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Abstract

In landmark-based speech recognition approach, acoustic-phonetic information is extracted
from the regions around certain landmarks. In a similar direction, a vowel-like region
(VLR) detection based approach is proposed in this thesis for phone recognition, where
VLRs are considered as landmarks. Vowels, semivowels and diphthongs are treated as
VLRs and the rest category of sounds as non-vowel-like regions (non-VLRs). Basic signal
characteristics of VLR and non-VLR are different. VLRs are used as carriers with one or
more non-VLRs supporting around them. The VLRs are produced by exciting the vocal
tract that has a wide open configuration or moderate constriction. On the other hand,
in the production of non-VLRs, the vocal tract has a narrow constriction or a complete
closure configuration. Hence, it is not proper to treat VLRs and non-VLRs in a similar

fashion by computing same set of features out of them.

In the first step, VLRs are detected by using excitation source and vocal tract system infor-
mation. Next, vowel-like and non-vowel-like sounds are recognized separately by exploring

different acoustic-phonetic features suitable for them.

Analysis of vocal tract constriction (VTC) is made for different sound units and an evidence
is extracted. The VTC evidence indirectly contains information about different cues in the
non-VLRs such as frication, burst, voice bar, etc. and therefore is useful for recognition
of non-VLRs. Similar acoustic-phonetic analysis is done for VLRs. Acoustic-phonetic
features related to vowel height, roundedness and frontness are analyzed and used for

vowel recognition.

Although VLRs and non-VLRs have different characteristic features, some portion of the
VLRs may be useful for the non-VLRs. For example, in stop consonant-vowel unit recog-
nition, the transition region has information about the stop consonant unit. Hence, apart
from VLRs and non-VLRs, the transition regions are also analyzed in this thesis. Impor-

tant acoustic cues such as, frication noise, and transient burst contain dominant aperiodic
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components. Source and vocal tract information are explored for the detection of such
dominant aperiodic component regions (DARs). Detected DARs and predicted transition

regions are used for the selection of non-VLR features around the VLR onsets and offsets.

The major contributions of this thesis are as follows:

e A method is proposed for improved VLROP and VLREP detection using Bessel fea-
tures. Another VLR detection method is explored using excitation source and vocal

tract system information in a statistical framework.

e Vocal tract constrictions are analyzed and a feature is proposed for recognition of

constricted phones.

e Vowel height, roundedness and frontness are analyzed and significance of the derived

features are shown in vowel recognition under limited training data condition.

e Dominant aperiodic component regions are detected using source and vocal tract
information, and duration of transition region is predicted using VT'C feature. The

significance of DARs and DTRs is shown in non-VLR recognition.
e A framework is proposed for recognition of phones present in syllable-like units using

VLR detection and acoustic-phonetic information.

Keywords: Acoustic-phonetic cues, Vowel-like region (VLR), non-vowels-like region (non-
VLR), Vocal tract constriction (VTC), Fourier Bessel transform (FBT), Duration of tran-

sition region (DTR), Dominant aperiodic component region (DAR).
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1. Introduction

Objective of the thesis

The objective of this thesis is to perform an acoustic-phonetic knowledge based phone recognition
using vowel-like region (VLR) detection. Vowels, semivowels and diphthongs are considered as VLRs
and all other sounds are considered as non-vowel-like regions (non-VLRs) [(1]. Thus VLRs and non-
VLRs form two broad categories of sound units. For human speech communication, most part of the
message is present in the non-VLRs. However, the non-VLRs are low energy, transient and noise-
like regions. Hence it is difficult to detect and extract features from them. Alternatively, VLRs are
high energy regions and are used as carriers for non-VLRs to perform human speech communication.
Human speech communication at distance is possible due to the VLRs acting as carriers to convey
message by placing one or more non-VLRs at the beginning and at the end. As a result, due to high
signal-to-noise ratio in VLRs, human speech communication is possible even in degraded condition
also. The objective of this work is to mimic this activity by detecting and recognizing the VLRs and
then using their knowledge for recognizing the non-VLRs present around them. This allows to treat
VLRs and non-VLRs separately as their basic production characteristics are different. Using different
set of features for the two categories rather than using the same feature set may provide improved

discrimination.

1.1 Overview of speech recognition

Automatic speech recognition is the process of conversion of speech signal into text. Phone recog-
nition is the front-end module for a speech recognition system. In this module, acoustic-phonetic
information present in the speech signal is captured and a sequence of phones is generated. There
are, broadly, two different approaches for speech recognition depending on the extraction procedure of
the acoustic-phonetic information, namely, the statistical approach and the acoustic-phonetic based
approach |2]. Statistical approach is the conventional way of automatic speech recognition and state of
the art speech recognition systems use this kind of approach [3]. In this approach, speech is processed
frame-wise and features are extracted from each frame to build statistical models of words or sub-word
units. On the other hand, in acoustic-phonetic based approach, relevant acoustic-phonetic features
are extracted from some specific regions. The regions are determined by identifying certain landmarks

or events [4], [5].
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1.1 Overview of speech recognition

We will give a brief overview of three types of systems for speech recognition, namely, conventional
speech recognition system, landmark based speech recognition system and event based consonant-
vowel unit recognition system. The first one uses a statistical modeling based approach, whereas, the

other two use the acoustic-phonetic based approach.

1.1.1 Conventional speech recognition system

Hidden Markov model (HMM) based system and its extensions are major statistical modeling
based systems in speech recognition. In these kinds of systems, speech patterns are used directly
without explicit determination and analysis of acoustic-phonetic based features. The approach has
two major steps, namely, training and decoding. A block diagram of such a system is shown in Figure
Training includes feature extraction and modeling. Feature extraction involves computation of
a sequence of features to represent a short frame of speech. Conventionally used features are Mel
frequency cepstral coefficients (MFCCs) along with their velocity and acceleration coefficients, and
perceptual linear prediction features. Feature extraction step also involves normalization of the fea-
tures. Cepstral mean subtraction and cepstral variance normalization are some of the well known
normalization techniques. Modeling involves building acoustic and languages models. Acoustic mod-
eling is used to represent the knowledge necessary for recognition of individual sounds involved in
speech. The knowledge regarding the combination of subwords or words to form the sentences is

represented by language models.

Training
Speech Feature Feature
Extraction | Vectors Modeling
Models
T_estmg_ - - - - - =
Message
Speech
Feature Feature _ Decoding

Extraction | Vectors =

Figure 1.1: Block diagram of conventional speech recognition system
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Feature extraction: Speech signal is captured through a recording device. Sampling and quan-
tization are performed for digital storing. Digitized signal still have redundant information for directly
using it in a recognition system. According to source-filter model, speech signal is produced by the
action of a time varying filter on a source signal [6]. The time-varying filter represents the effect of
vocal tract and the source signal represents the airflow at the vocal folds. For speech recognition,
essentially phone sequence needs to be recognized and phones mostly depend on the vocal tract shape.
Therefore, vocal tract related information is important feature for speech recognition. There are many
methods in the literature to obtain the vocal tract information from the speech spectrum. Linear pre-
dictive coding where vocal tract is modeled by an all-pole filter is one such approach. A modification
of linear prediction (LP) analysis was proposed by Hermansky [7], where an estimate of the auditory
spectrum was derived using concepts from psychophysics of hearing. The LP analysis involving the
psychophysical transformations is known as the perceptual LP analysis. Another approach for esti-
mation of vocal tract spectrum is by using cepstral analysis. It was shown that lower order elements
in the cepstrum vector provide a good approximation of the vocal tract filter [2]. To incorporate the
non-linear frequency resolution of human auditory system, cepstral coefficients are computed using
mel frequency scale instead of linear scale to obtain the MFCC features.

Modeling: After extraction of the features, the next task is to establish statistical representations
for the feature vectors. The process of establishing statistical representation is referred as acoustic
modeling. Large vocabulary of words are considered in modern speech recognition systems. It is not
possible to get enough examples for each word to build a model. So each word is represented in terms of
subword units of speech. Words can be built as a sequence of such sounds. Acoustic models for subword
units are built and recognition of words are done using pronunciation dictionary and language model.
Conventionally used subword units are phones and context dependent phones. Phones are the basic
units of sound and they have distinct acoustic and perceptual properties. Generally, phones are either
vowels or consonants. Due to co-articulation, production of each phone is influenced by the neighboring
phones. Context dependent phone models are used to capture such contextual information. Phones
are considered as separate units in the context of different neighboring phones and models for all
different context are built.

HMM is used for acoustic modeling. The emission probability density functions in HMMs were

initially modeled by using Gaussian mixture model (GMM). Later, hybrid artificial neural network
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(ANN)-HMM based system was introduced, where the posterior probabilities obtained at the output
of the multi layer perceptron based ANN system are considered as emission probabilities [8]. Deep
neural network (DNN) based posterior probability estimation has also become popular in the recent
past |9]. Language modeling is independent of the acoustic data and is required for characterizing and
computing the prior probabilities that are associated with the sequence of phones or words.
Decoding: Decoding is a search problem which depends on the acoustic model, pronunciation
and language model (LM). It is the process of finding the path (sequence of HMM states) that best
matches the feature vector. Viterbi algorithm along with the concept of dynamic programming is used
to search the optimal path. The LMs introduce some constraints for continuous speech recognition.

Complexity of the searching depends on the complexity of the LMs [6].

1.1.2 Landmark based speech recognition system

Statistical approaches for speech recognition implicitly acquire speech knowledge by training on
speech data. Statistical approaches are powerful in the sense that they can acquire speech specific
knowledge by automatic learning. But they fail in mismatch conditions. If the training conditions
are different to those of testing conditions, the results are poor. In adverse conditions, like noisy
or telephone speech, statistical approaches don’t give satisfactory results. So, there is a need to use
the speech specific knowledge explicitly from the speech signal. Many researchers have worked in the
knowledge based fundamental philosophy of speech recognition instead of the statistical based [4], [10],
[11], [5]. Figure|l.2|shows basic block diagram for landmark-based speech recognition system. Instead
of using a frame-based processing, it uses certain landmarks for searching distinctive features. In the
first step, landmarks are detected and next, the distinctive features are extracted from the vicinity
of the landmark. The landmarks and the distinctive features are then used to hypothesize the word

sequence.

