes of phonemes, and are computation
intensive. For simplifying the procedure, Liu [16] reported
an algorithm for detecting acoustically abrupt landmarks in
speech using energy variations in six frequency bands (0-
0.4, 0.8-1.5, 1.2-2.0, 2.0-3.5, 3.5-5.0, 5.0-8.0 kHz). The
algorithm was capable of locating glottal, sonorant, and burst
onsets and offsets. Short-time spectral analysis was carried
out and variations in the largest spectral component in each
of the six bands were used to form energy contours. Rate-
of-rise contours (ROR’s) were computed by taking the
derivative of energy contours, and peaks in the ROR
contours were used to locate the landmarks. A two-pass
strategy was used, a coarser pass to locate the vicinity of a
spectral change and a finer pass to time-localize the
landmarks.

Colotte and Laprie [17] reported an intelligibility
enhancement technique using a spectral variation function
for locating the regions for modification. The spectral
variation function detected 82 % of manually located
landmarks with an accuracy of 20 ms. Stop bursts and
unvoiced fricatives were amplified by 4 dB and time-scale
modified by factors in the range of 1.8 to 2.0. Listening
tests were conducted on normal hearing listeners and they
were asked to complete missing words in the sentences, with
and without enhancement. Results of the listening tests
showed significant improvement in missing word
identification in the modified sentences.

Skowronski and Harris [18] reported a technique based
on boosting of energy in the regions critical to intelligibility.
A measure of spectral flatness defined as the ratio of

geometric mean to arithmetic mean of the spectrum of the
speech signal was used for locating the regions for
modification. Listening tests were conducted on 25 subjects
using isolated utterances of confusable words from 16
speakers. The enhancement improved intelligibility for 9
speakers without degrading intelligibility for the remaining
speakers.

Several techniques were discussed in this section for
obtaining transition instants. The objective of this research
is to compare four important techniques (STFT, smoothened
STFT, GMM smoothened, and MFCCs based) and suggest
the optimum for applying in speaker transformation. These
four techniques are discussed in Section II. Methodology
of the investigations is described in Section III. Results and
conclusion are presented in Section IV and Section V,
respectively.

2. TECHNIQUE DETAILS

As discussed in the previous section, the investigations are
carried out by using four techniques. These are described
in this section.

Short-time-Fourier Transform (STFT)

In this technique, STFT of the windowed frames is computed
using
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where w(n) and x(n) are Hamming window and input signal,
respectively. After computing the STFTs for each frame,
Mahalanobis distance [19] between consecutive frames is
computed. The energy of each frame is also estimated by
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Smoothened STFT

The smoothened STFT is obtained by averaging spectrum
over three consecutive frames.

Gaussian Mixture Model (GMM)

This model is very useful for describing the multivariate
random processes like speech where the distribution of the
parameters of the process may be assumed as random
because of the presence of jitter in these parameters. In
general, any source can be satisfactorily described by its
pdf. For one dimensional feature vector x, Gaussian
probability density function is defined as
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where µ and σ are mean and variance of x. The probability
density function for d-dimensional feature vector x is given
by
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In this case mean µ and covariance matrix Σ are
d × 1 and d × d dimensional vectors, respectively. Any
d-dimensional probability density function can be
approximated by a summation of finite (say m) number of
Gaussian components defined as
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This equation is read as probability density for vector
x corresponding to model θ. The mixture weights ω
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This type of pdf approximation is known as Gaussian
mixture model (GMM) [20]. Accuracy of the approximation
of pdf using GMM depends upon the size of data, amount
of interaction among different dimensions, number of
mixture components, number of iterations, and initial values
of the iterative parameters.

Mel-frequency Cepstrum Coefficients (MFCCs)

MFCCs is a human auditory system’s response based
representation of the short-term power spectrum of a sound,
based on a linear cosine transform of a log power spectrum
on a nonlinear mel scale of frequency. These are coefficients
derived from a type of cepstral representation of the signal
[21]. The steps used for estimating MFCCs are as follows:

1. Boost the high frequency content by pre-emphasis
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2. Apply the Hamming window given by the relation

2
( ) 0.54 0.46 cos( )

1

n
h n

N

π
= −

−
;

3. Calculate the power spectrum (not dB scale) taking
the Fourier transform of windowed a signal

2 2
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4. Map the powers of the spectrum obtained above
onto the mel scale, using triangular overlapping
windows;

5. Take the log of the powers at each of the mel
frequencies because humans hear loudness on an
approximately log scale;
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6. Take the discrete cosine transform of the mel log
powers, as if it were a signal
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7. Weight Cepstral Coefficients
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There can be variations on this process, for
example, differences in the shape or spacing of the
windows used to map the scale.

