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Abstract
Extracting speaker-specific information from speech is of great interest to both researchers
and developers alike, since speaker recognition technology finds application in a wide range
of areas, primary among them being forensics and biometric security systems.
Several models and techniques have been employed to extract speaker information from
the speech signal. Speech production is generally modeled as an excitation source followed
by a filter. Physiologically, the source corresponds to the vocal fold vibrations and the filter
corresponds to the spectrum-shaping vocal tract. Vocal tract-based features like the melfrequency cepstral coefficients (MFCCs) and linear prediction cepstral coefficients have been
shown to contain speaker information. However, high speed videos of the larynx show that
the vocal folds of different individuals vibrate differently. Voice source (VS)-based features
have also been shown to perform well in speaker recognition tasks, thereby revealing that
the VS does contain speaker information. Moreover, a combination of the vocal tract and
VS-based features has been shown to give an improved performance, showing that the latter
contains supplementary speaker information.
In this study, the focus is on extracting speaker information from the VS. The existing
techniques for the same are reviewed, and it is observed that the features which are obtained
by fitting a time-domain model on the VS perform poorly than those obtained by simple
transformations of the VS. Here, an attempt is made to propose an alternate way of characterizing the VS to extract speaker information, and to study the merits and shortcomings
of the proposed speaker-specific features.
The VS cannot be measured directly. Thus, to characterize the VS, we first need an
estimate of the VS, and the integrated linear prediction residual (ILPR) extracted from the
speech signal is used as the VS estimate in this study. The voice source linear prediction
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model, which was proposed in an earlier study to obtain the ILPR, is used in this work.
It is hypothesized here that a speaker’s voice may be characterized by the relative proportions of the harmonics present in the VS. The pitch synchronous discrete cosine transform
(DCT) is shown to capture these, and the gross shape of the ILPR in a few coefficients. The
ILPR and hence its DCT coefficients are visually observed to distinguish between speakers.
However, it is also observed that they do have intra-speaker variability, and thus it is hypothesized that the distribution of the DCT coefficients may capture speaker information,
and this distribution is modeled by a Gaussian mixture model (GMM).
The DCT coefficients of the ILPR (termed the DCTILPR) are directly used as a feature
vector in speaker identification (SID) tasks. Issues related to the GMM, like the type of
covariance matrix, are studied, and it is found that diagonal covariance matrices perform
better than full covariance matrices. Thus, mixtures of Gaussians having diagonal covariances are used as speaker models, and by conducting SID experiments on three standard
databases, it is found that the proposed DCTILPR features fare comparably with the existing VS-based features. It is also found that the gross shape of the VS contains most of the
speaker information, and the very fine structure of the VS does not help in distinguishing
speakers, and instead leads to more confusion between speakers. The major drawbacks of
the DCTILPR are the session and handset variability, but they are also present in existing
state-of-the-art speaker-specific VS-based features and the MFCCs, and hence seem to be
common problems. There are techniques to compensate these variabilities, which need to be
used when the systems using these features are deployed in an actual application.
The DCTILPR is found to improve the SID accuracy of a system trained with MFCC
features by 12%, indicating that the DCTILPR features capture speaker information which is
missed by the MFCCs. It is also found that a combination of MFCC and DCTILPR features
on a speaker verification task gives significant performance improvement in the case of short
test utterances. Thus, on the whole, this study proposes an alternate way of extracting
speaker information from the VS, and adds to the evidence for speaker information present
in the VS.
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Chapter 1
Introduction
1.1

The source-filter model of speech production

Speech is the most widely used form of communication by humans. It is a very complex
code which has many types of information, e.g., phonetic information, prosody and emotion,
speaker information, language and meaning. The human speech perception mechanism can
decode these information, and as engineers, we are interested in emulating it. However, to
accomplish this task, all we have is a signal from a transducer. In order to analyze and
make sense out of it, we need to model the speech production mechanism, and for this the
source-filter model [8] is used.

1.1.1

Human speech production

The human speech apparatus is shown in Figure 1.1 along with an enlarged cross-sectional
view of the vocal folds, which are muscular tissues in the larynx. The slit between the
vocal folds is the glottis, and the vocal folds vibrate, causing changes in the glottal area.
Depending on the production mode, speech can be classified into two categories:
1. Voiced speech – Here, the vocal folds vibrate quasi-periodically. The air from the lungs
passes through the vibrating vocal folds and then passes through the vocal tract. Thus,
voiced speech (e.g., vowels, semivowels and glides) has a quasi-periodic nature, and has
harmonics associated with it.
1
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Figure 1.1: Human speech production apparatus (taken from [1])
2. Unvoiced speech – Here, the vocal folds do not vibrate, but are held close together,
causing a turbulent flow of air. Unvoiced speech (e.g., fricatives like /s/ and /f/, stops
like /k/ and /p/) is non-periodic and noise-like.
After passing through the glottis, the air passes through the vocal tract, and is radiated
from the lips as speech. The vocal tract can be constricted at various points, leading to the
production of different phones.

1.1.2

The source-filter model

Figure 1.2 illustrates the source-filter model. Speech is modeled as the output of a filter
(representing the vocal tract) which is excited by a source (representing the airflow through
the glottis). The source is modeled as a random signal generator for unvoiced speech. For
voiced speech, the source is termed the voice source (VS). There are two views of the VS:
1. Impulse train – This is a simplified view of the VS. As shown in Figure 1.2 (red
plot), since an impulse train has a flat spectrum, all the spectral variation in speech is
attributed to the filter, which has several peaks in its magnitude response representing
the resonances of the vocal tract.
2. Glottal pulses – This is a detailed view of the source. The glottal airflow changes
during each cycle based on the movement of the vocal folds, and this variation is
considered as the source, which excites a vocal tract filter having a magnitude response
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Figure 1.2: The source-filter model and two views of the voice source
as shown in Figure 1.2 (blue plot). We can see that the glottal pulse train typically
has a harmonic spectrum with a spectral tilt, while the filter’s magnitude response has
peaks at resonances of the vocal tract, but does not have a significant spectral tilt.
Thus, most of the spectral tilt in the spectrum of the speech signal can be attributed
to the source.
Irrespective of how we view the VS, the VS signal is the input to the vocal tract filter
with speech as the output. Thus, there is a convolutive relationship between the VS, the
impulse response of the filter, and the speech signal. Specifically,

ug (n) ∗ h(n) = s(n)

(1.1)

where ug (n) is the VS, which is the glottal flow derivative (the reason for considering
the derivative and not the flow itself as the VS will be explained later), h(n) is the impulse
response of the filter, and s(n) is the speech signal. In the frequency domain, this translates
to a multiplication of the respective Fourier transforms, i.e,

Ug (ejω ).H(ejω ) = S(ejω )

(1.2)

4
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Since the VS is quasi-periodic, it has a harmonic spectrum, and with the log-magnitude
scale, this is added to the filter’s frequency response to get the spectrum of the speech signal,
as shown in Figure 1.2.
An implicit assumption in the source-filter model is that the source and the filter are
independent of each other. In reality, there are interactions between the two, as shown
by many studies [9, 10]. But, in this work, we assume that these source-filter interactions
are negligible, since most of the previous studies have applied the independent source-filter
model for many applications successfully [11, 12, 6].
Also, in this work, we are concerned only with the VS, and hence we ignore the unvoiced
speech regions during processing. We shall revisit the source-filter model in greater detail in
later sections.

1.2

Speaker recognition

Speaker recognition is the task of identifying the speaker (the one who spoke) from the
spoken utterance. Humans do this remarkably well - we can recognize who is speaking
without looking at the person even when he/she is speaking from a telephone, and also in
the presence of noise and multiple other speakers. The goal of automatic speaker recognition1
is to emulate this with a machine.
A block diagram of a typical speaker recognition system is given in Figure 1.3 [13]. Such
a system can operate in two modes:
1. Speaker identification (SID)– In this mode, the system is presented with a test utterance and it has to identify it as belonging to one among several speakers.
2. Speaker verification – In this mode, the system is presented with a test utterance and
a claim that it belongs to a particular speaker, and it has to verify whether the claim
is right or wrong.

1

Henceforth, in this thesis, speaker recognition refers to automatic speaker recognition, unless specified
otherwise.

1.2. Speaker recognition

5

Figure 1.3: A typical speaker recognition system. The speaker claim and the binary decision
(accept/reject) are valid only in the case of speaker verification.
One can see from Figure 1.3 that, in a speaker recognition task, the first phase is the
training phase, during which models are learnt for each speaker using features extracted from
training data (usually few minutes of read speech or extracts of one side of a conversation).
The model is usually a probabilistic model like the Gaussian mixture model (GMM) or a
discrete codebook-based vector quantization (VQ) model. The second phase is the testing
phase, during which the features extracted from the test data (a few seconds of speech) are
matched (compared) with the learnt models to obtain the scores and finally, a rule-based
decision is made.
Note that the feature extraction block is the same for both the training and the test
phases, and is the very first step in any speaker recognition system. As the name says,
this block (hopefully) extracts speaker-specific features from the speech signal. This step
is crucial in speaker recognition, since the modelling and comparisons depend upon what
features we extract from the speech signal. In general, a good feature for speaker recognition
is one which has small intra-speaker variability and large inter-speaker variability.
Speaker recognition systems can be classified into two types:
1. Text-dependent – During the training phase, each speaker should utter a phrase to
enroll himself. During the testing phase, the user has to speak the same phrase as was
spoken during the training, and the system matches the train and test patterns and
gives the result.

6
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2. Text-independent – There is no restriction on training and testing speech. The user can
speak any phrase and the system tries to recognize the speaker by extracting features
which change little/do not change across different phones.
Text-dependent speaker recognition can be applied to verify the account holder in a bank
ATM, to check a person’s identity in a domestic electronic security system, etc. The major
application of text-independent speaker recognition is in forensics, where we would have
recordings from a crime scene and several suspects, out of whom we have to identify who
committed the crime. In this work, we focus on text-independent SID2 .

1.3

Motivation to use VS-based features for SID

The VS signal contains information which can be used in many applications. For speech
synthesis, the VS pulses synthesized by time-domain models have been used [14, 15]. Also,
the VS estimated from the speech signal has been used as the source signal to produce
natural-sounding speech [16, 17]. Another application where the VS is useful is in voice
pathology [18, 19], where it helps us to study dysfluencies and other vocal disorders. Further,
studies show that the shape of the VS pulse influences perceived voice quality [6, 20].
High speed videos of the vocal folds indicate that their vibrations are different for different
speakers [21]. This may be due to factors like vocal fold shape, size and position, which may
change from person to person since each of us have our own unique anatomy. Thus, if we
view the VS as a glottal pulse train, we may be able to distinguish speakers based on the
differences in their glottal pulses. Accordingly, the glottal pulse view, which is closer to the
actual physiology, is assumed in this work.
There are previous studies which show that VS-based features can be used successfully
in SID tasks [22, 3, 4, 5]. This is another motivation to mine the VS for speaker information.
Since we assume negligible source-filter interactions, the VS-based features are expected
not to change much with the vocal tract configuration, and hence the VS-based features of
a particular speaker may remain fairly constant irrespective of the phonetic composition of
2

Henceforth, in this thesis, SID refers to text-independent SID, unless specified otherwise.