Extraction of
distinctive
features

Word TeXt
identification

4

Speech | Landmark
—> .
Detection

Lexicon/
Language model

Figure 1.2: Block diagram of landmark-based speech recognition system
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Landmarks: Landmarks are those instances where acoustic manifestations of the linguistically
motivated distinctive features are most salient [4]. Speech recognition is done around the landmarks
rather than in between two landmarks. Four categories of landmarks were reported by Liu [4]. They
are, abrupt consonantal, abrupt, non-abrupt, and vocalic. Constrictions due to primary articulators
create abrupt changes in the acoustic signal. These instances at the consonant closures and consonant
releases are marked as abrupt consonantal landmarks. The action of the vocal folds and the soft
palate can also create abrupt changes in the signal. Such instances of changes are marked as abrupt
landmarks (e.g. voicing onset and offset). Non-abrupt landmarks are the acoustic transitions which
do not occur abruptly due to the formation of moderate constriction. The instant of maximum
constriction in producing a semivowel is one example of such landmark. A local minima in the first
formant (F7) provides the instant of such non-abrupt landmarks. Vocalic landmarks are present in the
vowels. At the vocalic landmarks, the vocal tract is wide open with a local maxima in both F; and
waveform energy. Similar landmarks were also used by Juneja et. al [5]. They proposed a probabilistic
framework for detection of the landmarks, such as, stop bursts, vowel onsets, syllabic peaks and dips,
fricative onsets and offsets, and sonorant consonant onsets and offsets.

Distinctive features: After detection of the landmarks, distinctive features are extracted from
those regions. Speech signal, at subsegmental level, is concisely described by distinctive features [4].
Speech acoustics and articulation have a direct relation to the distinctive features. Information about
the presence or absence of a set of distinctive features can distinguish each segment from all others
in a language. Each segment is represented as a vector of binary distinctive features such as, voiced/
unvoiced, highpass/ lowpass, spectrally compact/ spectraly defused etc. Some other consonant features
are sonorant, voiced, continuant, strident, palatal, labial etc. and vowel features are high, low, back,
advanced tongue root, etc.

In the system proposed by Liu [4], the landmarks and distinctive features are used to predict the
underlying sequence of segments. Finally, a dictionary matches the sequence of segments to a sequence
of words. This type of model for lexical access based on landmarks and distinctive features didn’t work
well because of pronunciation variability and lack of a probabilistic framework. A probabilistic frame-
work was proposed by Juneja et. al. for landmark based speech recognition [5]. The problem of speech
recognition was described as maximization of the posterior probability of sets of phonetic features rep-

resenting phones. Manner features represented by landmarks, and place and voicing features obtained
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using the landmarks were used as phonetic features. The features were detected probabilistically using

binary classifiers and used in the speech recognition framework.

1.1.3 Event based consonant-vowel (CV) unit recognition system

Event based CV unit recognition system for Indian languages uses a combination of both statistical
and knowledge-based approaches. It was shown that the region around the vowel onset point (VOP)
contains important information about the CV unit [12]. Therefore, in such systems, VOP event is
detected first, then, consonant and vowel are recognized by extracting features from the region around
the VOP.

Vowel onset point (VOP) detection: Vowel onset point (VOP) is the instant at which onset
of vowel takes place. There are many changes that occur at VOP. Vowels are produced with the
mouth wide open and consonants with a narrow or moderate constriction in the vocal tract. Due to
this nature of speech production, a sudden change of energy is observed at the VOP and vowel end
point (VEP). The characteristics of excitation source, vocal tract transfer function and modulation
components etc., change around these instants [13]. Some of the classical methods for VOP detection
include use of energy, zero crossing rate, pitch information, resonances in the spectrum [14] and neural
network models [12] etc. Some of the recent unsupervised methods for VOP detection include the use
of source information alone [1], and a combination of source, spectral peak and modulation spectrum
information [13}/15].

Recognition of vowel and consonant units: In the most recent VOP based system (as in [16]),
CV unit recognition is performed in two stages. In the first stage, the vowel is recognized, and in the
second stage, the consonant is recognized. Figure shows block diagram of a CV unit recognition
system for Indian languages. The consonant region to the left of VOP and transition region to the right
of VOP are used for consonant recognition. The region from the VOP to the end of uniform epoch
intervals is used for recognition of the vowel. In both stages, complementary evidences from HMM
and support vector machine (SVM) models are combined with appropriate weights. Evidences of
HMM and SVM models are combined to gain the advantages of sequential and distribution capturing
nature of HMM, and the discriminative nature of SVM to enhance the performance of CV recognition
system [16].

The two-staged system helps in many ways. The consonants and vowels can be treated separately.
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Sequential information is more helpful for vowel recognition. Hence, in the first stage, the output
of HMM is given more weightage than the SVM output. Similarly, the discriminative information is
helpful for consonant recognition. Hence, in the second stage, the output of the SVM is given more
weightage than the HMM output. Another advantage is that the models for the consonants can be
built using the knowledge of the vowel context. The CV units are grouped into different subgroups
depending on the vowel present in it and separate consonant models are built for different subgroups.
At the time of decoding, using the knowledge of the vowel recognized at the first stage, appropriate

consonant models are chosen for consonant recognition.

Consonant
HMM for Feaures HMM for
Vowel > Vowel » Consonant
Feaures Recognition Recognition
Speech .. .
. Decision Decision CVv
—>| VOP Detection Logic M Logic > label
SVM for J SVM for j
> Vowel > Consonant
Vowel Recognition Recognition
Feaures Consonant
Feaures

Figure 1.3: VOP based CV unit recognition system for Indian languages

1.2 Motivation for vowel-like region based approach

In accordance with the modulation theory of speech, the speech signals are regarded as the result of
a process in which a carrier signal has been modulated with conventional linguistic speech gestures |17].
For the perception of different types of information in speech, a demodulation is necessary by the
listeners in order to be able to separate the message from the carrier |[18]. The modulation due to
tongue body movement in the production of vowels is slower than the modulation that represents the
consonants. Therefore, some study considered a string of vowels as the carrier signal that is modulated
by consonants [19]. An attempt to recognize the phone sequence by anchoring the carrier-like VLRs
will be similar to the effort of demodulating the carrier signal in human perception. Moreover, most
of the message part is contained in the non-vowels which are carried by the VLRs. Figure shows a

speech signal from Hindi broadcast news database for the utterance “namaskaar is buletin ke mukhye
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samachaar”. Transcription along with the VLR boundaries (with boxes) are also shown. Phone
sequence for VLRs and non-VLRs can be written separately as “aaaar ulei e ye aaaar” and “nmsk s
btn k mkh smch”, respectively. By reading the two sequence of sounds, it can be easily concluded that
reconstruction of the original message is easier from the non-VLR sequence. However, from the signal
point of view, VLRs are very important, because, they are high energy region and contain information
about the VLRs as well as adjacent non-VLRs. That is why human communication is robust to noisy

conditions. Localizing speech recognition process around the VLRs mimics this activity and hence,

n|kaH kh Hs|m’¥’ch ’aa|r'

can be beneficial compared to existing techniques.
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Figure 1.4: Speech signal as a sequence of VLR and non-VLRs. VLRs are shown by making boxes.

From the figure it is seen that VLRs are mostly high energy regions and most of the energy is
present in the low frequency. Spectrum in VLRs are slowly varying with time. On the other hand,
non-VLRs are relatively low energy regions and most of the energy is present in the high frequency.
Spectrum in non-VLRs are varying faster compared to VLRs. In conventional speech recognition
system, feature extraction is carried out for a 20-30 ms block of speech and all sound units (phones
or vowels and consonants) are treated as same. MFCCs are expected to capture all production and
acoustic information of a sound unit. However, the nature of different sound units are different. Basic
production mechanism of vowel-like sounds and non-vowels is different. Hence, same set of features
may not be able to capture all information related to VLR and non-VLR sounds. Prime motivation

of this thesis is to treat different types of sound units separately depending on the basic production
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mechanism in the context of speech recognition for Indian languages. Production-wise there are two
basic production mechanisms. These are, production of VLRs with a relatively open vocal tract
configuration and the non-VLRs with a relatively close vocal tract configuration. Treating these two
categories of sound units separately will lead to exploration of different acoustic-phonetic features
suitable for them.

These facts motivate us to explore an approach based on VLRs segmentation and acoustic-phonetic
analysis. This approach is in similar direction to the landmark based and the event based approaches.
Figure shows the block diagram of VLR detection based framework. First, VLRs are detected
by detecting the VLR onset points (VLROPs) and VLR end points (VLREPs). Then, VLRs are
recognized by extracting features from the region between the VLROP and VLREP events. The non-
VLRs are recognized by extracting features from the region around the events. Finally, recognized
VLRs and non-VLRs are combined to produce the phone sequence. This framework makes use of both

knowledge based and statistical approaches.

] ' VIR s |
VLR selection VLR specific 1l
: i ! Features >
Speech . l ' ' i Phones
: : : C Output
' ¢ non- ' Combination >
E non- : VLRS i | nonVLR specific |t >
! VLR selection | s : Features v
:  Event Detection ! ' Recognition

Figure 1.5: Block diagram of VLR detection based framework for phone recognition

1.3 Organization of the thesis

The rest of the thesis is organized as follows: Chapter [2|reviews the literature related to the thesis
work. Acoustic-phonetic cues important for phone recognition are presented. Implicit and explicit use
of acoustic-phonetic knowledge by different speech recognition approaches are reviewed. Advantages
and disadvantages of different speech recognition approaches are discussed and a framework is proposed
for VLR detection based phone recognition.