3. METHODOLOGY

A. Analysis

The speech signal is divided into frames of length 25ms
and 1ms shifting is provided between the frames. The
analysis window is multiplied by hamming window. Two
different approaches are used to estimate the transition
segment. In the first approach, only energy, STFT,
smoothened STFT, GMM, and MFCC is evaluated for each
frame. It may be noted that these quantities are the
normalized Mahalanobis distances between the consecutive
frames.

Fig. 1: Estimation of MFCC’s.
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In the second approach, the linear combination of
energy and distance between consecutive frames (STFT,
smoothened STFT, GMM. MFCC) is calculated for
estimating the transition segments. Let be the energy
dependent variable (obtained by taking the difference of
normalized energies of two consecutive frames in dB) andbe
the MFCCs. The prediction of the transition segment is made
on the basis of the value of the discriminant variable d(t),
given by

( ) ( ) ( )d t m t e t= α + β

If the value of d(t) is greater than some empirically
determined threshold γ, the transition is said to exist. The
same methodology is used for obtaining discriminant
variable corresponding to other three quantities (STFT,
smoothened STFT, and GMM).

B. Evaluation

To assess the extent of the closeness of the transition instant
with the actual one, evaluation was carried out using 35 VCV
sequences recorded from each of the five speakers (3 males
and 2 females). The vowel was fixed as /a/ in each sequence
at both ends.

4. RESULTS

As discussed in the previous section two approaches were
taken for estimating the transition instants using 35 VCVs
for 5 speakers. The results for VCV /aka/ for a female
speaker having code aprk are shown in Fig 2 and Fig 3. Fig
2a to Fig 2d show the Mahalanobis distances between the
consecutive frames using STFT, smoothened STFT, GMM,
and MFCCs, respectively. Fig 3a to Fig 3d show the plots
for discriminant variables corresponding to energy and other
four quantities (STFT, smoothened STFT, GMM, and
MFCCs).

For comparison, the actual transitions and the estimated
values obtained by using four methods based on two
approaches are shown in Table 1 and Table 2. Allowing with
the transition instants, the values of the amplitudes of
distances are also shown in these tables.

From the analysis of the Fig 2, it may be observed that
the estimation of the transition is comparatively easy for
smoothened STFT and GMM based methods as compare to
others. The analysis if Fig 3 shows that the transition
segments are better resolved than the approach one. It may
be noted that there should be only four transitions in each
figure corresponding to starting of the initial vowel, starting
of the consonant, end of the consonant, and end of the sound.

The same results can be obtained from Table 1 and Table
2. Analysis  of the tables show that GMM based
approach using linear combination of energy and GMM

smoothened spectra  is  comparat ively  bet ter  for
estimating the transition instants.

Table 1
Transition Instants and their Amplitude for Fig 1

Quantity Actual STFT SSTFT GMM MFCC

t1 0.34 0.29 0.31 0.31 0.25

t2 0.56 0.50 0.50 0.50 0.41

a1 0.02 0.76 0.44 0.88 0.48

a2 0.03 1.00 1.00 1.00 0.82

Table 2
Transition Instants and their Amplitude for Fig 2

Quantity Actual STFT SSTFT GMM MFCC

t1 0.34 0.36 0.37 0.37 0.35

t2 0.56 0.50 0.50 0.50 0.50

a1 0.02 1.43 1.09 1.01 1.05

a2 0.03 1.76 1.83 1.83 1.05

5. CONCLUSION

Investigations were carried out to explore the use of two
approaches, each involving four methods for estimating the
transition instants in VCV sequences. Analysis of the figures
and tables shows that linear combination of energy and
GMM based smoothened spectral distances is comparatively
a better approach for estimating the transition instants.
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Fig. 2: Distances between Consecutive Frames. a) STFT,
b) Smoothened STFT, c) GMM Smoothened, d) MFCC. Fig. 3: Linear Combination of Energy with a) STFT,

b) Smoothened STFT, c) GMM Smoothened, d) MFCC.

In the present investigations, the two coefficients α and
β were fixed as one. Investigations involving hyper planes
for estimating the transition instants are on our future plan.