1.4. Objectives of the thesis

7

the utterance spoken. Such features are particularly attractive for text-independent SID,
and this is another motivation for us to explore VS-based features.

1.4

Objectives of the thesis

The objectives of this thesis are:
1. To explore the existing VS-based speaker-specific features and to propose a new characterization of the VS leading to a new VS-based speaker-specific feature.
2. To evaluate the SID performance of the proposed feature on different databases and
infer its merits and demerits.
Here, it must be said that there are vocal-tract or system-based features which capture
speaker information. Probably the most successful and widely used among such features are
the mel-frequency cepstral coefficients (MFCCs). These capture the energies of the mel filterbank outputs of the magnitude spectrum of the speech signal via its cepstral coefficients,
which in essence captures the speech spectral envelope, and hence the MFCCs are predominantly vocal tract or system-based features. However, in this work, we focus on VS-based
features for the motivational reasons mentioned in the previous section. We would like to
explicitly state that the focus of this work is neither speaker recognition per se nor speaker
modeling techniques. So, in the next chapter, we only review the VS-based features in the
literature.

Chapter 2
Literature survey
2.1

Glottal inverse filtering

The vocal fold vibrations are difficult to measure directly. It requires invasive techniques like
high-speed stroboscopy (in which a strobe with a camera and a light source is inserted into
the pharynx and high-speed videos, with frame rates of the order of 1000 frames/second, are
obtained) to capture these vibrations, but even such techniques capture only the change in
glottal area as a function of time and not the actual glottal flow (or volume velocity) [2].
There are attempts to relate the glottal flow with the area function [23], but they still seem
to be inconclusive. Moreover, in a number of applications where the VS is used, we cannot
measure these vibrations directly. For example, in a forensic speaker recognition task, we
cannot have stroboscope data from the crime scene. Even where they are possible, these
invasive techniques are time consuming and are uncomfortable for the user.
For the reasons mentioned above, the vocal fold vibrations are not measured directly,
but are estimated from the speech signal itself. Obviously, we need a model to estimate
them, and the source-filter model explained in section 1.1.2 is used to this end. The generic
technique used to estimate the VS from the speech signal is called glottal inverse filtering
(GIF). This is because these methods involve ‘canceling’ the effect of the vocal tract by
passing the speech signal through a filter having a transfer function which is the inverse of
the vocal tract filter’s transfer function.
To understand how various GIF methods work, we need to take a look at the time-domain
8
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glottal flow and derivative waveforms. Figure 2.1 shows a typical glottal flow waveform (top
panel) along with its derivative (bottom panel). We can see that there are different phases
in a glottal cycle:

Figure 2.1: Glottal flow/volume velocity (top panel) and its derivative (bottom panel) (taken
from [2])

1. Open phase – this is the phase when the vocal folds are open. It can be subdivided
into two phases:
• Opening phase – when the vocal folds begin to open, the glottal flow increases
steadily and at the instant the vocal fold opening is maximum, the flow reaches
a maximum. The flow derivative is positive throughout this phase; it increases,
reaches a maximum and comes back to zero at the instant of maximum flow.
• Closing phase – the vocal folds begin to close, and the flow tends to zero. The
flow derivative is negative throughout this phase, and, at an instant when the
vocal folds are almost closed, it reaches a negative maximum, and this instant is
called the glottal closure instant (GCI).
2. Return phase – after the closing phase, the vocal folds are not yet completely closed,
and they do not close suddenly. After the instant when the flow derivative is maximum,
the vocal folds take a short duration of time to close fully, and this is reflected in the
flow derivative signal as a sharp transition from the negative peak to zero.

10
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3. Closed phase – this is the phase when the vocal folds are closed. The flow and its
derivative are zero throughout this phase. However, as shown in Figure 2.1, sometimes
and for some speakers, the vocal folds do not close fully and there will be some residual
flow.
GIF has a long history dating back to the 1950’s [2]. Miller’s pioneering work [24] used
lumped elements in an electrical network to cancel out the effect of the vocal tract. Later
studies were conducted by Gunnar Fant, Gauffin, Rothenberg and others, and Rothenberg’s
study [25] is especially notable since it involved a mask to record the volume velocity at the
mouth and inverse filter this signal to get the glottal volume velocity. In all methods till
this time, the implementation was analog. In the 1970’s, a method called the closed-phase
covariance method [11] was introduced, which was the first digital GIF implementation. In
this method, the vocal tract is modeled as an all-pole digital filter, and covariance method of
linear prediction (LP) analysis is applied in the closed-phase of the glottal cycle to estimate
the filter coefficients. General LP analysis and closed-phase LP analysis are described below.

2.1.1

Linear prediction and closed-phase analysis

To put it simply, LP analysis tries to estimate a speech signal sample as a linear combination
of a finite number of past samples. If s(n) is the speech signal and p past samples are used
for estimation (called the prediction order), then

s(n) =

p
X

ak s(n − k) + e(n)

(2.1)

k=1

where e(n) is the estimation error, also called the LP residual. In the z-domain, equation
2.1 can be written as

S(z) = S(z)

p
X
k=1

ak z −k + E(z) =⇒ S(z) =

E(z)
p
P
1−
ak z −k

(2.2)

k=1

Note that, since the vocal tract configuration changes continuously with time, the vocal
tract filter is time-varying. But, for analysis purposes, we consider the vocal tract filter to
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slowly vary with time. In other words, we consider the speech signal to be quasi stationary,
i.e, stationary for a short interval of time, of the order of a few milliseconds. Thus, LP
analysis assumes quasi stationarity. Now, from our source-filter model equation (equation
1.1), we have

S(z) = Ug (z).H(z)

(2.3)

Comparing equations 2.2 and 2.3, if the vocal tract filter is modeled as an all-pole filter,
1

i.e, if H(z) =
1−

p
P

ak z −k

, then Ug (z) = E(z) =⇒ ug (n) = e(n). Now, we know that, in the

k=1

closed-phase of the glottal cycle, assuming complete closure of the vocal folds, ug (n) = 0.
Thus, the coefficients ak (called the LP coefficients) can be estimated in the closed-phase by
minimizing k e(n) k2 . This forms the basis of the closed-phase LP analysis [11]. Once we
get ak s, we can get e(n), which is an estimate of ug (n). Specifically, rewriting equation 2.2,
we get

E(z) = S(z).[1 −

p
X

ak z −k ]

(2.4)

k=1

Observe that, from equation 2.4, e(n) can be viewed as the output of a filter with transfer
function 1/H(z), when the speech signal s(n) is the input. Thus, the method involves
canceling the effect of the vocal tract filter by applying an inverse filter, and hence the term
inverse filtering.
However, the closed-phase LP analysis method requires the knowledge of the closed-phase
of the glottal cycle. If we have the electroglottograph (EGG) signal simultaneously recorded
with the speech signal, we can get the instants of glottal closure, also called the glottal
closure instants (GCIs) (the negative peaks of the differentiated EGG signal correspond to
the GCIs). Using these, the closed-phase can be determined as the few samples after the
GCI. Thus, we can estimate the VS by closed-phase LP analysis, as in [26, 20]. But, it is
not practically feasible to have the EGG recorded simultaneously with speech in most cases.
For this reason, we have to use a GCI estimation technique to estimate the closed-phase.
Since GCI estimation algorithms have an error associated with them, this method suffers
from occasional wrong estimates of the GCIs leading to wrong estimates of the closed-phase.
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Also, some phonation types, e.g, the breathy phonation, do not involve complete closure
of the vocal folds. Even in other phonation types, there might be incomplete closure, as
observed for a particular case in Figure 2.1. Since this method relies on the presence of a
clear and a long enough closed phase, this method fails in such cases [1]. Thus, to get an
estimate of ug (n) which is independent of the nature of the closed-phase of the glottal cycle,
in this study, we use a technique based on the voice source linear prediction model developed
by Ananthapadmanabha [6], which is described in later sections.

2.2

Review of VS-based features for speaker recognition

Once the VS signal is estimated from the speech signal, one can extract relevant speakerspecific features from it to use in a speaker recognition task. Many general characterizations
of the VS have been proposed. Among them, the time domain models of the VS pulse
(glottal pulse) like the Liljencrants-Fant (LF) model [27] and the model proposed by Ananthapadmanabha [28] are noteworthy. The glottal pulse is also characterized in the frequency
domain by defining many measures. Among them, the parabolic spectral parameter proposed by P. Alku [29] and the measures characterizing the spectral decay of the VS [20, 30]
are of interest.
Characterizations like the ones mentioned above have been used to extract speakerspecific features in speaker recognition studies, as mentioned in section 1.3. A detailed
review of VS-based speaker-specific features can be found in [31]. The time-domain samples
of the LP residual themselves have been used as features in [22, 32]. However, the authors
in [22, 32] have reported results on databases which were not available to us. Thus, in this
thesis, we review three studies in the literature, whose authors have all reported results on
the same databases (which were available) using the same classifier. We have chosen these
three particular studies to compare the features proposed in these with the features proposed
later in this thesis.
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Figure 2.2: Block diagram of the feature extraction process developed by Plumpe et. al.
(taken from [3])

2.2.1

LF model parameters

Plumpe et. al. [3] have performed detailed SID studies on the 168-speaker TIMIT test set
(The entire TIMIT database consists of 630 speakers, but the authors report results on 168
speakers, and these results can be assumed to be scalable over the entire database). Figure
2.2 shows the block diagram of the method they have used to extract the speaker-specific
features. The VS is obtained by closed-phase LP analysis as described in section 2.1.1. The
VS (glottal pulse) waveform is decomposed into the ‘coarse’ and the ‘fine’ structures. The
time domain LF model which they have used to estimate the coarse structure of the VS is
described below.
The LF model is a piecewise continuous model of the VS pulse. A single glottal cycle
shown in Figure 2.3 is modeled as follows:

vLF (t) = 0,
= Eo .eα(t−to ) .sin[ωo (t − To )],

Tc−1 ≤ t < To
To ≤ t < Te

= −E1 [e−β(t−Te ) − e−β(Tc −Te ) ], Te ≤ t < Tc

(2.5)
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Figure 2.3: A single glottal cycle with the LF model parameters corresponding to different
phases (taken from [3])

where the time instants To , Te , Tc are the instants of glottal opening, negative peak and
glottal closure, respectively, as shown in Figure 2.3. Tc−1 represents the end of the return
phase of the previous glottal cycle, and also the start of the current cycle. From equation
2.5, we can see that: (a) the phase from Tc−1 − To , i.e, the closed phase is modeled simply
as zero, (b) the phase from To − Te , i.e, the open phase is modeled as an exponentially rising
sinusoid with frequency ωo and growth factor α and (c) the phase from Te −Tc , i.e, the return
phase is modeled as an exponential decay with a parameter β.
Considering each pitch period as a frame (pitch synchronous analysis), the LF model is fit
over the estimated VS pulse by applying a non-linear least squares minimization technique
called NL2SOL [33]. Thus, by model fitting, we get estimates of α, ωo , β and Ee (negative
peak amplitude of the glottal pulse). In addition to these, denoting the time period of the
cycle by T , three parameters are defined: (a) the close quotient (CQ) = (To − Tc−1 )/T , (b)
the open quotient (OQ) = (Te − To )/T , and (c) the return quotient (RQ) = (Tc − Te )/T .
These represent the portion of time the vocal folds are closed, open and returning to the
closed position in a glottal cycle. Thus, a total of 7 parameters are obtained from the coarse
structure model.
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Figure 2.4: Fine structure of the VS showing aspiration and ripple (taken from [3])
Table 2.1: SID performance of LF model parameters on the TIMIT test set
Features

SID accuracy (%)

used

Male

Female

Average

Coarse

58.3

68.2

63.3

Fine

39.5

41.8

40.7

Coarse+Fine

69.1

73.6

71.4

The coarse structure is synthesized using the estimated model parameters, and is subtracted from the estimated VS to get the fine structure of the VS. The fine structure is
modeled as shown in Figure 2.4. The energies of the fine structure of the VS pulse over the
closed, open and return phases, normalized w.r.t the total energy of the VS are considered as
the fine structure features. These energies capture the aspiration and ripple energy present
in the VS pulse.
With the coarse and fine structure features, each speaker is modeled by a Gaussian mixture model (GMM), and a maximum likelihood-based decision rule is used for classification
[34] (this is explained in detail in subsequent chapters). The SID performance is shown
separately for the male and female TIMIT subsets in Table 2.1.
From Table 2.1, we see that the coarse structure features alone give an average accuracy
(over the male and female subsets) of 63.3%, from which it is evident that the shape of the
VS contains an appreciable amount of speaker information. Also, the fine structure features
alone give an average accuracy of 40.7%. The coarse and fine features taken together give an
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Figure 2.5: Block diagram of the method to extract VSCCs (taken from [4])
average accuracy of 71.4%, which is an improvement over that given by the coarse structure
features by 8.1% (71.4%-63.3%). This shows that the fine structure also has significant
speaker information, and is lost while fitting an idealized pulse shape using a time domain
model.