In Chapter [3] VLRs are analyzed, as the first step in the proposed framework is to detect the
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VLROPs, VLREPs and the VLRs. The chapter deals with three issues related to VLRs detection.
The first issue is the difficulty involved in the manual marking of VLROPs in case of voiced aspirated
sounds of Indian languages. A method is proposed to manually mark the VLROPs in voiced aspirated
case using electroglottograph (EGG) signal. VLROP and VLREP detection should be accurate, as
the non-VLRs recognition is carried out by anchoring these two events. A method is proposed to
derive an evidence from the Bessel feature. The evidence is added to some of the existing evidences
for VLROP and VLREP detection, and an improved detection is achieved. The third issue is related
to the limitations of existing excitation source based VLR detection methods. The spurious and
miss detections occur due to lack of vocal tract information. We try to improve the VLR detection
performance by using both source and vocal tract features in a SVM framework.

Vocal tract constrictions (VTC) are analyzed in Chapter A method is proposed to approx-
imately predict the amount of VTC using zero frequency filtering (ZFF). VTC evidence is used as
an additional feature for the recognition of constricted (or non-VLR) sounds in a phone recognition
system. In case of vowels, the proposed evidence represents vowel height. Vowel roundedness and
frontness are also analyzed and features representing these two parameters are extracted. These fea-
tures related to vowel height, roundedness and frontness are used for vowel recognition in limited
training data condition.

Chapter 5| describes a method to detect the dominant aperiodic component regions (DARs) and
to predict the duration of transition regions (DTRs). Source and vocal tract information is used to
detect the DARs. Sub fundamental frequency filtering is performed to extract the source information
and dominant resonant frequency (DRF) and high to low frequency energy ratio (HLFR) computed
from Hilbert envelope of numerator group delay spectrum (HNGD) of zero time windowed speech are
used as vocal tract information. VLR information is used to refine the DARs detection performance.
DTRs are predicted using the vocal tract constriction information. High constriction is mapped to
short duration and vice-versa. Detected DARs and predicted DTRs are then used in the recognition
of obstruent sounds. Usually, consonant in a CV unit is recognized by extracting features from 40
ms region on either side of the VLROP. However, fixed 40 ms region may not be optimal in both the
cases. Improved recognition performance is achieved when consonant onsets are refined using DARs
information and predicted DTRs are used instead of fixed length transition regions.

Chapter [6]describes the proposed phone recognition framework using VLR detection and acoustic-
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phonetic knowledge. Different acoustic-phonetic information extracted in the previous chapters are
used in an unified framework. Issues related to acoustic-phonetic based speech recognition is presented
and the framework to address these issues is proposed. The framework allows us to treat VLRs and
non-VLRs separately and also to use different types of non-VLR specific information at different stages
of the recognition process. Non-VLR specific information is used in two stages. In the first stage,
VTC feature is used for all non-VLRs and then, nasals are separated from the obstruents. In the
second stage, obstruents specific information is used only for the obstruents recognized at the output
of the first stage. The chapter also presents the issues in the proposed framework and highlights some
possible future work to remove these issues.

A summary of the present work is given in Chapter [7| by listing some directions for future research

in the area of VLR based acoustic-phonetic analysis for phone recognition.

TH-1618_11610209

12



Acoustic-Phonetic Analysis for Phone

Recognition - A Review

Contents
2.1 Inmtroduction . . . . . . . . . i i i i it e e e e e e e e e e e e e 14
2.2 Acoustic-phonetic Analysisof Speech . . ... ... ... .......... 16l
2.3 Implicit acoustic-phonetic knowledge . .. .. ... .. ... ........ 25]
2.4 Explicit acoustic-phonetic knowledge . .. ... ... ... ......... B1
2.5 Organization of the work . . . . . . . . . . . . o i it e

TH-1618_11610209

13



2. Acoustic-Phonetic Analysis for Phone Recognition - A Review

Objective

This chapter reviews the literature related to the acoustic-phonetic analysis of speech and the speech
recognition approaches that use the knowledge of these analysis. At first, acoustic-phonetic cues that
are important for recognition of different sound units are presented. These include description of
the acoustic-phonetic events, literature related to analysis and automatic detection of the events, and
significance of the events in phone recognition. This is followed by discussion on different speech
recognition approaches and the literature related to the use of acoustic-phonetic knowledge by these
approaches. Finally, different approaches are compared and a Vowel-like region (VLR) detection based
framework is proposed for phone recognition. For a complete speech recognition system, both acoustic
and language modeling are essential. In the proposed framework, the focus is only on acoustic modeling

using VLR and non-VLR specific acoustic-phonetic features, and decoding phone sequences.

2.1 Introduction

Phone recognition is the process of conversion of speech signal into a sequence of symbols or phones.
It is the front-end module of automatic speech recognition (ASR). In order to make a proper phone
recognition system, the basic production knowledge must be integrated into the system. Acoustic
phonetics is the study of acoustic characteristics of speech containing information about production
knowledge. Speech production mechanism in human involves two aspects, one is the source which is
mainly the vocal cords and the other is the vocal tract system. Articulators in the vocal tract are
moved to give various shapes and at the same time, the state of vocal cords is changed with respect to
time to produce a sound or sequence of sounds [20]. Due to this nature of speech production, speech
signals have dynamically varying temporal as well as spectral characteristics [21].

VLRs containing vowels, diphthongs and semivowels, have this varying characteristics for a rel-
atively longer period of time. In case of non-vowel-like regions (non-VLRs) containing nasals and
obstruents, the spectral characteristics vary within a time window of a few milliseconds. In ASR, lack
of their knowledge creates confusion among different types of broad phonetic classes such as stops,
fricatives, affricates, nasals, semivowels etc. and also among the phones within a particular broad
phonetic class.

Table shows an analysis of confusions in the decoded output of a phone recognizer built using

conventional HMM and MFCCs based system [22], [23]. TIMIT database ( [24], |25]) and HTK toolkit
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Table 2.1: Confusion matrix (all in percentage (%)) among different broad phonetic classes computed at the
output of a conventional (MFCC and HMM based) phoneme recognizer.

Vowels | Semivowels | Nasals | Stops | Fricatives | Affricates
Vowels - 1.57 0.25 0.37 0.45 0.04
Semivowels 5.72 - 0.59 0.63 1.96 0.20
Nasals 1.51 0.69 - 1.94 1.80 0
Stops 0.57 0.32 0.77 - 5.28 0.81
Fricatives 0.74 0.45 0.34 3.21 - 1.19
Affricates 0.39 0 0 5.79 11.97 -

Table 2.2: Confusion matrix (all in percentage (%)) among different stop consonants computed at the output
of a conventional (MFCC and HMM based) phoneme recognizer.

[p] [¢] K | [b] | [d | [g
Pl | - | 512 | 1.36 | 3.34 | 0.31 | 0.42
[t] | 226 | - | 2.89 | 0.28 | 3.46 | 0.99
k] | 099 | 409 | - | 0.06 | 0.50 | 4.52
bl | 959 | 045 | 0.34 | - | 2.37 | 0.90
[d | 023 | 513 | 050 | 0.18 | - | 2.24
lg] | 053 | 093 | 7.95 | 0.79 | 2.78 | -

are used to build the system [26]. It can be seen that there are confusions among the broad sound
categories, even though production mechanisms are quite different. Fricatives are seen to be confused
with the stop consonants. The distinctive acoustic-phonetic cue in case of these two broad categories
is the presence or absence of burst region. In stops, there will be a sudden release of air flow in the
vocal tract after a closure period which can be seen as a burst region in the acoustic signal. There is
no such burst region in fricatives.

Table shows similar confusions among different stop consonant units. There is confusion be-
tween voiced and unvoiced sounds and also among different places of articulation. The distinctive cue
that differentiates the voiced sounds from the unvoiced (or voiceless) sounds is the presence of voicing
information [27]. voice onset time (VOT) is another clue to discriminate between voiced and unvoiced
stops. Similarly, there are some other cues which are useful in distinguishing the sounds with different
place of articulation. Such knowledge of the acoustic-phonetic cues can be used for characterizing the
sound units and the confusions at the output of the phone recognition system can be reduced.

Speech recognition systems explicitly or implicitly use the production knowledge [2]. There are
mainly two speech recognition approaches in the literature. The first one is the statistical approach for

speech recognition. This approach implicitly uses the acoustic-phonetic information by using different
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machine learning algorithms. Capturing detailed acoustic-phonetic cues is still a challenging task as
these statistical systems are mostly data driven. The second approach is the knowledge based approach
which explicitly uses the acoustic-phonetic knowledge. This is a segmentation based approach, where
distinctive acoustic-phonetic features are extracted around certain landmarks or events in the speech
signal. However, limitations of such systems are inaccurate detection or segmentation of different
landmarks and lack of an efficient framework to use the acoustic-phonetic knowledge captured by the
signal processing algorithms.

This chapter aims at presenting a review of different types of acoustic-phonetic knowledge. A
description of different acoustic-phonetic cues are demonstrated and signal processing methods for
detecting these cues are reviewed. The review is presented from a point of view of using the acoustic-
phonetic knowledge in each of the two speech recognition approaches. The rest of the chapter is orga-
nized as follows. Section demonstrates a review of analysis of different types of acoustic-phonetic
knowledge. Section describes the literature related to implicit acoustic-phonetic knowledge used
in statistical approach of phone recognition. Section reviews the work related to explicit acoustic-
phonetic knowledge based phone recognition systems. In section a discussion on different speech

recognition frameworks is presented with an outlook to a future research direction.

2.2 Acoustic-phonetic Analysis of Speech

The movement of the articulators during speech production are captured as pressure variations in
the speech signal. Speech can be described as a sequence of these articulatory events and acoustic-
phonetics deals with distinguishing these articulatory events in the acoustic signal [27] [28]. The
articulatory events are reflected in the acoustic signal as the acoustic events. One or more acoustic
events form an acoustic-phonetic segment. A phonetic unit or phone is composed of one or more
acoustic-phonetic segments [21]. In this section, acoustic-phonetic events and the literature pertaining

to the signal processing algorithms used to study these events are illustrated.