REFERENCES

[1] W. Endres, W. Bambach, and G. Fl¨osser, “Voice
Spectrograms as a Function of Age, Voice Disguise, and
Voice Imitation,” J. Acoust. Soc. Amer., 49, pp. 1842–1848,
1971.

[2] M. R. Sambur, “Selection of Acoustic Features for Speaker
Identification,” IEEE Trans. Acoust., Speech, Signal
Processing, ASSP-23, pp. 176–182, 1975.

[3] H. Kuwabara and Y. Sagisaka, “Acoustic Characteristics of
Speaker Individuality: Control and Conversion,” Speech
Commun., 16, pp. 165–173, Feb. 1995.

[4] M. Abe, S. Nakamura, K. Shikano, and H. Kuwabara,
“Voice Conversion through Vector Quantization,” in Proc.
ICASSP 1988, New York, NY, pp. 655–658.

[5] M. Abe, S. Nagamuka, K. Shikano, and H. Kuwabara,
“Voice Conversion through Vector Quantization,” J. Acoust.
Soc. Japan., E-11, pp. 71–77, Mar. 1990.

[6] K. Shikano, K. Lee, and R. Reddy, “Speaker Adaptation
through Vector Quantization,” in Proc. ICASSP 1986, pp.
2643–2646.

[7] Y. Stylianou, O. Capp´e, and E. Moulines, “Continuous
Probabilistic Transform for Voice Conversion,” IEEE Trans.



400 JASPREET KAUR, AJAY KUMAR MAHAJAN, PARVEEN K. LEHANA, RADHIKA KHANNA

Speech and Audio Processing, 6, No. 2, pp. 131-142, 1998.

[8] L. D. Paarmann and M. D. Guiher, “A Nonlinear Spectrum
Compression Algorithm for the Hearing Impaired,” in Proc.
IEEE Fifteenth Annual Bioengineering Conf. 1989, pp. 21-
22, 1989.

[9] L. M. Arslan and D. Talkin, “Speaker Transformation using
Sentence HMM based Alignments and Detailed Prosody
Modification,” in Proc. ICASSP 1998, pp. 289-292.

[10] A. Verma and A. Kumar, “Voice Fonts for Individuality
Representation and Transformation,” ACM Trans. Speech,
Language Processing, 2, No. 1, pp. 1-19, 2005.

[11] N. Iwahashi and Y. Sagisaka, “Speech Spectrum Conversion
based on Speaker Interpolation and Multi-functional
Representation with Weighting by Radial basis Function
Networks,” Speech Commun., 16, pp.139–151, Feb. 1995.

[12] H. Valbret, E. Moulines, and J. P. Tubach, “Voice
Transformation using PSOLA Techniques,” Speech
Commun., 11, pp. 175–187, June 1992.

[13] J. R. Glass, and V. W. Zue, “Multi-level Acoustic
Segmentation of Continuous Speech,” in Proc. ICASSP,
429–432, 1988.

[14] A. Sarkar and T. V. Sreenivas, “Automatic Speech
Segmentation using Average Level Crossing Rate
Information,” in Proc. ICASSP, 397–399, 2005.

[15] A. Alani, and M. Deriche, “A Novel Approach to Speech
Segmentation using the Wavelet Transform,” Fifth Int. Symp.
Signal Processing and its Applications. (ISSPA’99), 127-
129, 1999.

[16] S. A. Liu, “Landmark Detection for Distinctive Feature
based Speech Recognition,” J. Acoust. Soc. Am., 100(5):
3417-3430, 1996.

[17] V. Colotte, Y. Laprie, “Automatic Enhancement of Speech
Intelligibility,” in Proc. ICASSP, 2 : 1057–1060, 2000.

[18] M. D. Skowronski, J. G. Harris, “Applied Principles of Clear
and Lombard Speech for Automated Intelligibility
Enhancement in Noisy Environments,” Speech Comm., 48:
549-558, 2006.

[19] T. Takeshita, S. Nozawa, and F. Kimura, “On the Bias of
Mahalanobis Distance Due to Limited Sample Size Effect”,
in Proc. 2nd IEEE Int. Conf. on Document Analysis and
Recognition, 1993, 1: 171-174.

[20] D. Reynolds and R. Rose, “Robust text-independent
Speaker Identification using Gaussian Mixture Speaker
Models,” IEEE Transactions on Speech and Audio
Processing, 3, No. 1, pp. 72–83, January 1995.

[21] J. Picone, “Signal Modeling Techniques in Speech
Recognition,” Proceedings of the IEEE, 81, No. 9, pp. 1215-
1247, September 1993.