2.2.2

Voice source cepstral coefficients

Gudnason et. al. [4] extracted VS-based cepstral features and used them in an SID task
(using GMMs as speaker models, similar to [3]) over the TIMIT and the 138-speaker YOHO
databases. In this section, only the results on the TIMIT test set are presented to compare with the LF model parameters described previously. A block diagram of the feature
extraction process is shown in Figure 2.5.
With 32 ms frames and a 10 ms frame shift, MFCCs are extracted from the speech signal.
A voiced/unvoiced decision algorithm is applied on the speech signal to separately process the
voiced and unvoiced regions. On the voiced regions, the DYPSA algorithm [35] is applied
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to estimate the GCIs, and these GCI estimates are used to determine the closed-phase.
Closed-phase LP analysis is applied to estimate the speech spectral envelope, on which the
mel-filterbank is applied. The cepstrum of the filterbank energies is taken to represent what
they term the ‘vocal tract cepstral coefficients’ (VTCCs). This is because the LP analysis is
applied when there is no input from the VS, and the speech spectral envelope corresponds to
the contribution from the vocal tract alone. On the unvoiced regions, the spectral envelope
is estimated by covariance LP analysis and its mel cepstral coefficients are extracted, which
are the VTCCs. Since convolution in the time domain is addition in the cepstral domain,
if we subtract the VTCCs from the MFCCs, we get a cepstral representation of the source,
which they call the voice source cepstral coefficients (VSCCs).
The VSCCs are used as feature vectors, and, on the TIMIT database, they give an
accuracy of 94.9%. Comparing this with the results given by the LF model parameters,
clearly, the VSCCs capture more speaker information.

2.2.3

Deterministic plus stochastic model (DSM) of the LP residual

Drugman et. al. [5] have proposed a decomposition of the VS (impulse train view - usual LP
residual) into the deterministic and the stochastic components, which they call the DSM.
Figure 2.6 shows a block diagram of the process to extract the deterministic and stochastic
components.
First, the GCI detection algorithm SEDREAMS [36] is applied on the speech signal, and
the GCIs are used as pitch marks. The duration between two successive pitch marks is
considered as a pitch period and pitch synchronous LP residual frames are extracted. These
are pitch normalized using resampling and principal component analysis (PCA) is applied
on the pitch normalized LP residual frames, and the eigenvector corresponding to the largest
eigenvalue (termed by the authors as the eigenresidual) is called the deterministic component
1

. Parallelly, the pitch normalized LP residual frames are high-pass filtered, and the energy

envelope of the high-pass filtered frames is considered the stochastic component.
1

The eigenresidual is also used to synthesize speech in a HMM-based speech synthesis framework in [37]
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Figure 2.6: Block diagram of the method to extract the deterministic and stochastic components of the LP residual (taken from [5])

The deterministic and stochastic components are obtained for each speaker in the training phase, and are used as the speaker representations. In the test phase, speech from the
unknown speaker is processed in the same way to get the deterministic and stochastic components of the LP residual. These are compared with each of the speaker representative
deterministic and stochastic components using the normalized error energy as the distance
metric D.
The distances between the deterministic and the stochastic components are fused as
follows:

D(i) = α.Dd (i) + (1 − α).Ds (i)

(2.6)

where α is a scalar between 0 and 1, Dd (i) is the distance between the deterministic components of the training speaker i and the test utterance, and Ds (i) is the same between the
stochastic components. The test utterance is declared to be from the speaker corresponding
to the least D(i).
The value of α is chosen by trial and error. It is varied from 0 to 1, and the value which
gives the highest SID accuracy is taken to be the optimal α. For an optimal α of 0.25 on
the TIMIT test set, the authors report an impressive SID accuracy of 98.0%.
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Table 2.2: SID performance of parametric and non-parametric features

2.2.4

Features

LF model parameters

VSCC

DSM

SID accuracy (%)

71.4

94.9

98.0

Parametric vs non-parametric characterizations

Characterizations of the VS (or VS-based features) can be classified broadly into two categories: (a) parametric - meaning they are parameters of an idealized model fit over the time
domain waveform or the spectrum of the VS, and (b) non-parametric - meaning they are
not the parameters obtained by model fitting, but are characterizations derived purely from
the estimated VS signal, usually by means of some kind of a transformation on the data.
Notice that, among the three features presented above, only the LF model parameters
are parametric. The VSCCs are a cepstral domain transformation and are not extracted
by model fitting, and hence are non-parametric. The deterministic and the stochastic components, though they are from the so-called deterministic plus stochastic ‘model’, are not
parameters of a model fit, but are the eigenresidual waveform obtained by PCA (which is a
dimensionality reducing transformation on the data), and an energy envelope, which is also
a waveform. The performances of the three features are summarized for ease of reference in
Table 2.2.
We can clearly see from Table 2.2 that the parametric features perform poorer than the
non-parametric features. Particularly, since the LF model parameters and the VSCCs are
derived from glottal pulses, the fact that the VSCCs perform better than the LF model
parameters implies that the VS contains speaker information in the waveform as a whole,
a significant amount of which is lost when the coarse and fine structures of the VS are
considered separately by fitting a time domain model to it.
But notice that the VSCCs are an indirect characterization of the VS, and the DSM uses
the LP residual frames (impulse train view of the VS). Thus, we seek a new non-parametric
direct characterization of the glottal pulses, since the glottal pulses are a closer representation
of the actual physiology involved in the speech production process.

Chapter 3
Characterization of the voice source
by the DCT
In order to characterize the VS, we first need an estimate of the VS. The closed-phase LP
analysis method suffers from the dependency on the speech signal, as mentioned in section
2.1.1, and we seek a method which avoids such issues. Thus, at this juncture, we revisit the
source-filter model.

3.1

Revisiting the source-filter model - the voice source
linear prediction model

Recall the two views of the VS, shown in Figure 1.2. Let us take a closer look at the ‘glottal
pulse train’ view of the VS and the source-filter model associated with it. As explained in
section 1.1.2, with a log scale for the magnitude, the VS spectrum has a spectral tilt, and
most of the spectral tilt in the speech signal spectrum is due to the VS. Using glottal area
measurements, the spectral tilt/rate of fall of the glottal volume velocity has been found
to be −12 dB/octave, and the calculated spectral envelopes have been presented in [8].
However, as mentioned in section 1.1.2, we consider the glottal volume velocity derivative
as the VS. The differentiation operation introduces a positive spectral tilt of 6 dB/octave,
and hence the glottal volume velocity derivative has an overall spectral tilt of −6 dB/octave.
20
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The reason for considering the volume velocity derivative as the VS1 is explained below.
The speech signal is radiated out from the lips as a pressure wave, and it is this pressure
variation that we record from the microphone. Approximately, the transfer function from
the volume velocity through the lips ul (t) to the pressure p(t) at a distance D from the lips,
in the spectral domain, is given by the following equation [8]:

P (ω) = Ul (ω)

ρω
KT (ω)
4πD

(3.1)

where Ul (ω) and P (ω) are respectively the Fourier transforms of ul (t) and p(t), ρ is the
density of air and KT (ω) is a correction factor. Neglecting the effect of KT (ω), we can say
that, at a given D, P (ω) α ωUl (ω), which in the time domain translates to p(t) α

dul (t)
.
dt

Thus,

in the source-filter model equation (equation 1.1), if s(n) is the recorded speech pressure
waveform, ug (n) is the glottal volume velocity derivative.
With this relationship established between the pressure and the volume velocity, the VS
can be estimated from the speech signal. To this end, a model called the voice source linear
prediction (VSLP) model has been proposed in [6]. In the VSLP framework, the synthesis
model is the same as the ‘glottal pulses view’ of the VS shown in Figure 1.2. The analysis
model is slightly different from usual LP analysis, and this difference is explained in the next
subsection.

3.1.1

The integrated linear prediction residual

The analysis model in the VSLP framework is shown in Figure 3.1. In the case of usual LPbased inverse filtering, we pre-emphasise the speech signal, obtain LP coefficients and use
them to inverse filter the pre-emphasized speech signal. But, in VSLP, we pre-emphasize the
speech signal, obtain LP coefficients and use them to inverse filter the non-pre-emphasized
speech signal itself.
Figure 3.1 shows the VSLP analysis model, along with the spectra of the speech signal
(Figures 3.1(b) and (d)) and the magnitude response of the vocal tract filter (Figure 3.1(c)),
1

This insightful explanation was given by Dr.
interaction

T.V. Ananthapadmanabha orally during a personal
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Figure 3.1: VSLP analysis model along with spectra at each stage - the ILPR is an estimate
of the VS (taken from [6])

at every stage in the analysis. The difference between usual LP and VSLP can be seen in
Figure 3.2. When the speech signal is pre-emphasized, the spectral tilt contributed by the
VS is nullified. Thus, the VS component of the pre-emphasized speech signal has a flat
harmonic spectrum, corresponding to the ‘impulse train view’ of the VS. Hence, when LP
coefficients estimated from the pre-emphasized speech signal are used to inverse filter the
pre-emphasized speech signal, as in the case of usual LP analysis, the LP residual we obtain
is similar to an impulse train. Also, note that the spectral envelope of the pre-emphasized
speech signal corresponds to the vocal tract filter’s magnitude response in the ‘glottal pulses
view’ of the VS, and the LP coefficients obtained represent the vocal tract filter. Thus,
when these LP coefficients are used to inverse filter the non-pre-emphasized speech signal,
as in the case of VSLP, we cancel out the effect of the vocal tract filter to obtain a harmonic
spectrum with the spectral tilt retained, thus giving an estimate of the ‘glottal pulses’. From
the relationship between pressure and volume velocity, we know that, if the speech signal is
the recorded pressure waveform, this estimate corresponds to the volume velocity derivative,
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Figure 3.2: Difference between usual LP analysis and VSLP analysis - The LPR and the
ILPR

which is the desired VS.
Observing the spectra in Figure 3.1, we see that the speech signal spectrum has a tilt
of ≈ −6 dB/octave, a majority of which is contributed by the VS. After pre-emphasis, the
spectral tilt in both the spectra of the speech signal and the VS is nullified, and this leads to
the LP residual to have a flat spectrum. But, when we inverse filter the non-pre-emphasized
speech signal itself, the spectral tilt of ≈ −6 dB/octave is preserved in the LP residual,
leading to an estimate of the VS (Figure 3.1(e)). Thus, the difference between the spectra
of the usual LP residual and the LP residual obtained from the VSLP framework is that
the latter has a ≈ −6 dB/octave spectral tilt, while the spectral tilt of the former is almost
zero. For this reason, the latter can be viewed as a low-pass or an integrated version of the
former, and hence the name integrated linear prediction residual (ILPR).
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Figure 3.3: ILPR of synthetic speech. (a) A synthesized vowel segment. (b) The VS pulse
train used for synthesizing the vowel (blue) and the estimated ILPR (red).
3.1.1.1