2.2.1 Voiced/ unvoiced information

Presence of voicing is determined by the periodic glottal vibration. VLRs are produced with sig-
nificant glottal activity and among the non-VLRs, nasals, closure of voiced stops and voiced fricatives
fall under voiced category. For voiced speech, major source of acoustic energy are the glottal pulses.
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On the other hand, unvoiced speech is produced with no glottal activity and major source of acoustic
energy is the constriction resulting in a burst or frication.

There are mainly three types of approaches in the literature for glottal activity detection. They
are time-domain, frequency-domain and statistical approaches. In time-domain and frequency-domain
approaches, acoustic features representing the production characteristics of voiced speech were mea-
sured. Parameters such as short term zero crossing rate, the first linear prediction (LP) coefficient,
autocorrelation coefficient at the first lag, long-term normalized autocorrelation peak strength, nor-
malized LP error, harmonic measure from the instantaneous frequency amplitude spectrum, cepstral
peak strength, normalized low frequency energy were used to measure some production characteristics
related to energy, periodicity and short-term correlation [29], [30], [31]. Most of these methods rely
on threshold setting which are very critical in detecting glottal activity.

Statistical methods using Gaussian mixture models (GMM), HMM or artificial neural network
(ANN) models were used to combine evidences from multiple features [32]. Disadvantage of statistical
methods is that the performance is poor in case of mismatched training and testing conditions, specially
in noisy conditions. In [33], a method was proposed using robustness of voiced epochs obtained using
zero-frequency filtering (ZFF). The method was found to be robust to different noise degradations. The
ZFF based method uses only the strength of excitation aspect of speech. A recent method ( [34]) uses
different attributes of glottal activity, namely, periodicity, asymmetrical nature, and their combination
with strength of excitation. This method used ZFF and integrated linear prediction residual and was
found to be an improved one.

In all these methods, the glottal activity is properly detected whenever it is significant or in other
words, whenever the energy in the voiced region is high. Voicing regions with weak glottal activity
such as the voice bars and weak nasals are difficult to detect. To detect such regions, parameters such
as LP residual to signal ratio, low to high order residual energy ratio, strength of excitation, ZFF
signal to speech energy ratio, dominant resonance frequency obtained from group delay spectrum,
normalized dominant resonance strength etc. were used in [35]. A method to combine all these
features for detecting all voiced regions, including the nasals and voice bars can be more useful for
better characterization of voicing information.

In phone recognition, voicing information is very useful. Almost all stops and fricatives have

both voiced and unvoiced sounds [27]. Such sound pairs with exactly the same place of articulation
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are very confusing. All these parameters representing the voicing information can be very helpful in
reducing the voiced-unvoiced confusion among the similar phonetic units. Voicing information from
the excitation source signal was used for refining manner hypotheses of a phone recognizer and an

overall improvement of 7 % was reported in detection of the manner hypotheses [36].

2.2.2 Degree of constriction

Constriction, also called as stricture, is the degree of opening between two articulators. When the
mouth is wide open, it is said to have no constriction. Low vowels are produced with wide open vocal
tract configuration. The mouth is completely closed for closure period of stop consonants and nasals.
This configuration is also called as zero stricture. Fricatives are produced with a narrow constriction.
The stricture in fricatives is wider than zero stricture. Glides and high vowels are produced with a
moderate constriction. They have wider stricture than fricatives.

VLRs are produced with moderate constriction or wide open vocal tract configuration, where as,
non-VLRs are produced with complete closure or narrow constriction in the vocal tract. In literature,
segmentation task related to constriction is done in terms of VLRs and non-VLRs. In [37], a method
was proposed to extract the VLRs from speech. The same was later modified to detect non-VLRs
as well in addition to improving the performance of VLRs detection [1]. In [38], an approach using
HMM was proposed to remove the spurious VLRs detected by the excitation source information. All
these methods classified speech into constricted (non-VLRs) and unconstricted (VLRs) regions. The
information regarding amount of constriction is not provided by them.

Amount of vocal tract constriction information can be helpful in phone recognition, because it is
related to some important acoustic phonetic cues such as voice bars, unvoiced closure, burst, frication
etc [27]. Complete closure with glottal vibration in the vocal folds is voice bar. If there is no glottal
vibration, then it is a unvoiced closure. Complete closure leads to pressure built up behind the
stricture. When the closure is released, the pressure comes out in the form of burst and aspiration.
Thus a complete closure is always followed by a burst and aspiration. Random noise in the frication
region is due to the narrow constriction in the vocal tract. Degree of constriction in vowel can

determine the vowel highness, thereby decreasing confusion between the high and low vowels.
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2.2.3 Formants and formant transitions

Sounds have acoustic resonating frequency depending upon the shape of vocal tract. Resonating
frequencies are called as formants. The shape of the vocal tract resonator can be approximated to a
uniform tube while producing the vowel schwa. While producing this vowel by an adult male with
vocal tract length 17 cm, will have first (F}), second (F») and third (F3) formants around 500 Hz,
1500 Hz and 2500 Hz, respectively. Any constriction or opening in the vocal tract will change the
formant frequencies for the same speaker. Different vowels are produced by making different shapes
in the vocal tract and hence, the formant structure will be different from one vowel to the other.
Formant transitions are present in the transition region between consonant and vowel and also among
the vowels while producing diphthongs and triphthongs. Consonants are produced in different places
of articulation with different degree of constriction. Formant contour from the consonant to the vowel
will be different depending upon the nature of the consonant [27].

In the literature, there are many methods for formant estimation. General procedure for formant
estimation is by estimating the spectrum and then tracking the formants. The classical methods
for spectrum estimation include the methods based on LP analysis and cepstrum analysis [20]. The
peak locations in the spectrum correspond to the formants. The smoothed spectrum usually contains
spurious and merged peaks. To deal with such cases, there are a variety of approaches in the literature
for formant tracking [39], [40], [41], [42], [43]. These methods mostly rely on using each pair of
complex roots for finding formant frequency and bandwidth. Disadvantage of root finding algorithms
is that formant frequencies and bandwidth estimation is possible only for complex-conjugate poles.
Peak picking methods fail due to merged formants and spurious peaks. To avoid such problems, a
method was demonstrated by modeling speech spectrum with a set of digital resonators connected in
parallel [44]. Another method for formant tracking was demonstrated using inverse-filter control [45].

All the methods mentioned above use window size of 20-30 ms for estimating the spectrum. How-
ever, to minimize the source information, the formants should be estimated from short segment of
speech. Analyzing speech using a very short duration window smears information in the frequency
domain. In all-pole model [46], if size of the window is small, autocorrelation coefficients are not
estimated properly which affects the linear prediction coefficients. An attempt to remove the effect of
pitch period on the vocal tract system response is made in TANDEM-STRAIGHT [47], but it is based

on averaged spectral characteristics over the duration of the analysis segment. A recent method uses
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a highly decaying window to multiply with the speech signal followed by group delay processing [48].
The Hilbert envelope of the numerator group delay coefficients (HNGD) gives good estimate of the
spectrum for very short segment of speech, but the dynamic range of the estimated spectrum is very
large. All of these spectrum estimation methods rely on the use of sinusoidal basis functions. The basis
functions in Fourier Bessel transform (FBT) are damped sinusoids and are better representatives of
speech signal [49], [50], [51], [52]. Hence, using the FBT for formant estimation can be a good choice.

Formants mostly contain information about the vowels, diphthongs and semivowels. Therefore,
formants are useful for VLR recognition. Transition region is part of the VLRs, but they are useful for
non-VLRs recognition also. The formant transition contains important information regarding place of
constriction |27]. In consonant-vowel unit recognition, the consonant features were extracted from the
consonant as well as the transition region [53], [12]. Forty milliseconds region after the vowel onset
point was considered as transition region. However, duration of transition region may vary depending
upon the type of the vowel that follows the consonant [54] and hence, use of variable duration transition

region may be more useful for consonant recognition task.

2.2.4 Burst and voice onset time

During the production of stops and affricates, the vocal tract is completely closed creating a
pressure build up behind the closure. Closing the vocal tract creates silent interval for unvoiced
sounds and a low level signal for voiced sounds. When the pressure is released suddenly, a relatively
high energy transient or burst appears in the acoustic signal. The time interval between the onset of
burst and the onset of voiced region in a stop consonant unit is known as voice onset time (VOT) [21].
In unvoiced sounds, a burst occurs before the onset of voiced region and hence, VOT is a positive
value. On the other hand, in voiced sounds, onset of voiced region occurs prior to burst, hence, VOT
is negative. A positive VOT is called as VOT lag and a negative VOT is known as VOT lead.

Efforts have been made in the literature for detecting the burst onsets and the VOTs. An acoustic
measure computed using the degree of abruptness in energy difference between appropriately located
frames was demonstrated for detecting bursts present in stop consonants [55]. They used it in a
fuzzy rule-based classifier.The rate-of-rise of energy across appropriately located frames in six specific
frequency bands was used by Liu [56]. A threshold based logic was used to detect the stop-burst

landmarks. Short-time energy, and MFCCs along with its velocity and acceleration coefficients (39
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dimensional) was used as feature for training neural networks by King and Taylor [57].

Hou et al. used a number of spectral as well as temporal features such as energy ratios, zero-
crossings, LP coefficients etc. as input to multi-layer perceptron and Bayesian classifier to detect the
stop consonants [58]. A random forest classifier to train a two dimensional cepstrum based features
was used for detecting burst-onset landmarks [59]. Niyogi et al. used support vector machine (SVM)
classifier and three energy measures, namely, log total energy, log of energy above 3 kHz and Weiner
entropy as features for detecting stops [60]. The same features were later used with an optimal adaptive
filter consisting of 33 parameters to improve the detection [61]. Jayan and Pandey used smoothed
log magnitude spectrum (256 coefficients) and rate of change of components of GMM to detect stop
consonants [62].