An example of ILPR on synthetic speech

A VS pulse train is synthesized using the VS pulse model proposed in [28], with the pitch
frequency chosen to be 200 Hz, and the CQ, OQ and RQ chosen to be 0.25, 0.6 and 0.15,
respectively. A vocal tract filter is synthesized using a resonator cascade. The formant
frequencies are chosen to be F1 = 850 Hz, F2 = 1500 Hz, and F3 = 2813 Hz, corresponding
to the vowel /a/. The formant frequencies are taken to be the center frequencies of the
resonators, and the bandwidths are chosen to be 80 Hz, 80 Hz, and 120 Hz, respectively.
The synthesized vowel is shown in Figure 3.3(a), along with the VS pulse train used for
synthesis in Figure 3.3(b). The synthesized speech signal is pre-emphasized with a simple
first difference filter, i.e, a filter with impulse response pe (n) = [1 − 1]. Taking the negative
peak locations of the VS pulses to be the pitch marks, three consecutive pitch periods of
the pre-emphasized speech signal are used to estimate the LP coefficients, using a Hanning
window for autocorrelation LP analysis. The non-pre-emphasized speech signal is inverse
filtered using these coefficients, and only the middle period is retained, because the first
p samples of the inverse filtered (where p is the LP order) signal are erroneous, and the
Hanning window tapers for the first and third periods but the middle period is not too much
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affected by the windowing.
It is also worth noting that the pre-emphasis filter p( n), having an anti-symmetric and
finite impulse response, has a linear phase response. Thus, the pre-emphasis operation just
introduces a finite delay, without affecting the phase of the signal.
Figure 3.3(b) also shows the estimated ILPR overlaid on the VS pulse train used for
synthesis. We can observe that, except for a small deviation near the positive peak in the
opening phase, the open phase is estimated almost perfectly, whereas there are some ripples
in the closed phase. These ripples and deviations are mainly due to improper cancellation of
the first formant. Otherwise, we can see that the ILPR is a fairly good estimate of the VS.
In this study, due to its ease of estimation and elegance, and also due to the fact that it
is unaffected by the nature speech signal unlike the LP residual obtained using closed-phase
analysis, we use the ILPR as the estimate of the VS.

3.2

The DCT of ILPR: A characterization of the VS

From previous SID studies, we know that there is speaker information in the VS waveform
as a whole. While concluding the previous chapter, we mentioned that we are seeking a nonparametric direct characterization of the VS in order to extract this speaker information. In
this study, we explore the DCT as a means to characterize the VS.

3.2.1

Motivation for using the DCT to characterize the VS

The DCT is a real frequency domain transformation of a signal. It has been demonstrated
to be successful when used as a feature extractor in many recognition problems [38, 39]. It
has many impressive properties:
1. Energy compaction - It captures most of the signal energy in a very few coefficients
due to its excellent energy compaction property [40]. Thus, it enables us to represent
the VS signal in a few coefficients.
2. Invertibility - The DCT is invertible and hence captures the shape, phase and amplitude
of the signal. Since we know that the shape of the VS contains speaker information,
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the DCT may be able to capture it.
3. Fast implementation - There are many efficient and fast algorithms to compute the
DCT [40], and hence computational complexity is not an issue.
In addition to these properties, the following hypothesis is another motivation for using
the DCT to characterize the VS: Timbre is defined by ANSI2 as “that attribute of auditory
sensation in terms of which a listener can judge that two sounds similarly presented and
having the same loudness and pitch are dissimilar.” The voice of a speaker is analogous to
the timbre of a musical instrument. It has been shown in several studies [41, 42, 43] that the
levels of different ‘harmonics’ can be used to characterize a musical instrument’s timbre. This
so called ‘harmonic series’ is used for recognizing musical instruments in solos and even in the
presence of accompaniments. We hypothesize here that a speaker’s voice may be determined
by the size, shape and position of the vocal folds, and the vocal fold vibrations reflect the
effect of these factors. Since the VS represents the vocal fold vibrations, the relative levels
of the harmonics of the VS may determine the speaker’s identity. Since the basis vectors of
the DCT are harmonically related cosines, the magnitudes of the DCT coefficients can be
regarded as the amounts of different harmonics present in the VS. The signs of the DCT
coefficients capture the phase or the ‘shape’ information, which is known to contain speaker
information. Moreover, the DCT coefficients are not the parameters of any model, and are
thus non-parametric. Thus, the DCT coefficients are an attractive characterization of the
VS, especially with speaker recognition as the target application.

3.2.2

Pitch synchronous analysis

The DCT is known to be sensitive to shifts in start and end points, which means that the
DCT coefficients change even for small left or right shifts in the boundaries of the signal.
Due to this issue, if we frame the signal with a constant frame size, say 20 ms (which is
generally used for LP analysis), we encounter the following problem.
Figure 3.4(a) shows a 20 ms segment of the ILPR estimated from the synthetic vowel
shown in Figure 3.3, and Figure 3.4(b) shows the same segment cyclically shifted by half a
2
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Figure 3.4: (a) ILPR estimated from a 20 ms segment of a synthetic vowel and (b) its
cyclically shifted version; (c) and (d): The first 20 DCT coefficients of the signals in (a) and
(b), respectively.

pitch period. Figures 3.4(c) and (d) show the DCTs of the ILPRs in Figures 3.4(a) and (b),
respectively. We can easily see that the DCT coefficients in Figures 3.4(c) and (d) are very
different from each other. But, even though the signal is circularly shifted, the VS pulse
shape has not changed, and we want the DCT-based characterization to be the same in both
the cases. This is not possible if we use a constant frame size analysis, and hence we use a
pitch synchronous analysis, i.e, we estimate pitch marks and take two successive pitch marks
to be the start and end points of frames, and obtain the DCT coefficients of each such frame.
Since each frame corresponds to a pitch period, the analysis is termed pitch synchronous
analysis.
Also, pitch synchronous analysis allows an unambiguous interpretation of the DCT coefficients as harmonics, which is not possible in the case of a constant frame size analysis.
This interpretation is explained in Appendix A. Further, pitch synchronous DCT has been
successfully used for pitch modification in [44].
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Figure 3.5: Block diagram of the method to extract the pitch synchronous DCT of ILPR

3.2.3

Obtaining the pitch synchronous DCT of ILPR

Figure 3.5 shows the block diagram of the method used to extract the pitch synchronous
DCT of ILPR. First, an epoch extraction algorithm [45] is applied on the speech signal
to obtain the epoch locations. Then, a voiced/unvoiced (V/UV) classification algorithm is
applied as in [46] and the voiced regions are obtained. Since the epoch locations in the voiced
regions correspond to GCIs, they are used as pitch marks for pitch synchronous analysis.
Considering the interval between two successive GCIs as a pitch period, the ILPR is obtained
with three consecutive pitch periods used for LP analysis, inverse filtering the three pitch
periods and retaining only the middle period of the inverse filter output. A Hanning window
is used for LP analysis, and a first difference filter is used for pre-emphasis. The analysis
region is then shifted one pitch period to the right, and the same LP analysis and inverse
filtering process is carried out till all the voiced regions are traversed. Finally, the DCT-II is
applied on the ILPR pitch synchronously, after normalizing each period of the ILPR by its
positive peak value. Thus, after the feature extraction process, we get as many DCT vectors
as the pitch periods.

The epoch extraction and the V/UV classification algorithms used here are described
briefly in the remainder of this section.
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Figure 3.6: A TIMIT speech segment with the ILPR and the estimated epoch locations; the
epochs can be seen at the negative peaks of the ILPR

3.2.4

Pre-processing used to obtain the DCT of ILPR

3.2.4.1

Epoch extraction algorithm

The state-of-the-art dynamic plosion index (DPI) algorithm proposed by Prathosh et. al.
[45] is used for epoch extraction. The plosion index (PI) is a dimensionless ratio used to
detect transients or impulse-like signals, and is used to detect plosion burst instants in [45].
The DPI is a sequence of values of the PI as a function of the number of samples chosen to
compute the PI. The ILPRs extracted from 20 ms speech signal frames is half-wave rectified
to retain only the negative going parts, since the epochs correspond to the negative peaks
of the ILPR. An arbitrary instant is chosen as the initial epoch location. The DPI is then
computed on the half-wave rectified ILPR, and, as shown in [45], the instant of the valley
of the DPI associated with the maximum peak-valley difference corresponds to the epoch
location. The process is repeated till the end of the speech signal is reached.
The epoch location estimates obtained by the DPI algorithm are shown overlaid on a
voiced segment of the speech signal in Figure 3.6. Also shown for reference is the estimated
ILPR. We can observe that the negative peak locations of the ILPR are estimated as the
epoch locations.
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Note that we estimate the ILPR on 20 ms frames in this process, which is observed to
be sufficient for epoch extraction, since only the negative peaks of the ILPR are of interest.
However, we need to refine the ILPR extraction process if we want to use the ILPR as an
estimate of the VS, and hence we adopt the procedure of taking three pitch periods for LP
analysis and retaining only the middle period of the inverse filter output, as described in
section 3.1.1.1.
It is worth mentioning here that this algorithm gives epoch estimates in both voiced and
unvoiced regions, but only the epoch estimates in the voiced regions are meaningful. Thus,
we need to apply a V/UV classification algorithm, which is described next.

3.2.4.2

Voiced/Unvoiced classification algorithm

The V/UV algorithm used here is based on the maximum normalized cross correlation
(MNCC) of successive inter-epoch intervals, and has been used successfully in [46]. It is
based on the observation that the cross-correlation between successive inter-epoch intervals
is high in voiced regions and low in unvoiced regions. Since we have the epoch location estimates from the epoch extraction algorithm, we can compute the cross-correlation between
two successive inter-epoch intervals. This cross-correlation is normalized with respect to the
energy in the first inter-epoch interval, to get the normalized cross-correlation (NCC) at
different lags. Since there may be slight phase differences between the two successive interepoch intervals due to minor errors in epoch estimation, the NCC need not be maximum
at zero lag, and thus we take the maximum of the NCC across all the lags as the similarity
measure, and hence the name MNCC.
Figure 3.7 illustrates a TIMIT speech segment and its phonetic annotation, and also
shows the evolution of MNCC over successive inter-epoch intervals. It is evident that the
MNCC is above a threshold (0.6 in this case) for voiced phones and below it for unvoiced
phones, which shows the effectiveness of the MNCC-based V/UV classification.
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Figure 3.7: A segment from a TIMIT utterance and the corresponding MNCC plot overlaid
on it; observe that MNCC>0.6 for voiced phones and <0.6 for unvoiced phones.

3.3

The DCT of ILPR as a feature vector for SID

It is worthwhile to visually observe how the DCT coefficients of the ILPR change from
speaker to speaker. Since we know that there is speaker-specific information in the VS,
characterizing it by the DCT must reflect the same.

3.3.1

Variability of the ILPR

Figure 3.8 shows three ILPR segments taken from three different utterances of a TIMIT
speaker, and their corresponding pitch synchronous DCT coefficients, obtained from the
second period of the shown waveforms. It is observed that the ILPRs are similar and so are
the DCT coefficients. Figure 3.9 shows the ILPR segments of three different TIMIT speakers,
and their corresponding pitch synchronous DCT coefficients (of the second period). Here,
we can observe that the ILPR segments are different and so are the DCT coefficients, e.g,
the ILPR of speaker 1 (red) has a low amplitude negative peak, and its corresponding DCT
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coefficients have a lesser amplitude than those of speakers 2 (black) and 3 (blue). The DCT
coefficients of speaker 3 show a positive-negative alternating pattern in the higher coefficients,
which is not shown by those of speaker 2. Thus, from Figures 3.8 and 3.9, we can say that
the DCT coefficients capture distinct information for different speakers.
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Figure 3.8: ILPR and its DCT from different phonetic contexts in voiced segments from
three different utterances of a single TIMIT speaker. The shapes of the ILPRs are similar
and so are the DCT coefficient vectors.

However, the ILPR does show some intra-speaker variability too. Although the ILPR for
a single speaker shows a similar shape as shown in Figure 3.8 in a majority of the regions,
it does vary in some regions. This may be because of two major factors:
1. Since we are not estimating each formant and cancelling them explicitly in the inverse
filtering process, there may be traces of uncancelled F1 and F2 overriding on the actual
VS pulse, which lead to differences in ILPR for different phones.
2. The VS pulse shape itself may change for the same speaker due to the speaker possessing different phonation types, as is shown in [47].
The differences in the ILPR for the same speaker are reflected in the DCT coefficients,
and hence the DCT coefficients exhibit intra-speaker variability. Figure 3.10 shows a 2-D
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Figure 3.9: ILPR and its DCT from the vowel /a/ in the word ‘wash’ for three TIMIT
speakers. The ILPR shape varies from speaker to speaker and the DCT coefficients vary
with waveform shape.

scatter plot of the DCT coefficients 5 vs 10 of the ILPR for a single TIMIT speaker. We can
see that there are multiple clusters in the feature space (marked by ellipses). Figure 3.11
shows a 3-D scatter plot of the DCT coefficients 1 vs 5 vs 10 of the same speaker. In both
figures, the cluster marked by the red and black ellipses have a significant data concentration,
while the cluster marked by the green ellipse is loosely formed. The multiple clusters are
seen more clearly in Figure 3.11. This illustrates the intra-speaker variability of the DCT
coefficients.
However, there are differences in the data distribution between different speakers. Figure
3.12 shows the 3-D scatter plot of DCT coefficients 1 vs 5 vs 10 for a different TIMIT speaker
from the one shown in Figure 3.11. We can see that there is only a single prominent cluster
in Figure 3.12, and almost all the data points have negative value for DCT coefficient 10,
whereas from Figure 3.11, we can see that there are multiple clusters and the DCT coefficient
10 has positive as well as negative values for the previous speaker. Thus, if we are able to
capture these differences in the data distribution by a speaker modeling technique, we may
be able to use the DCT of ILPR directly as a feature vector for SID.
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Figure 3.12: 3-D scatter plot of DCT coefficients 1 vs 5 vs 10 of the ILPR cycles from another
TIMIT speaker. There is only one prominent cluster and the data distribution is different
from that of the previous speaker.

3.3.2

Number of DCT coefficients

One of the motivations to characterize the VS by the DCT is the energy compaction property
of the DCT, by which we can represent the signal by a few coefficients. Thus, we need not
consider all the DCT coefficients as the feature vector. In addition, since we would be using
them in a pattern recognition framework, it is ill-advised to consider a very high dimensional
feature vector (with fs = 16 kHz and a pitch frequency F0 = 200 Hz, we will have 80 samples
in a pitch period, and since we take the N -point DCT, we will have an 80 dimensional feature
vector). Thus, we need to determine the number of DCT coefficients sufficient for a ‘good’
feature vector.
Since the DCT is an invertible transform, we can reconstruct the ILPR by its DCT
coefficients using the inverse DCT. In order to estimate the number of DCT coefficients for a
good feature vector, we reconstruct the ILPR using the inverse DCT by varying the number
of DCT coefficients, i.e, we consider the first M DCT coefficients, zero out the remaining
N − M , and take the N -point inverse DCT to get the reconstructed ILPR. Let us visually
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observe how the reconstruction changes with M .
Figure 3.11 shows the reconstructed ILPR overlaid on the original for various values of
M from 4 to 50 in different steps (which corresponds to reconstruction using 2 harmonics to
25 harmonics of the fundamental - see Appendix A). We can observe that, in general, the
reconstruction gets closer to the original as M increases, which is because we capture more
and more of the finer details (higher frequency components) as we increase M . However,
from Figure 3.11(c), the gross ILPR pulse shape seems to be well captured with M = 16
(within 8 harmonics), which gives us a hint that M = 16 may be a good choice for considering
the DCT coefficients as a feature vector (note that, by ‘gross shape’, we do not mean the
‘coarse structure’ in the sense of Plumpe et. al. [3] as explained in section 2.2.1, but rather
the smooth shape of the ILPR, excluding the very fine variations).
Further, the mean percentage of signal energy captured in the reconstruction was computed using the pitch synchronous DCT coefficients of ILPRs from all the voiced frames of
100 TIMIT speakers. It is shown in Figure 3.12, for M varying from 5 to 40. We see that
it saturates after M = 15, with the reconstruction capturing more than 90% of the signal
energy for M ≥ 15, adding more compelling evidence to consider the first 16 coefficients as
the feature vector. However, since SID is the target application, we need to determine how
many coefficients contain ‘sufficient speaker information’, which is an entirely different issue.
Thus, to be able to use the DCT of the ILPR as a feature vector for SID, two issues are
to be addressed: (a) the optimal M has to be determined, and (b) a modeling technique
which can capture the feature distribution has to be decided. These are resolved and the
results of SID experiments using the DCT of ILPR as the feature vector are presented in the
next chapter.
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(a) ILPR (blue) and its reconstruction (red)
with the first 4 DCT coefficients
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(b) ILPR (blue) and its reconstruction (red)
with the first 10 DCT coefficients
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(c) ILPR (blue) and its reconstruction (red)
with the first 16 DCT coefficients
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(d) ILPR (blue) and its reconstruction (red)
with the first 24 DCT coefficients
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(e) ILPR (blue) and its reconstruction (red)
with the first 34 DCT coefficients
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(f) ILPR (blue) and its reconstruction (red)
with the first 50 DCT coefficients

Figure 3.11: One period of ILPR and its reconstruction from its truncated DCT, varying
the number of DCT coefficients retained.
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computed using data from 100 TIMIT speakers.

Chapter 4
Experiments and results
4.1

Gaussian mixture models for SID

Visual observation of scatter plots shown in Figures 3.10, 3.11 and 3.12 indicates that the
distribution of the DCT coefficients of ILPR may distinguish speakers. To capture the distribution, a natural choice would be a Gaussian mixture model (GMM), since any arbitrary
distribution in an M -dimensional space can be approximated by a mixture of M -dimensional
Gaussians with different weights, means and covariance matrices [48]. Thus, we use GMMs
to model each speaker, as explained in [34], reproduced here for convenience.
Let Z be the number of speakers and λi the GMM learnt from the M -dimensional training
data of the ith speaker. Thus,

p(~x|λi ) =

G
X

wj,i .bj,i

(4.1)

j=1

where bj,i (~x) =

1
exp{− 12 (~x
(2Π)M/2 |Σj,i |1/2

−µ
~ j,i )0 Σj,i −1 (~x − µ
~ j,i )} is the j th Gaussian mix-

ture component of λi with mean µ
~ j,i and covariance matrix Σj,i , wj,i is the weight associated
with bj,i , G is the number of mixture components of λi and p(~x|λi ) represents λi evaluated at
~x. The parameters {~µj,i , Σj,i , wj,i } of each λi are learnt using the expectation maximization
(EM) algorithm [49]. Thus, after the training phase, we will have a GMM for each speaker.
~ is presented to each λi , and the likelihood
In the testing phase, the test utterance X
~ is computed as follows:
p(λi |X)
40

4.2. Issues with GMMs - The covariance matrix type and the number of Gaussians

41

By Bayes’ rule, we have
~ =
p(λi |X)

~ i )p(λi )
p(X|λ
~
p(X)

(4.2)

Assuming the test utterance can belong to any speaker with equal probability, and since
~ are constant ∀ i. Thus,
we present the same test utterance to all the GMMs, p(λi ) and p(X)
~ α p(X|λ
~ i ).
equation 4.2 reduces to p(λi |X)
Now, if we assume that the test feature vectors are all statistically independent, we have
T
~ i ) = Q p(~xt |λi ), where ~xt s are the individual test feature vectors and T is the total
p(X|λ
t=1

number of test feature vectors. Taking logarithm, we have,
~ i )] =
log[p(X|λ

T
X

log[p(~xt |λi )]

(4.3)

t=1
T
~ α P log[p(~xt |λi )], where the RHS is the log-likelihood, which involves
Thus, log[p(λi |X)]
t=1

terms λi evaluated over ~xt , and can be easily calculated. Let Li denote the log-likelihood of
speaker i. Thus, if S is the decision,

~
S = argmaxi log[p(λi |X)]
(4.4)
=⇒ S = argmaxi Li
From equation 4.4, a logical decision rule to use would be to classify the test data as
belonging to the speaker whose model gives the maximum likelihood. Figure 4.1 illustrates
the test phase.

4.2

Issues with GMMs - The covariance matrix type
and the number of Gaussians

In any GMM implementation, the type of the covariance matrix used (full or diagonal) and
the number of Gaussians G have to be chosen. We conducted initial experiments with full
covariance matrices by determining the optimal G using cross-validation, as explained below.
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Figure 4.1: Test phase of the SID system using GMM speaker models
All the experiments were performed on the TIMIT test set, which is described in the next
section. The first 24 DCT coefficients (excluding the 0th ) were chosen as the feature vector
(the reason for this will be explained later).