All the above mentioned methods basically use spectral and temporal features extracted from the
speech signal around the closure-burst transition for detecting the burst onsets and stop consonants. A
recent method proposes two temporal features, namely the plosion index and the maximum value of the
normalized cross-correlation computed between two successive inter epoch intervals and a rule-based
classifier for the detection of the closure-burst transition [63]. For VOT detection, detection of both
burst-onset and voicing-onset are required. For detection of the onset of voicing, methods based on
periodicity in the acoustic waveform and the spectrographic analysis were used [64]. Spectrographic
analysis include detecting onset of visible energy in the first formant [65] or higher formants [66].
Problem with these measures is that in case of very low signal energy, the glottal activity information
is in very low frequency region compared to other frequencies. The effects of block processing limit the
visibility of formant features in the spectrographic analysis. In case of voicing in aspirated region or
in presence of noise, it is difficult to detect the low energy voice-bars. To overcome these difficulties,
Chetana et al. proposed a non-spectral method for VOT detection in case of unvoiced stops using
Fourier Bessel transform [67].

VOT detection is based on burst onset and voicing onset detection. In case of voiced stops, voicing
onset is the onset of the voice bar region. Energy in the voice bar region is very small and the burst
region overlaps with the glottal activity. Therefore, it is difficult to detect these two parameters in
case of voiced stop compared with the unvoiced stop where burst follows a silence region and the
voicing onset is the onset of the high energy vowel region. Yegnanarayana et al. used excitation based

non-spectral processing of speech for extracting information about the manner of articulation for the
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estimation of VOT and burst duration in case of both voiced and unvoiced stops [68]. The excitation
based parameters were derived from very low frequency information in the signal and the normalized
error computed from the LP residual. The method helps to mark the VOT region manually, but is
not possible to detect automatically. A recent method uses recurrent neural network to model the
dynamic temporal behavior of speech signal for detecting both, VOT lag and VOT lead [69],

VOT contains useful information about place of articulation as well as manner of articulation
of the consonants. Nature of the VOT (lag or lead) can indicate the difference between voiced and
unvoiced stops. The VOT value can be a indication of the place of articulation. VOT is less for
bilabial place of articulation and gradually increases towards the velar stops [68]. For the same place
of articulation, VOT is less for unaspirated sounds (5 - 35 ms) compared to aspirated counterparts
(40 - 100 ms) [67]. In case of most of the Indian languages, all four types of place of articulations
(bilabial, dental, alveolar and velar) having both aspirated and unaspirated versions exist for the stop
consonants causing lots of confusion among the similar sounds in the phone recognition process. If

detected accurately, VOT information can play a very important role in eliminating such confusions.

2.2.5 Vowel onset and offset points

Vowel onset point (VOP) is the instant at which the vowel starts. It is the start of the first glottal
cycle in the vowel region. Similarly, vowel offset or end point (VEP) is the instant at which the vowel
ends. There are many methods in the literature for detecting VOP and VEP. Compared to VOP, the
task of detection of VEP is more recent. Some of the classical methods for VOP detection include use
of energy, zero crossing rate, pitch information, resonances in the spectrum [14] and neural network
models [12] etc. Some of the recent unsupervised methods for both VOP and VEP detection include
the use of source information alone [1], and a combination of source, spectral peak and modulation
spectrum information [13,/15]. In all the methods in the literature, the difficulty in detection is for the
semivowels and voiced aspirated sounds of Indian languages [70] [13]. Compared to VOP, detection
of VEP is a difficult task, because the energy variation in case of VEP is not sharp in the vowel to
consonant transition unlike the consonant to vowel transition in case of VOP present in CV units.

Both VOP and VEP are important events and are used in many applications such as speech
recognition for Indian languages [12], speaker verification for degraded speech [1] etc. Left side of the

VOP is the consonant region and right side is the transition region. So region around VOP is very
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important for consonant unit recognition. CV unit recognition systems for Indian languages are VOP
based. First VOPs are detected, then region around the VOP is used for recognition of the consonant

region, and the region starting from the VOP to end of the vowel is used for vowel recognition [12], [53].

2.2.6 Nasalization

In the production of some sounds, vocal tract is completely closed and air is allowed to pass
through the nasal cavity. The velopharyngeal port is opened and nasal cavity is connected to the
pharyngeal-oral tract. Resonances due to nasal cavity are seen in the spectrum. In case of nasalized
vowels, air escapes both through nose as well as mouth. A resonance around 300 Hz is produced when
the oral cavity is completely closed (eg. velar nasal). When both oral and nasal cavity are opened,
the resonance is shifted to around 250 Hz. Nasal cavity introduces other resonances around 1, 2, 3
and 4 kHz. These resonances may be shifted sometimes due to oral coupling [71]. The oral cavity also
introduces anti-resonances at around 800 Hz and 1 kHz for /m/ and at 1.8 kHz for /n/.

Automatic detection of the anti-resonances is very difficult. Therefore, in literature, detecting
nasality relied mainly on detecting the resonance at 250 Hz using robust formant extraction algorithms.
Acoustic correlates of vowel nasalization is seen in the first formant. A nasalized vowel has a reduced
amplitude, increased frequency and bandwidth of the first formant compared with its non-nasalized
counterparts [72], [71]. Introduction of additional pole-zero pair introduces a secondary spectral peak
[72]. A set of acoustic features were used for automatically detecting the nasalized and non-nasalized
vowels in [73]. The acoustic features were derived from the center of gravity of spectrum in the low
frequency region and the extra resonance present near the first formant.

The difference between the amplitudes of first formant (A;) and first harmonic (H;) was proposed
as a correlate to the perception of nasality [74]. This measure captures the relative amplitude decrease
of the first formant. Another measure using spectral flatness in the low frequency region was introduced
as a feature related to perception of nasalized vowels [75]. Dhananjaya [76] used a number of acoustic
features for identifying the nasal murmur. The features include strength of excitation, zero frequency
filtered signal to speech signal energy ratio, residual to signal energy ratio, low to high-order residual
energy ratio, dominant resonance frequency and its strength etc. |[76]. Both knowledge based detection
and neural network modeling based detection were carried out to separate nasals from non-nasal

regions.
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Spectral features representing nasalization can be very useful in phone recognition. An accurate
detection of nasalized vowel can improve the recognition performance of the nasal attached as onset
or coda. Detection of nasalization can decrease confusion between nasals and semivowels. Similarly,
detection of nasalized vowels can decrease confusion between nasalized and non-nasalized vowels.
In [77], a method based on cepstra derived from the product spectrum was developed for the detection
and classification of nasalized vowels with varying degree of nasalization. Derived features were able

to classify with better accuracy than the MFCCs.

2.2.7 Frication

While producing some consonants, the vocal tract forms a narrow constriction resulting in a
turbulent airflow through the small opening. Such noise-like turbulent airflow is called frication.
Depending upon the place of constriction (labiodental, linguadental, alveolar, palatal) and mode of
vocal folds, there are different types of fricatives. Alveolar and palatal fricatives are called sibilants
and other two are called non-sibilants. Sibilants are produced with higher intensity compared with
non sibilants.

Literature related to the analysis of fricatives involves detection of frication regions and classi-
fication of different fricative classes. Zero crossing rate is a usual parameter for voiceless frication
detection which was used for building system to aid people with hearing impairment [78]. In 79|, fea-
tures extracted from LP spectrum were used for detection and classification of fricatives and plosives.
Attempts to detect frication onset and offsets were made while studying landmark based acoustic-
phonetic labeling [80] [10]. There are some other studies which are focused on classification of fricatives
using voicing information and place of articulation information [81], [82], [83]. Most of these studies
are based on features derived from the filter-bank representation incorporating non-linear effects, au-
ditory effects, saturation, forward masking, short-term adaptation, synchrony detection etc. Recent
methods explored excitation source and vocal tract system related acoustic features for segmentation
of non-voiced regions and then separating frication region from silence and background noise [76].

Detection of unvoiced fricatives is relatively easier compared with the voiced fricatives. Accurate
detection of voiced fricative will lead to reduced confusions between voiced fricative and low energy
sonorants such as semivowels, nasals etc., in automatic phone recognition. Acoustic phonetic features

related to different fricative classes are helpful in reducing confusion among the fricative classes.
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In [76], acoustic-phonetic information for fricatives was used in phone recognition. Percentage of
unvoiced fricatives detected as voiced is reduced from 22% to 11%, and errors due to other unvoiced
phones which are detected as unvoiced fricative reduces from 7.6% to 4.5%.

In this section, literature related to different types of acoustic-phonetic knowledge is described. In
the following sections, we review the implicit and explicit use of acoustic-phonetic knowledge in phone

recognition.

Table 2.3: Summary of different types of acoustic-phonetic information used for phone recognition

Acoustic-phonetic Application Performance Database
information improvement (% Acc)
Voiced/ Unvoiced [33] Refining manner hypothesis 6.90
Burst onset [59) Recognition of stops and aflricates 4.8 TIMIT
Nasalization |77] Detection of nasalized and oral vowels 1.98
Frication |76| Reduction of confusion:
1) Unvoiced fricative as voiced 11.00
2) Other unvoiced phones as unvoiced fricative 3.10
Vowel onset point [16) CV unit Recognition using 2.70 Telugu
improved VOP detection

In this section, literature related to different acoustic-phonetic knowledge is described. Table
highlights significance of some of the acoustic-phonetic events in speech recognition. Acoustic-phonetic
knowledge is used to improve recognition performance of phones and CV units. It is observed that
burst onset, voicing and frication information show higher promise compared to other events. In the
following sections, we review the implicit and explicit use of acoustic-phonetic knowledge in speech

recognition.