4.2.1

Full covariance matrices

Using full covariance matrices, when a fixed G was chosen for all the speakers, it was observed
that the SID accuracy was poor (around 60%). This is because different speakers have
different number of clusters in the feature space, as shown by the feature distribution plots
in Figures 3.10, 3.11 and 3.12. Since we do not know the number of clusters beforehand,
and also since G is not exactly proportional to the number of clusters (one Gaussian may be
sufficient for some clusters, but others may require more number of Gaussians to capture the
variability), we employ a cross-validation strategy and a maximum likelihood-based decision
to determine the optimal G for each speaker.
Figure 4.2 shows the use of maximum likelihood to determine the optimal G for a given
training set. Utterances 5-10 are selected for training, and 1 and 2 for the test. Utterances 3
and 4 are used as validation data, and are presented to GMMs learnt using the training data
with G varying over a fixed range (A − B) in Figure 4.2). The GMM which gives maximum
likelihood is chosen to be the one with the optimal G, which best represents the speaker. To
determine the range A − B, we performed the following experiments.

4.2. Issues with GMMs - The covariance matrix type and the number of Gaussians
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Figure 4.2: Cross-validation strategy to determine the optimal number of Gaussians for
modeling each speaker. λi,j represents the GMM with j Gaussians for speaker i.
4.2.1.1

Histograms of number of training samples assigned to different Gaussians

The training data of two TIMIT speakers were used to learn the respective GMMs, varying
G. As before, b1 , b2 , ..., bG are the G Gaussian components of the GMM. A training sample
~x was assigned to one of the Gaussians based on the following rule:

1. Compute the posterior probability of each Gaussian given the sample observation, i.e,
p(bi |~x), i = 1, 2, ..., G using Bayes’ rule.
2. Assign the sample ~x to the Gaussian having the maximum posterior probability.

The histograms of the number of training samples assigned to different Gaussians, obtained with G = 16 are shown in Figures 4.3(a) and (b). It is apparent that only 5-10
Gaussians are assigned more than 10% of the training samples, for both speakers. Figures
4.3(c) and (d) show the histograms with G = 5 for speaker 1 and G = 9 for speaker 2, and
we observe that, even with G = 5, there are only 4 Gaussians which are assigned more than
10% of the training samples. This demonstrates that the intra-speaker variability of the
DCTILPR is very less, and we may not need more than 10 Gaussians to capture the data
distribution of any speaker.
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Figure 4.3: Histograms of training samples from two TIMIT speakers assigned to various
Gaussian components of the GMMs for different G.

4.2.1.2

SID experiments with optimal G determined in different ranges

Motivated by the observations from the histogram plots, we performed SID experiments on
different number of speakers in the TIMIT test set. For different ranges of G, the optimal G
was determined using cross-validation, as shown in Figure 4.2. From Table 4.1, we see that
the SID accuracy decreases as the number of speakers increases, since more speakers cause
more confusions. This is a general trend observed in all the SID experiments conducted.
Observe that the range 10 to 20 gives better performance than 26 to 35, and the range 5
to 10 gives the best performance. This confirms the limited intra-speaker variability of the
DCTILPR. The SID accuracy for the entire 168-speaker database is 86.6%.
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Table 4.1: SID performance on the TIMIT test set using GMMs with full covariance matrices,
with the optimum G determined in different ranges using cross-validation. The range 5-10
gives the best result.
Range of G

26-35

10-20

5-10

4.2.2

Number of speakers SID accuracy (%)
16
25
49
62
16
25
49
62
30
62
100
168

91.0
75.0
68.5
65.6
95.0
87.0
88.9
85.2
100
93.6
90.0
86.6

Diagonal covariance matrices

Using diagonal covariance matrices, we assigned a fixed G for all the speakers and varied G
over a range, and the SID accuracy versus G is shown in Figure 4.4. It is apparent that the
accuracy increases with increasing G, attains a maximum at G = 16, and saturates beyond
G = 16. Also, we found that the performance did not change even if we determined G
by using the cross-validation strategy similar to the one used for full covariance matrices,
varying G in the range 5-20. This may be because the diagonal covariance matrices do not
capture the cross-correlations between the features, and thus the effect of overfitting the
data may be lesser than that when full covariance matrices are used. In other words, if the
number of Gaussians chosen is greater than the optimal value, an error in the estimation of
cross-correlations in the covariance matrix of even even one of the Gaussians may lead to a
large overfit of the data in the full covariance case, but the diagonal covariance matrices are
immune to this. It is expected that GMMs with diagonal covariance matrices require more
number of Gaussians to perform on par/better than those with full covariance matrices,
because we need multiple diagonal covariance matrices to fit the data distribution captured
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by one full covariance matrix [48].
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Figure 4.4: SID accuracy on the 168-speaker TIMIT test set versus the number of Gaussians
(chosen to be the same for all speakers) with diagonal covariance matrices.
The SID accuracy for G = 16 is 94.6% on the entire 168-speaker set, which is much higher
than that given by the full covariance matrices (86.6%), even with optimal G determined in
the latter case. This can be the result of two factors:
1. The DCT coefficients, which are the features here, are naturally decorrelated. This
is because the DCT basis is similar to the Karhunen-Louve transform (KLT) basis,
as shown in [40], and the KLT is known to be a statistically optimal decorrelating
transform [50]. With full covariance matrices, we may be trying to capture crosscorrelations which do not exist, and thus end up in estimating them wrongly.
2. Since we have to estimate cross-correlations also if we use full covariance matrices, the
number of parameters of the GMM increases as the square of M , and there may be
insufficient data to estimate all these parameters, but the data may be sufficient to
estimate only the variances of individual features in the diagonal covariance matrices.
Thus, we decide that diagonal covariance matrices and G = 16 are to be used in further
experiments. The result that the diagonal covariance matrices perform better than full
covariance matrices is consistent with similar empirical observations made in [34, 4].

4.3. Description of SID experiments

4.3
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Description of SID experiments

SID experiments are conducted on three standard databases, and the performance of the
DCT coefficients of the ILPR (henceforth referred as DCTILPR) is compared with that of
other VS-based features. For the reasons explained in the previous section, GMMs with
G = 16 are used as speaker models. As mentioned in section 2.2, the authors in [3, 4] have
used GMMs as speaker models, and so it is fair to use GMMs to evaluate the performance
of DCTILPR, which is another reason to use GMMs in this study. Before presenting the
results, a brief description of the databases and the training and test data used in this study
is given below.

4.3.1

Databases, training and test data

Three standard databases namely the TIMIT, YOHO and the NIST 2003 database are used.
4.3.1.1

The TIMIT database

The TIMIT database [51] is a well-known database used for speech and speaker recognition
studies. It is designed to be phonetically rich, and has read speech recorded at 16 kHz
from 630 speakers with 10 utterances from each speaker, each utterance being roughly 3 s
in duration. However, the test subset of the database with 168-speaker data is chosen, since
the authors who have proposed the VS-based features discussed in section 2.2 have presented
their results on this subset, and we can compare the DCTILPR features with the existing
VS-based features on the same dataset.
Utterances 3-10 from each speaker are taken as the training data and utterances 1-2 are
presented as the test data to each speaker model learnt. Thus, the test data is just (1/4)th of
the training data, which we may expect when the system is deployed in a practical scenario.
4.3.1.2

The YOHO database

The YOHO database [52] is a 138-speaker database, which is recorded for the purpose of
speaker recognition studies. It is more challenging than TIMIT, because it has data from
four different recording sessions, and there may be a change in the speaker’s voice itself from
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session to session, which is called session variability in the literature. Thus, there could be
a mismatch between the same speaker’s training data taken from one session and the test
data taken from another session, and the results may be poorer than when both are taken
from the same session, as we do in TIMIT. The speech consists of combination-lock phrases
recorded at 8 kHz.
Again, the data is divided roughly into 80% for training and 20% for testing. There are
24 utterances per speaker per session, each roughly 2.5 s long. Utterances 1-20 are used for
training and 21-24 for testing.

4.3.1.3

The NIST 2003 database

NIST (National Institute of Standards and Technology) conducts a speaker recognition evaluation (SRE) to assess the speaker recognition performance of different algorithms on a
common platform. The data released with the NIST SRE 2003 [53] (sampled at 8 kHz) is
used here to evaluate the performance on telephone quality noisy speech, since it contains
excerpts of one side of a cell phone conversation, with each speaker speaking in different cell
phone handsets. The features may change from one handset to the other, which is called
handset variability, which may lead to mismatch between the training and the test data from
the same speaker. There are 356 speakers, and around 110 s of training data and 60 s of test
data per speaker.

4.4

The number of DCT coefficients for a ‘good’ feature vector

We performed the SID experiment on the TIMIT and YOHO databases and observed the
accuracies by varying the number of DCT coefficients (M ) considered for the feature vector.
The training data was taken from session 1 and the test data was taken from session 2
in the YOHO database. On TIMIT, we can observe from Figure 4.5 that the accuracy
reaches 92.8% for M = 12 and reaches a maximum of 94.6% at M = 24, which means that
98.1% of the maximum performance is achieved for M = 12. This indicates that most of

4.4. The number of DCT coefficients for a ‘good’ feature vector
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Figure 4.5: SID accuracy versus the number of DCT coefficients (M) on the 168-speaker
TIMIT test set and the 138-speaker YOHO database. GMMs with 16 Gaussians having
diagonal covariance matrices are employed as the speaker models.

the speaker information is contained in the first 12 DCT coefficients (6 harmonics), which
can be explained to be a direct consequence of the low-pass nature of the VS. From Figure
3.11.(c) and the discussion in section 3.3.2, we saw that most of the gross shape of the VS
is captured for M = 16, and combining this with the previous result we can say that most
of the speaker information is contained in the gross shape of the VS. But, the surprising
result is the performance drop for M > 24, which is counter-intuitive since we tend to think
that the higher coefficients capture the finer structure of the VS and may account for more
speaker information. This trend indicates that the very fine structure of the VS (captured by
the harmonics greater than the 12th ) does not contain speaker information, but may cause
more confusions between speakers instead.
Results on YOHO also show similar trends, but we observe that the SID accuracies are
much lesser than what were observed for TIMIT (94.6% and 80.4% being the maximum
accuracies on TIMIT and YOHO, respectively). This is because of the speaker variability
from session 1 to session 2 of the YOHO database, showing that the DCTILPR features have
significant session variability.
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Table 4.2: Comparison of SID performance of different VS-based features on the 168-speaker
TIMIT test set. GMMs with 16 Gaussians having diagonal covariance matrices are employed
as the speaker models.

4.5
4.5.1

Feature

#misidentifications

Identification rate

TDVS

48

71.4%

VSCC

9

94.6%

DCTILPR

9

94.6%

DSM

3

98.0%

Results and discussion
Results on TIMIT

Table 4.2 shows the performance of the DCTILPR features compared with those of the
time domain voice source (TDVS) features described in section 2.2.1, the VSCC features
described in section 2.2.2 and the DSM-based features described in section 2.2.3. It is clear
that DSM is the best performing feature with an SID accuracy of 98% (only 3 misidentifications). The DCTILPR performs equally well as the VSCC features with an accuracy of
94.6% (9 misidentifications), and much better than the TDVS features, thus showing more
convincingly that the non-parametric features perform better than parametric features.