2.3 Implicit acoustic-phonetic knowledge

In this approach, speech production knowledge is captured by training the system with sufficient
amount of data. The machine automatically learns which acoustic properties are repeatable and
decisive across all training patterns. There are several pattern classification and pattern matching
techniques in the literature such as vector quantization, dynamic time warping, HMM, artificial neural
networks (ANN) [23] etc. State of the art speech recognition systems include GMM-HMM system,
hybrid ANN-HMM system and SVM-HMM system. Recently with the advancement of deep neural

network (DNN) technology, the DNN-HMM based systems also became popular in the last few years.
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Speech recognition consists of two phases, training and testing. During the training phase, the
system builds models for the words, phones or other subword units by characterizing the properties of
the speech patterns. In the testing phase, an unknown pattern is matched to each of the models built
in the training process and the pattern is decoded according to the goodness of matching. Mainly
vocal tract information is responsible for the production of speech. Hence, various signal processing
algorithms that extract salient vocal tract features from speech are used in ASR systems.

Formants contain the information of tongue body in the production of vowel-like sounds. Initially,
formants were used for vowel recognition [84]. Formant trajectories were found to be useful for digit
recognition [85]. Filterbank energies were used to extract spectral patterns of steady vowel region.
However, filterbank energies contained source information, as they were computed from the Fourier
magnitude spectra. Variation in the pitch frequency affects the filterbank energies and hence, a method
to remove the source is required. In this regard, LP analysis was introduced by Ichikawa and Nakata
[86]. The short term sequence of speech is separated into its slowly varying vocal tract component
represented by an all-pole filter (also called as LP filter) and fast varying excitation component given
by the LP residual.

Another tool is the cepstrum which is computed by taking inverse Fourier transform of the loga-
rithm of power spectrum. The lower order elements of the cepstrum contain vocal tract information.
Human auditory system has non-linear frequency resolution. Hence, MFCCs are used by Davis and
Mermelstein [87]. This representation suppresses the irrelevant spectral variations in the high fre-
quencies and provide good resolution to the low frequencies which are relevant to speech recognition.
Instantaneous as well as dynamic features of speech spectrum were used by Furui [88] for isolated word
recognition task and the combination was found to be better in the speaker independent scenario. Her-
mansky [7] proposed perceptual linear prediction cepstral coefficients which gave approximately similar
recognition performance for conversational speech and degraded condition. MFCC works better for
clean condition and perceptual linear prediction cepstral coefficients works better when training and

testing data have acoustic mismatch condition.

2.3.1 HMM based system

HMM is a doubly stochastic process which assumes that speech signal can be characterized as a

parametric random process [23]. The parameters of the stochastic process are estimated during the
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training phase. In HMM, there is a hidden underlying stochastic process. The hidden stochastic pro-
cess can only be observed through the sequence of observed symbols which is another set of stochastic
process. The initial state distribution (7 = {m;}, where, 7; is the initial state probability), state tran-
sition probability distribution (o = {a;;}, where a;; is the probability of being in state ¢ at time ¢ and
then in state j at time ¢ + 1 ) and observation symbol probability distribution (8 = {b;(0;)}, where
b;(o¢) is the probability of observation at time ¢ in state j) are the essential elements of an HMM. The
number of states (S) and number of observation symbols (K) are another two fundamental elements.
The HMM model A is the set containing the elements 7, o and 8. HMM used in ASR systems are
usually left to right or Bakis model.

The observation symbols can be discrete or continuous. Discrete observation symbols have discrete
probability density for each state. Continuous observation symbols can have both discrete and con-
tinuous probability density. Continuous observation symbols can be quantized using VQ and discrete

probability density can be used. Alternatively, they can be modeled using probability density function

(bj(0t)), given by
M

bj(or) = chkN(Ota,Ujkzjk), 1<53<8 (2.1)
k=1

where, o is the observation at time ¢, c;; is the mixture weight of k" mixture in the j* state, N is a
Gaussian with mean vector y;, and covariance matrix X, for the k" mixture and j** state, M is the
number of Gaussian mixtures.

In ASR systems, each phone, word or other subword unit is modeled by the HMM parameters
(A). For each unit, the model parameters are obtained by optimizing the likelihood of observation
vectors of the training set. Baum-Welch or expectation maximization method is used for choosing the
maximum likelihood model parameters [89], [90]. During testing or decoding, the most likely state

sequence that produces the observation sequence (0) are determined using Viterbi algorithm.

W = arg max[P(0|Ay)] (2.2)

1<w<W

where, 0 = 01, 09...07 is the observation sequence and W is the number of phone or word. In TIMIT
database, context independent phone model using unigram and bigram language model gave 60.91 %
and 64.07% recognition rate, respectively [22].

Disadvantage of HMM based system is that the models created by HMMSs are generative models
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and does not possess discriminative capabilities. To generate discriminative ability, some method is
required which will combine the discriminative training algorithms with HMMs. This motivation led

to the introduction of hybrid ANN-HMM systems.

2.3.2 Hybrid ANN-HMM based system

Posterior Ph
Features Phoner_ne probability Viterby onemes
—» posterior —
. decoder
estimator

Figure 2.1: Block diagram of hybrid ANN-HMM phoneme recognition system.

The ANN-HMM system was introduced by Boulard et al. [8]. The hybrid ANN-HMM phoneme
recognition system consists of two blocks as shown in Figure In the first block, a multi-layered
perceptron is used to estimate the posterior probabilities of phonemes using sufficiently long temporal
context of feature vectors. Neural network classifiers estimate the Bayesian a posteriori probability
provided that, the network is complex enough, trained on sufficient training data, and the classes are
taken with the correct a priori probabilities. The advantage of using multilayer perceptron (MLP) for
producing the posterior probabilities is to utilize its discriminative capabilities. In the second block,
these posterior probabilities are taken as emission probabilities in the states of the phoneme HMM,
and Viterbi algorithm is applied to find the best phoneme sequence.

The transition matrix is kept fixed with equal self and next state transition probabilities. In the first
block, for supervised learning, labeling of the acoustic features is required. The initial segmentation
is done by using a standard HMM. This method was implemented on resource management database
in [91] and it was shown that the context-independent word error rate was improved by around 5%
over the GMM-HMM based system. A variant of this system was proposed at different times replacing
MLP with radial basis function in [92], with recurrent neural network in [93] and with sequential MLP
in [94]. In another variant, context-independent scheme was replaced with context-dependent HMM
scheme in [95]. In [96], the contextual information was used in ANN-HMM based system built in
TIMIT database and a recognition rate of 68.12 % for 9 frame context at the feature level and 73.42
% for 25 frame context at the phoneme posterior level was reported. Recently ANNs were used for
feature generation [97]. These features were called bottleneck features which are derived from a middle

layer of MLP having small number of hidden units. These features were proved to be very robust
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against speaker and environment variabilities with high discriminative capabilities [97].
The limitation of ANN is the inability to capture time variability of speech signal, difficulty in
learning large MLPs, lack of scheme which can train both HMMs and ANNs, and difficulty in designing

optimal network architectures for hybrid models [3].

2.3.3 SGMM-HMM based system

Another statistical approach to speech recognition was proposed by Povey et. al. [98], in which
the same GMM structure is shared by all HMM states with the same number of Gaussians. The
approach was a modification to the GMM-HMM based approach which involves training different
GMM in each HMM state. The approach was called as subspace GMM (SGMM) where the mean
and mixture weights are allowed to vary in a subspace of the full parameter space. The advantage
of SGMM over GMM is that the number of parameters associated with specific state are very small.
This makes it possible to train with less data. It also enables to train the shared parameters with
out-of domain and out-of-language data. It was found that for small amount of training data (1
hour), SGMM based acoustic modeling gave better phone recognition performance than conventional
modeling. TIMIT core test set (with 192 speakers) gave a phone error rate (PER) of 19.7 % which
is significantly better than 27.7 % PER achieved by a monophone GMM-HMM system. Multilingual
system also gave improved word error rate for SGMM models [98]. Cross lingual speech recognition
using SGMM based acoustic modeling was investigated in [99], |100] and found to be very effective

for low-resource languages.

2.3.4 DNN-HMM based system

Deep neural networks (DNNs) were used to address the issue of learning large MLPs [101], [9]. A
deep neural network contains many hidden layers as against the conventional MLP which uses a few
hidden layers. Discriminative training in DNN is performed by backpropagating the derivative of the
error. However, it is difficult to optimize the networks with many hidden layers. Moreover, flexible
model and large number of parameters provides DNN with capabilities to model complex and highly
nonlinear data, which can lead to severe over fitting in absence of large amount of training data. To get
rid of such problems, DNNs are trained using two stages, generative pre-training and discriminative

fine-tuning. Restricted Boltzmann machines are used for layer by layer generative pre-training. The
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weights initialized by generative pre-training stage allow the discriminative fine-tuning to make rapid
progress in the DNN training, and also reduces the over fitting problem [102].

An improved phoneme error rate (PER) of 23.0 % was achieved in TIMIT core test set with DNN-
HMM system. The DNN based acoustic models were used in a large vocabulary continuous speech
recognition (LVCSR) system as well [103]. The system used 5 pre-trained layers of hidden units and
2048 units per layer. The training was done for 11 frame context for the central frame. When the
system was built in Bing voice search data, the sentence level accuracy increased form 63.8 % in
GMM-HMM system to 69.6 % in DNN-HMM system. The same method was used in switchboard
speech corpus and a 33 % relative decrease in word error rate was reported [104]. Switchboard corpus
contains almost 300 hours of data in the training set. Use of pre-training in such a large data did
not have much impact on improving the system performance. In |[105], dropout technique was used in
LVCSR to prevent over fitting and a relative improvement of 4.2 % was achieved over pre-training.

Some recent studies have used raw speech as input to ANN in the convolutional neural network
(CNN) based framework [106]. A discriminative decoding method using conditional random field
(CRF) was also proposed which gave comparable or better phone recognition when compared to the
conventional methods indicating that the CNNs can learn relevant information from raw speech for
phone recognition.

All these statistical methods use a predefined amount of contextual information by processing
a fixed set of successive feature vectors. On the other hand, in long short-term memory (LSTM)
architecture, amount of context relevant for the recognition task is learned during training [107].
Bidirectional LSTM (BLSTM) architecture which uses both past and future context, outperformed
conventional RNN architecture and triphone HMMs in the phoneme recognition task [108]. In [109]
and [110], authors incorporated BLSTM networks in a Tandem system that uses the network output
as additional features for continuous speech recognition. Some recent studies have used LSTM RNN
architectures for both phone recognition and LVCSR task, and have shown that deep LSTM RNN
architecture outperforms standard LSTM and DNN based systems [111], [112], [113].

We have presented a few studies related to statistical approaches. A more detailed review of ma-
chine learning related studies towards automatic speech recognition can be found in [3]. There are
some limitations of statistical systems. Implicit extraction of acoustic-phonetic information relies on

both quality and quantity of training data. These systems require large amount of training data to
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cover all possible contextual variations of sound units. In mismatch training conditions such as dis-
similar microphone, different background noise, mismatched channel etc., the recognition performance

degrades. Adaptation or retraining is required for new operating environment.

2.4 Explicit acoustic-phonetic knowledge

Unlike the statistical systems, knowledge based systems are built for a specific task and therefore,
should be more suitable for the task. In such systems speech specific information is used explicitly
into the system and are robust to mismatched training and testing environments. Acoustic-phonetic
knowledge can be explicitly used in speech recognition system by performing two tasks. These are 1)
identification and automatic detection of the regions where acoustic-phonetic information is important,
and 2) extraction of acoustic-phonetic features from those specific regions. Knowledge based systems
perform at least one of these two tasks. Depending upon the use of these two tasks, there are three
basic approaches in the literature. The first one is the landmark based approach which performs
both the tasks. Second one is the event based approach for consonant vowel (CV) unit recognition,
where certain events are detected, but, instead of using acoustic-phonetic features, conventional MFCC
features are extracted around those events and used in statistical framework. The third approach does
not use any landmarks or events, but explicit acoustic-phonetic features are extracted and used as

additional features in statistical systems. All these approaches are described below.

2.4.1 Landmark based approach

Landmark based approach was evolved from the segmentation based approach. A brief review of
the segmentation based approach is presented before reviewing the landmark based approach.

Segmentation based approach is one of the most primitive speech recognition approaches. In this
approach, speech is demarcated into certain regions. The regions are of unequal length and each
region corresponds to a subphone or a phonetic unit. Subsequent processing is done focusing on these
regions. In some of these methods, an averaging of certain parameters across the segmented regions
were considered for taking decision in subsequent steps [114]. Some methods used features near the
detected boundaries [4].

A fuzzy logic framework was presented by Bitar (in [55]) for using knowledge based acoustic
parameters to segment broad classes such as vowel, sonorant, consonant, fricative and stop. Ali
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[115] used an auditory-based front end for segmentation of speech into broad classes. For detection,
statistically determined thresholds were used to take rule based decisions and a detection accuracy of
85% was reported.

Segmentation based methods mostly fail because of the inaccurate segmentation of the boundaries.
It is easy to detect the boundaries where an abrupt energy change takes place. The boundary between
stop consonant and vowel unit is one example of such sharp boundaries. The boundary between
semivowel and vowel is not sharp and energy change takes place over a transition region. The formant
transitions are main parameters to detect such boundaries and segmentation becomes difficult. If
the algorithm is designed to detect small changes, the process ends up with over-segmentation [116].
In [117], segmentation was carried out in many levels and represented in an unified framework.

In landmark based systems, the features are extracted from the regions around certain landmarks
rather than in between two boundaries or landmarks. Landmarks are the instants of abrupt articula-
tory changes in the vocal tract where acoustic features are most pertinent. First step in such systems
is to analyze the speech signal for detecting the acoustic events or landmarks. The second step is to
extract relevant acoustic-phonetic information regarding manner and place of articulation that help
the classification of sound unit. The advantage of using such system is that relevant information
from appropriate regions are extracted eliminating other redundant information. Analysis of different
landmarks can be done differently. For example, analysis can be done with different time resolution.
Appropriate acoustic parameters can be studied depending upon the landmark. For burst landmark,
VOT is important for determining place of articulation of the consonant. On the other hand, formants
position are more important for vowel recognition. Another advantage is that the problem of separat-
ing semivowel-vowel pair and diphthongs (done in case of segmentation based approach) are avoided.
Finally, the distinctive features are associated to some acoustic-phonetic segment and converted to
word using lexical knowledge or language model.

In the literature, attempts have been made to extract acoustic correlates of the phonetic features
[118], [55] |115], |73]. Efforts have also been made to detect the landmarks associated with these
phonetic features [55], |[115], [4], [80]. Liu addressed four groups of landmarks in [4], which were already
introduced in the first chapter. A method was proposed to detect these landmarks by processing energy
of the signal in six frequency bands. The glottis, sonorant and burst landmarks were recognized with

error rates of 5%, 14% and 57%, respectively, when evaluated on a subset of the TIMIT database [4].
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The detected landmarks were used for estimating broad phonetic class of the hidden segments. In [80],
temporal measurements were used to derive measures of periodicity, aperiodicity, energy onset and
offset. An overall landmark detection rate of 70.18% was obtained using the temporal measurements
based method. In another study, Park proposed a probabilistic knowledge based algorithm to detect
the consonant landmarks such as, glottis, sonorant and burst [119]. A deletion and substitution error
of 12 % and insertion error of 15 % was reported on TIMIT test set.

A model was proposed by Stevens [11], for lexical access based on acoustic landmarks and phonetic
features. Most of the landmark systems failed due to lack of probabilistic framework for handling
variability in pronunciation. In [120], a probabilistic framework for landmark based speech recognition
system was demonstrated. Speech signal was represented by a set of binary valued articulatory
phonetic features. The probabilistic framework used SVM as binary classifier of manner phonetic
features. Landmarks in the segmented regions were used for source and place phonetic features. Finally
finite state automata was used to constrain the probabilistic segmentation paths for connected word
recognition. In [5], apart from using the acoustic-phonetic knowledge, the framework was constrained
by higher level language information such as pronunciation model of words, durations of phonetic units
etc. The probabilistic framework was used to recognize broad phonetic classes of TIMIT database.
Although, the system was evaluated for TIDIGIT database containing very limited vocabulary, it is

still a big challenge to make continuous speech recognition system using landmark based approach.

2.4.2 Event based approach for syllable recognition

Another type of explicit acoustic-phonetic knowledge based approach uses event or landmark
detection at the front end. However, conventional features (MFCCs) extracted from the region around
the landmarks are used in a statistical speech recognition system. CV unit recognition systems for
Indian languages are based on such event based approach [53] [12]. CV unit recognition is performed
by anchoring the VOP. Therefore, first step in such system is to detect the VOP. Since VOP is also a
point of abrupt change which takes place at the consonant- vowel transition, it can be considered as an
event or landmark. However, subsequent stages are mostly by using statistical approaches. Consonant
in the CV unit is recognized by considering speech segment present on either side of the VOP and
vowel is recognized by extracting features from right side of VOP. In recent methods, recognition of

consonants and vowels are separately carried out by using SVM and HMM, respectively [121]. A brief
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review of literature related to recognition of CV unit in Indian languages is presented below.

In literature many symbols have been used as subword unit such as, phonemes 22|, characters [122]
and syllable units (C"VC"™ where C is consonant, V is vowel and n = 0,1,2,3) |123] etc. Basic units
of writing system in Indian languages are syllabic in nature and they are orthographic representation
of the sounds [124]. Therefore, syllables are suitable to use as subword unit for Indian languages [53].
Moreover, description of syllables capture the necessary coarticulation information relevant for its
recognition [12]. Main issue in recognizing the syllable units is the similar nature of the units. Another
issue is the large number of syllable like units available. There are 33 consonants, 356 CC cluster,
77 CCC cluster, 1 CCCC cluster and 10 vowels [53]. These makes around 5000 syllable units with
different possible combinations. However, 10 vowels and 330 CV units constitute the 90% of the
occurrences in a text. Therefore, most of the studies were limited to CV units [122], [12], [53] and also
it was shown that the information for CV unit recognition is present in the region around the VOP.

Chadrasekhar explored machine learning approaches for spotting CV units [12]. For spotting
isolated utterances of CV units, multilayer neural network models and time delay neural network were
used [125]. Performance of neural network based system decreases for large number of classes, so
modular neural network and constraint satisfaction models were used [12].

Suryakanth proposed new VOP detection techniques and explored non-linear compression methods
for reducing the dimension of CV segmental patterns using auto-associative neural network models [53].
Dimensionality reduction of features was carried out because large dimension segmental patterns need
large number of training examples for multilayer neural network. It was found that non-linear com-
pression performs better than principal component analysis. SVM based system using the one-against
the rest approach was found to perform better compared to neural network models. A modification of
this system was proposed by Vuppala et. al. [121], where two stage CV unit recognition system was
developed. The system consists of HMMs at the first stage for recognizing the vowel category of a
CV unit and SVM for recognizing the consonant category of a CV unit at the second stage [121], [16].
Using the two stage system, a CV unit recognition rate of 66.14 % was reported in Telugu broadcast
news database [16].

Drawback of CV unit recognition system is that VOP must be spotted correctly, otherwise, all CV
units will not be recognized. Another drawback is that the syllables with a coda or consonant clusters

are not recognized. Therefore, a complete phone recognition is not possible with CV unit recognition.
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2.4.3 Explicit acoustic-phonetic knowledge in statistical systems

In another approach, explicit acoustic-phonetic features are used in a statistical framework. Such
approach uses acoustic-phonetic knowledge at the front end of a statistical speech recognition system.
Speech is processed frame by frame instead of processing around specific landmarks. HMM based
speech recognition system is the most popular speech recognition system. In literature, acoustic-
phonetic knowledge was inserted into the system in three different levels namely, feature level [126],
[127], [76], model level [128] and score level [129]. In feature level insertion, the acoustic- phonetic
knowledge is used as features which are appended to the standard MFCC features. In [126], phonetic
features representing the manner features: sonorant, syllabic, nonsyllabic, noncontinuant and fricated
were extracted and used in a HMM framework. The phonetic features were able to reduce the inter-
speaker variability compared to the cepstral features.