4.5.2

Results on YOHO

In [5], the DSM-based features have been shown to outperform the other features on the
YOHO database. The performance of the DCTILPR features is compared with that of
the DSM features in Table 4.3. If the model giving the maximum likelihood (or score)
corresponds to the true speaker, the true speaker is labelled as a speaker in I position.
Similarly, if the model giving the next higher likelihood (or score) corresponds to the true
speaker, the true speaker is labelled as a speaker in II position, and so on. It is clear from
Table 4.3 that, as the duration between the train and test sessions increases, the performance
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decreases, showing the session variability of the features. We can also observe that more and
more speakers get into the II and III positions as the gap between the sessions increases.
But note that the DCTILPR gives a better performance than the DSM in all the cases, from
which we can conclude that it has less session variability than the DSM features.
Table 4.3: Percentage of speakers classified in different positions with DCTILPR (with DSM)
when test data is taken from different recording sessions in the 138-speaker YOHO database.
GMMs with 16 Gaussians having diagonal covariance matrices are employed as the speaker
models.

Session details

In I position

In II position

In III position

Same session

100% (99.7%)

0% (0.3%)

0% (0%)

1 session later

80.4% (69.3%)

3.6% (7.9%)

2.9% (5.2%)

2 sessions later

73.9% (64.3%)

2.9% (8.8%)

5.1% (4.6%)

3 sessions later

72.5% (58.7%) 5.1% (11.8%)

3.7% (4.4%)

The SID accuracies of the DCTILPR, DSM and VSCC features are averaged across the
4 sessions, and these average accuracies are presented in Table 4.4 for comparison. Results
on TIMIT showed that the DSM performs best, whereas the DCTILPR performs best on
YOHO. This difference may be because of two reasons:
1. In TIMIT, there is very little training data (24 s), which may be insufficient for speaker
modeling with DCTILPR features. In YOHO, there is almost twice that amount of
data (50 s), which perhaps leads to better speaker models being learnt, and hence the
DCTILPR performs better on YOHO than on TIMIT. In fact, we observe that the
DSM also shows a performance improvement from 98% on TIMIT to 99.7% on YOHO
(same session test data).
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2. There is less phonetic variability in YOHO than in TIMIT, because the speech is
comprised of combination-lock phrases, e.g., nineteen-fiftyfive-fortytwo, which are only
numbers, whereas TIMIT speech is designed to be phonetically rich. The ILPR may
have more phonetic variability than the LP residual used to obtain DSM features, and
hence DSM performs better than DCTILPR on TIMIT.

Table 4.4: SID accuracies of the DCTILPR, DSM and VSCC features on the 138-speaker
YOHO database, averaged across the 4 sessions. GMMs with 16 Gaussians having diagonal
covariance matrices are employed as the speaker models.

4.5.3

Feature

Average accuracy(%)

DCTILPR

81.7

DSM

73.0

VSCC

63.7

Results on NIST 2003

On the entire 356-speaker database, the DCTILPR gives a very low SID accuracy of 16%.
We suspected this to be the effect of handset variability, and to test this we conducted the
SID experiment on a 110-speaker subset of the database, with speakers having training data
from one handset and test data from the same and different handsets. Table 4.5 gives the
results on this subset. It can be seen that the accuracy drops from 71.8% when the test
data is taken from the handset same as that of the training data (same handset condition)
to 18.2% when the test data is taken from a handset different from that of the training data
(different handset condition). This huge drop in accuracy clearly shows that the DCTILPR
features suffer greatly from handset variability. The authors who have proposed other VSbased features have not reported results on NIST 2003.
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Table 4.5: Comparison of SID performance of DCTILPR with MFCC features and their
combination on the 110-speaker subset of the NIST 2003 database under the same and
different handset conditions.
Condition

DCTILPR MFCC

Classifier fusion
[α.LC + (1 − α).LM ]

Same handset

71.8%

72.7%

Max.accuracy = 84.5%
αopt = 0.67

Different handset

18.2%

40.0%

Max.accuracy = 40.9%
αopt = 0.15

4.5.3.1

Combination with MFCCs

To compare the performance of DCTILPR with vocal tract-based features, we consider the
MFCCs of speech, which are perhaps the most widely used features in speech processing.
The MFCCs are computed on 20 ms frames with 10 ms overlap, which is customary. But,
they are obtained only from voiced regions to facilitate a fair and effective comparison with
the DCTILPR, since the DCTILPR is obtained only from voiced regions and the MFCCs
would get an undue advantage over the DCTILPR if they are obtained from unvoiced regions also. 13-dimensional MFCCs along with their delta and delta-delta coefficients are
considered together as a 39-dimensional feature vector. From Table 4.5, we see that the
MFCCs perform comparably to the DCTILPR in the same handset condition, whereas they
perform much better than the DCTILPR in the different handset condition. Nevertheless,
the drop in SID accuracy from 72.7% to 40% clearly shows that the MFCCs too suffer from
handset variability, but not as much as the DCTILPR. This is mostly because the MFCCs
capture only the magnitude, while the DCTILPR captures both the magnitude and phase
information, and thus phase response variations between different microphones can also alter
the DCTILPR significantly.
The classifier trained using DCTILPR is combined with the classifier trained using the
MFCCs at the score level as indicated below:
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LC = αLD + (1 − α)LM

(4.5)

SID accuracy (%)
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Figure 4.6: SID performance of the combination of DCTILPR and MFCC-trained classifiers
as a function of α for the same handset condition on the 110-speaker subset of the NIST
2003 database.
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Figure 4.7: SID performance of the combination of DCTILPR and MFCC-trained classifiers
as a function of α for the different handset condition on the 110-speaker subset of the NIST
2003 database.
where LD and LM are the likelihoods of the DCTILPR and MFCC-trained GMMs, and
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the combined likelihood LC is obtained as a linear convex combination of the two. α is a scalar
varying from 0 to 1, and it represents the weightage given to the DCTILPR features, with
the MFCCs having (1 − α) as the weightage. Figure 4.6 shows the variation of SID accuracy
of the combination with α for the same handset condition. It is clear that, for all 0 < α < 1,
the combination gives a performance better than that of the classifier trained using only the
MFCC. Also note that, for an optimal α of 0.67, the combination gives a maximum accuracy
of 84.5% (an absolute accuracy improvement of about 12% over that given by the MFCCs
alone) which shows that the DCTILPR features capture speaker information missed out
by the MFCCs. This is most probably because the MFCCs are vocal tract-based features
while the DCTILPR is a VS-based feature, and thus the DCTILPR provides supplementary
speaker information present in the VS which is not captured by the MFCCs.
Figure 4.7 shows how the SID accuracy varies over α for the different handset condition.
There is no performance improvement with the combination, and in fact the performance
drops for 0 < α < 1. This behaviour is mostly because both the features individually
have significant handset variability, and the combination of DCTILPR adds to the handset
variability already present in the MFCCs, thus degrading the performance.

4.5.4

Results with the DFT of ILPR

We obtained the pitch synchronous DFT of ILPR in the same way as we obtained the DCT,
but we considered only the DFT magnitudes as the feature vector. The first 12 coefficients
(excluding the 0th ) were considered, as they correspond to the first 12 harmonics of the
fundamental (we take 24 coefficients in the case of DCT since the frequency resolution of the
pitch synchronous DCT is F 0/2). Results in Table 4.6 show that the DFTILPR performs
poorer than the DCTILPR on TIMIT (8.3% reduction in accuracy). Also, on YOHO, if
the train and test data are taken from different sessions, the accuracy given by DFTILPR
is lower than that given by DCTILPR. This indicates that the DFT magnitude captures
less speaker specific information than is captured by the DCT and the DFT phase has the
rest of the information. Since the DCT captures both the magnitude and phase implicitly,
it captures more speaker specific information and gives better accuracy. But, the DFT
magnitudes perform poorer than the DCT on NIST 2003 in the different handset case also.
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Table 4.6: Performance comparison of DFTILPR and DCTILPR
Database

SID accuracy (%)
DFTILPR

DCTILPR

TIMIT

86.4

94.6

YOHO: test session 1

100

100

YOHO: test session 2

72.5

80.4

YOHO: test session 3

67.4

73.9

YOHO: test session 4

59.4

72.5

NIST 2003: same handset

59.1

71.8

NIST 2003: different handset

14.5

18.2

When there is handset variability, since we expect a feature based only on the magnitude
to perform better than a feature which captures the phase also, this is a surprising result.
This may be because of the effect of the roll-off (especially the low frequency roll-off) of the
300 Hz − 3.3 kHz telephone quality bandpass filter on the DFT coefficients, but it has to
be investigated in greater detail.

4.6

Speaker verification experiments on short test utterances

1

One of the major bottlenecks in applying speaker recognition technology is the availability

of data; at least 10-15 s of test data is required to get a reasonable performance. Results
reported in [54] for short duration test data (<10 s) show that the performance drops significantly even though sufficient data is used for training. Since we can get enough training data
in practice, we consider the case of limited (<10 s) test data, and test how the DCTILPR
features and a combination of MFCC and DCTILPR features perform. The motivation for

1
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doing so stems from the hypothesis that the VS-based features do not depend much on phonetic content, whereas the robustness of vocal tract-based features depends on the amount of
phonetic content that they capture from a particular utterance. Since short test utterances
contain very less phonetic content, VS-based features may result in a significant performance
improvement when they are combined with vocal tract-based features.

4.6.1

The baseline i-vector system

The MFCC-based i-vector system for speaker verification (SV), which is the state-of-the-art
SV system [7], is considered here as the baseline. A brief description of the system is given
below.
Figure 4.8 shows the block diagram of the baseline system, which is reproduced from
[7]. With a frame size of 20 ms and a shift of 10 ms, 13-dimensional MFCC features and
their first and second order derivatives are extracted for each of the frames, thus making
up a 39-dimensional feature vector. A gender-independent universal background model of
1024 mixture components is built using the development data provided in the NIST 2003
database, and it is adapted to the train and test data to obtain sufficient statistics, as
proposed in [55]. The total variability matrix (T-matrix), which captures all the variability
in the data, is learnt from the development data, and is used to project the train and test
data to a lesser (400) dimensional space called the total variability space. These projections
are the identity vectors (i-vectors), which are compact speaker representations. Thus, we
have a train i-vector for each speaker and a test i-vector for each test utterance, and their
variability (speaker and channel variability) is compensated by applying linear discriminant
analysis (LDA) [56] and within-class covariance normalization (WCCCN) [57]. Scores are
obtained by cosine distance-based scoring, and if the score crosses a particular threshold,
the claim is accepted; otherwise, it is rejected.
Table 4.7 shows the SV performance of the baseline system, with the equal error rate
(EER) and the decision cost function (DCF) as the performance metrics. We notice that the
performance improves after compensation in all the cases, and the performance degrades as
the test utterance duration reduces.
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Figure 4.8: Block diagram of baseline i-vector system (taken from [7])
Table 4.7: Results of the baseline i-vector system on the entire 356-speaker NIST 2003
dataset using MFCC features for limited duration test segments.
Test
SV performance of the system
Utterance Without compensation With compensation
Duration EER(%)
DCF
EER(%)
DCF
10 sec
8.85
0.1620
5.80
0.1090
5 sec
13.91
0.2631
10.52
0.1977
3 sec
19.82
0.3662
16.94
0.3100
2 sec
25.38
0.4784
22.31
0.4128

4.6.2

Performance of DCTILPR features

The baseline system is rebuilt with the DCTILPR features, and Table 4.8 gives its SV
performance. The effect of compensation is seen more clearly than in Table 4.7, showing the
larger variability of the DCTILPR features. Comparing Tables 4.7 and 4.8, the DCTILPR
features do not perform as well as the MFCCs. This may be reasoned out to be mainly due
to the larger handset variability shown by the DCTILPR (inferred from Table 4.5), a part
of which may remain even after compensation.

4.6.3

Combination of MFCC and DCTILPR features

The baseline system is combined with the system with DCTILPR features at the score level,
as described by equation 4.5, except that the likelihoods are replaced by the cosine kernel
scores. Denoting the scores of the baseline (MFCC-trained) system, the DCTILPR-trained
system and the combination by SM , SD and SC respectively, we have
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Table 4.8: Results of the i-vector system on the entire 356-speaker NIST 2003 database using
DCTILPR features for limited duration test segments.
Test
SV performance of the system
Utterance Without compensation With compensation
Duration EER(%)
DCF
EER(%)
DCF
10 sec
24.93
0.45
13.91
0.25
5 sec
27.59
0.52
18.65
0.35
3 sec
31.84
0.58
22.13
0.41
2 sec
34.73
0.65
27.78
0.52

SC = αSD + (1 − α)SM

(4.6)

where α is again a scalar varying from 0 to 1. With the SC s obtained from Equation
4.6, the EERs and DCFs are computed for different test utterance durations, and are listed
in Table 4.9. Table 4.9 shows that the performance improves significantly over that of the
baseline for short utterances after fusion of the DCTILPR due to the additional speaker
information present in it, which is not captured by the vocal tract features. αopt varies
between 0.15 and 0.4 for different cases, which shows that the DCTILPR features must be
given a weightage in that range for optimal performance. It is observed that the improvement
in EER over the baseline is more and more pronounced as the duration of the test data
decreases (5.81%-5.33%= 0.48% in the 10 s case to 22.31%-17.71%= 4.6% in the 2 s case,
with compensation). Also, αopt increases as the duration of the test data decreases (0.15
in the 10 s case to 0.4 in the 2 s case, with compensation). Thus, the importance of the
source feature increases as the test data duration decreases. Figures 4.9(a) and (b) show the
plots of EER and DCF versus α for the 2 s case with compensation. We notice that the
performance improves and reaches a maximum at α = 0.4, thus showing that the VS-based
features can significantly improve the SV performance of the MFCC-trained system for short
test utterances.
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Table 4.9: Performance of the proposed i-vector system for short test segments on the 356speaker NIST 2003 database fusing DCTILPR and MFCC-trained classifiers at the score
level. Improvement of the performance metrics over the baseline system are also listed.

Test

Performance- proposed fusion system

Utterance

Without compensation

Duration

αopt

EER(%)

DCF

αopt

EER(%)

10 sec

0.25

7.90

0.1491

0.15

5 sec

0.30

12.20

0.2290

3 sec

0.30

16.98

2 sec

0.30

23.08

Performance improvement over baseline
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Figure 4.9: EER and DCF versus α for the fusion of the DCTILPR and MFCC-trained
classifiers on the 356-speaker NIST 2003 database.

Chapter 5
Conclusion and future work
A new non-parametric characterization of the VS by the DCT is proposed and explored.
The ILPR is used as an estimate of the VS, and, since the DCT is known to be sensitive to
start and end point shifts, the pitch synchronous DCT is used to characterize the VS. The
pitch synchronous DCT coefficients are interpreted as levels of the various harmonics of the
VS, and are used to test whether a speaker’s voice can be characterized by the harmonics of
the VS.
Visual observations of ILPR waveforms and the corresponding pitch synchronous DCT
coefficients show that the DCT coefficients indeed capture speaker information, with the
coefficients changing from speaker to speaker. An examination of the scatter plots of the
DCT coefficients reveals that the features cluster in multiple clusters for a single speaker,
showing that there is reasonable intra-speaker variability too. Nevertheless, an examination
of scatter plots for different speakers shows that the distribution of the DCT coefficients may
vary from speaker to speaker, and hence GMMs are used to capture this distribution.
By conducting SID experiments on TIMIT with the DCTILPR as the feature vector,
it is found that diagonal covariance matrices outperform full covariance matrices, a result
consistent with the findings of previous studies. It is also found that mixtures of 16 Gaussians
best capture the feature distribution.
SID experiments on the TIMIT and YOHO databases show that most of the speaker
information is captured in the first 12 DCT coefficients (6 harmonics) and 24 DCT coefficients
(12 harmonics) give the maximum accuracy. A visual observation of the reconstructed ILPRs
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by varying the number of DCT coefficients used for reconstruction shows that the gross shape
of the ILPR is captured by the first 16 DCT coefficients, thus conclusively showing that most
of the speaker information is contained in the gross shape of the VS. Surprisingly, it is found
that the very fine structure of the VS (captured by harmonics higher than the 12th ) does
not contain speaker information, but may instead lead to more confusion among speakers.
The SID performance of the DCTILPR is found to be comparable to the other proposed
VS-based features. On the YOHO database, the DCTILPR is found to perform better than
the state-of-the-art VS-based feature, namely the DSM glottal signatures. However, both
the DCTILPR and the DSM features are found to suffer from session variability. On the
NIST 2003 database, the DCTILPR is observed to provide significant supplementary speaker
information when combined with the MFCCs. However, it is also observed to suffer from
handset variability.
The DFT coefficients of the ILPR are also used as features for SID, and comparing its
performance with that of the DCTILPR, it is seen that the DCTILPR performs consistently
better than the DFTILPR, which indicates that there is significant speaker information in
the phase of the VS. But, the DCTILPR performing better than the DFTILPR even when
there is handset variability is counter-intuitive, and this issue needs to be examined in more
detail.
Considering short test utterances on the NIST 2003 database, it is shown that a combination of MFCC and DCTILPR-trained systems performs significantly better than the
MFCC-trained system, showing that the DCTILPR features can be deployed along with the
MFCCs in a realistic scenario where the test data is < 10s in duration.
The session and handset variabilities associated with the DCTILPR are its main shortcomings. However, they may be compensated to some extent using techniques like LDA and
WCCN, as shown by SV experiments on the NIST 2003 database. Of course, if a new feature is found that does not suffer from these variabilities, we do not need any compensation
techniques, but nature does not reveal itself so easily, and it is ideally towards this end that
speaker recognition research must advance.
The ILPR may have phonetic variability due to improper formant cancellations, and thus
a more sophisticated inverse filtering technique may be required. At the basic level, a formal
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speech science study on the ILPR and its phonetic variability is needed, which may lead to
an improved method of inverse filtering.
Though the proposed DCT-based characterization of the VS is motivated from the SID
perspective, it can be used to mine any other information, e.g, prosodic information, which
resides in the VS. Also, since it is a general characterization, it can be applied to studies/applications like speech synthesis, voice pathology, etc., where the VS is of use. Studies
which test the usefulness of the DCTILPR in these applications are needed.
Finally, the ‘different’ speaker information provided by the DCTILPR, which is not
present in the MFCCs, needs to be investigated in more depth. This may lead to more
insight into the basic question - where/what is speaker information in speech?

Appendix A
Interpretation of the DCT coefficients
as harmonics
Consider a single pitch period of length N of the ILPR shown in Figure A.1 (left panel),
denoted by v(n). Also consider its even symmetric extension shown in Figure A.1 (right
panel), denoted by ves (n). We have a relation between the N -point DCT of v(n) and the
2N -point DFT of ves (n) [58]. Specifically,

N −point DCT of v(n) = f irst N points of the 2N −point DF T of ves (n)
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Figure A.1: Relation between DCT and DFT of the even symmetric extension
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Now, the DFT coefficients of ves (n) are related to the discrete time fourier series (DTFS)
coefficients of its periodicized version shown in Figure A.2 (right panel) [58], denoted by
vesp (n). Specifically,

2N −point DF T of ves (n) = DT F S of vesp (n)
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Figure A.2: Relation between DFT and DTFS of the periodicized version
From Equations A.1 and A.2, we can see that the DCT coefficients of v(n) are the DTFS
coefficients, or in other words, harmonics of vesp (n). Though vesp (n) is not the actual VS,
it is derived from one period of the VS, and hence in this sense we can interpret the DCT
coefficients as representing the harmonics of the VS.

Appendix B
Resynthesis of the speech signal by
varying the number of retained DCT
coefficients of the ILPR
In section 3.3.2, we saw that the reconstruction of the ILPR gets closer to the original, as
the number (M ) of DCT coefficients retained for reconstruction is increased. To observe the
effect of changing M on the resynthesized speech signal, a similar experiment is conducted
by resynthesizing the speech signal by varying M .

B.1

Resynthesis of speech from ILPR by varying M

The ILPR is extracted from the speech signal, as discussed in section 3.2.3. Since the LP
coefficients are also obtained in the process of obtaining the ILPR, the speech signal can be
resynthesized.
The DCT coefficients of the ILPR are obtained pitch synchronously, and the ILPR is
reconstructed by varying M , as in section 3.3.2. Since, during analysis, the LP coefficients
have been obtained from three consecutive pitch periods of the speech signal, the DCT is
applied on three consecutive pitch periods of the ILPR. These three consecutive periods are
reconstructed by varying M , and they are forward filtered using the LP coefficients obtained
in the ILPR extraction process. Only the middle period of the resynthesized speech is
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retained, and the process is repeated, shifting the analysis frame by one pitch period.
For a TIMIT speaker, Figure B.-1 shows the resynthesized speech signals by varying M
in the range 10-60. The resynthesis error energy (REE) as a percentage of the original signal
energy is also given. It can be easily seen that the speech signal is resynthesized better, as M
increases. The resynthesized speech signal with M = 30 (Figure B.-1(c)) captures the gross
time-domain shape of the speech signal. However, for M > 40, the resynthesized speech is
almost the same as the original, showing that the higher coefficients capture the tiny detail
present in the high frequency components. This is reflected in the REE, which decreases as
M increases.

68B. Resynthesis of the speech signal by varying the number of retained DCT coefficients of the ILPR

0.03
0.02

Amplitude

0.01
0
−0.01
−0.02
−0.03
REE (% of signal energy) = 140.3734%
−0.04
1.92
1.93
1.94
1.95
4
Samples
x 10

(a) Speech signal (blue) and its reconstruction (red)
with the first 10 DCT coefficients of the ILPR

0.03
0.02

Amplitude

0.01
0
−0.01
−0.02
−0.03
−0.04
1.92

REE (% of signal energy) = 52.1767%
1.93

1.94
Samples

1.95
4

x 10

(b) Speech signal (blue) and its reconstruction (red)
with the first 20 DCT coefficients of the ILPR

0.03
0.02

Amplitude

0.01
0
−0.01
−0.02
−0.03
REE (% of signal energy) = 40.8185%
−0.04
1.92
1.93
1.94
1.95
4
Samples
x 10

(c) Speech signal (blue) and its reconstruction (red)
with the first 30 DCT coefficients of the ILPR

B.1. Resynthesis of speech from ILPR by varying M

69

0.03
0.02

Amplitude

0.01
0
−0.01
−0.02
−0.03
−0.04
1.92

REE (% of signal energy) = 37.1803%
1.93

1.94
Samples

1.95
4

x 10
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Figure B.-1: Voiced speech signal and its reconstruction from the truncated DCT of the
ILPR, for varying number of DCT coefficients retained. The resynthesis error energy (as a
percentage of the original signal energy) is also given.
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