In [127], acoustic features were mapped into a set of distinctive features using a set of classifiers
and the output of classifiers were added to the standard cepstral features at the feature level. The
resulting phone recognition system showed improved performance. In some studies, acoustic-phonetic
features were used in hybrid ANN-HMM framework. Instead of computing the acoustic correlates
of the distinctive features, neural networks were trained to map short-term spectral features to the
posterior probabilities of the distinctive features [130]. These probabilities were then used as feature
in HMM based system. The error pattern shown by such systems was found to be different from that
of the conventional MFCC based systems.

In [128], articulatory-motivated distinctive features which contains manner and place of articulation
information were extracted and added to the HMM framework at the state level. In [129], phone level
posterior probabilities were derived using ANN and the probabilities were used to rescore the phone
lattice generated by a HMM based phone recognizer. In [76], acoustic-phonetic information was
added in all three levels and improvement was achieved in phoneme recognition performance. In [59],
burst onsets were detected using random forest detectors. Intermediate posterior probabilities of the
detectors were used as additional features to the MFCCs which gave improved recognition performance
for the sounds containing burst region. Binary features denoting whether a particular phonetic event
is present or not, was appended to MFCCs and performance of the system was found to improve [76]

significantly over the MFCCs alone.
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Table 2.4: Summary of implicit and explicit acoustic-phonetic knowledge used for phone recognition

Application Feature Framework Performance Database

accuracy (% Acc)

HMM-GMM [131] 67.60
CD HMM-GMM |(132] 72.70
Implicit HMM-ANN (96} 73.42
acoustic-phonetic ~ Phone recognition MFCCs HMM-SGMM [131] 80.50 TIMIT
knowledge HMM-DNN |[132] 77.00
Mel Filter deep LSTM RNN |[111] 82.30
bank coefficients
Raw speech CNN-CRF |106]| 69.47
11 Acoustic Landmark based 79.50
parameters probabilistic
Explicit Broad phonetic HMM-GMM 73.70 Subset of
acoustic-phonetic  class recognition 5| MFCCs Landmark based 78.20 TIMIT
knowledge probabilistic
HMM-GMM 80.00 (baseline)
CV unit MFCCs VOP based
recognition 2 stage system |16] 66.14 Telugu

using HMM and SVM

2.5 Organization of the work

Different approaches for phone recognition are reviewed in the previous sections. Table [2.4] high-
lights some of the phone recognition techniques described in the previous section. In this section we
will summarize the advantages and disadvantages of these approaches. Based on the issues, we will
propose a phone recognition framework. Finally, organization of the works that are attempted in this
thesis to realize the proposed framework will be discussed.

Building ASR for practical applications is possible using statistical approach. Statistical speech
recognition system requires speech database along with manual transcription. Deep neural network
based systems, if trained with considerable amount of data performs very well. Many toolkits such as,
HTK [26], KALDI [133] etc. are available which makes it possible to build such high computational
and complicated systems. However, in spite of being a state of the art ASR system, statistical systems
have many drawbacks. First drawback is that for the statistical systems to be highly accurate need
large amount of data with correct transcription. In country like India there are hundreds of languages.
Preparing such a large amount of data for so many languages is not possible.

There are some methods where data from well resourced languages are used for building ASR
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for low resource languages using multilingual and cross-lingual information as well as adaptation
techniques. But this also does not solve the problem, as the number of languages, amount of data
and the similarity of the phonetic descriptions of the source and target language have a strong impact
on making an effective system [134]. Another drawback of statistical systems is that they fail under
mismatched training and testing conditions. The systems learn from the training data. Therefore, the
training data must cover all environments including different background noises, dialectal variations,
recording sensors etc. to be able to make a robust system. Another disadvantage of using a statistical
framework is that the speech is processed in frames giving equal importance to all speech regions.
However, this may not be a good idea as some speech regions may have crucial information and some
other may be redundant.

The drawbacks in the statistical approaches led the researchers to think in a different way. Land-
mark based systems were introduced as an alternative to statistical systems. In landmark based
systems, analysis is anchoring around certain landmarks where acoustic information is salient. It is
possible to treat different landmarks differently unlike the statistical approach where all sound units
are treated the same. Such knowledge based systems are found to be performing well in mismatched
training and testing conditions. Acoustic-phonetic information is explicitly used in such systems.
Therefore the landmark based systems are not data driven. Cross lingual studies are found to be
more effective for landmark based systems compared with the statistical ones. However, practical
implementation of such system is still a challenge due to improper detection of landmarks and lack of
suitable probabilistic framework.

Problem of inefficient probabilistic framework can be solved by using acoustic-phonetic knowledge
directly in a statistical system at different level. But, most of such systems use acoustic-phonetic
information as additional features in a statistical system instead of exploring a more task specific
novel framework. Therefore, the resulting systems become merely a small improvement to the existing
statistical system. The event based CV unit recognition systems for Indian languages are somewhat
language specific as these systems exploit the syllabic nature of the languages. But syllables other
than the CV units are not possible to recognize using this method.

From the above discussions, it is seen that there is still a need of exploring a novel framework
which will effectively utilize the advantages of both implicit and explicit knowledge based approaches.

In accordance with the modulation theory of speech, the speech signal is regarded as the result of a
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process in which a carrier signal has been modulated with a message signal, where vowel-like sounds
are the carrier signals and the non-vowel-like sounds are the message signals. Based on this theory, a
framework using vowel-like region detection can be explored. The carrier signal or the VLRs can be
treated as landmarks and non-VLRs can be searched around the VLRs. The framework will allow us
to treat the VLRs and non-VLRs separately which is very much desirable because of the differences
in the fundamental signal characteristics of the two categories.

From basic signal characteristics point of view also, there are two basic broad categories. These are
VLRs and non-VLRs. VLRs are high energy regions, whereas, non-VLRs are relatively low. Temporal
and spectral characteristics change rapidly in non-VLRs compared with VLRs. In VLRs, information
is present in the steady state region, whereas, information is mostly present in the modulation or
transition region, in case of non-VLRs. Thus VLR segmentation based framework will allow us to
analyze these two broad categories separately. It will be possible to use different acoustic-phonetic
information suitable for VLRs and non-VLRs. The framework will use certain events such as VLR
onset points (VLROPs) and VLR end points (VLREPs) which will make the system similar to the
landmark based one. However, after segmentation of the VLRs, VLRs and non-VLRs will be recognized
separately using different acoustic-phonetic knowledge in statistical frameworks. This will make the
system similar to the statistical approach.

In landmark based approach, one of the major problems was to detect the landmarks accurately.
VLRs are high energy regions and hence, they are easier to detect compared to other landmarks. An-
other problem in landmark based system was lack of a suitable probabilistic framework. T'wo separate
statistical frameworks for VLRs and non-VLRs can be used instead of one probabilistic framework
for all sounds. VLRs mostly form nuclei in a syllable and the non-VLRs form the onset and coda
of the syllable. From this perspective, VLRs segmentation based framework suits Indian languages.
This framework can be seen as a modification of the existing VOP based CV unit recognition system.
The modified system will recognize some syllable coda and consonant clusters as well in addition to
syllable onset recognition.

The tasks that must be accomplished for realizing the proposed framework are: VLRs detection
by detecting VLROP and VLREP events, and analysis and extraction of acoustic-phonetic features
suitable for VLR and non-VLR. Third chapter of this thesis deals with the analysis of VLRs. Three

major issues in the VLRs detection are addressed. First issue is the manual marking of VLROPs in
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case of voiced aspirated sounds, which is found to be a difficult task in the literature [70]. In this
work, a method using EGG signal is proposed to accurately mark the VLROPSs when there is a voiced
aspirated sound present at the onset of the vowel. Second issue is the inaccurate detection of VLROPs
and VLREPs using the existing methods. Accurate detection of these two events is required for proper
non-VLR recognition. In this thesis, an improved VLROP and VLREP detection method is proposed
by using an evidence extracted from Bessel features. Third issue involves the limitations related to the
missed and spurious VLRs detected by the existing excitation source based method. Some features
containing vocal tract information are identified and are combined with the source features, and used
in a statistical framework to get an improved VLRs detection.

Second task in the proposed framework involves extraction of VLR and non-VLR specific acoustic-
phonetic features. In the fourth chapter of this thesis, some VLR and non-VLR specific features are
analyzed and used for VLR and non-VLR recognition. Vocal tract constrictions are analyzed and a
feature is proposed which gives an approximate measure of the amount of constriction in the vocal
tract. The ability of the feature for recognition of non-VLRs (or constricted sounds) is demonstrated
by using it as an additional feature in a conventional (HMM and MFCC based) phone recognizer.
Vowel roundedness and frontness are also analyzed and features related to these two parameters
are extracted. Vocal tract constriction feature (as the vowel height feature) along with the vowel
roundedness and frontness features are used for vowel recognition in limited data condition.

VLR features are extracted from the region between the VLROP and VLREP events, whereas,
non-VLR features are extracted from the region around the two events. For efficient selection of
the transient bursts and frication region around the VLROP, dominant aperiodic components regions
are analyzed and a method is proposed to automatically detect those regions. Similarly, for optimal
selection of the transition regions, duration of transition regions are predicted using the vocal tract
constriction information. Procedures for detection of dominant aperiodic regions and for prediction
of duration of transition region are presented in the fifth chapter. It is also shown that use of their
information improves the recognition performance of the obstruent sounds. Finally, to use different
types of acoustic-phonetic information in a single platform, the VLR detection based phone recognition
framework is demonstrated in the sixth chapter.

The work performed in this thesis is mostly extraction of acoustic-phonetic information from speech

signal. The acoustic-phonetic information is used to build acoustic models of the sound units present
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in VLRs and non-VLRs. Therefore, the proposed framework is limited to phone recognition. For
making a complete speech recognition system, pronunciation dictionary and language modeling can

be used as part of future work to decode the word sequence.
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3. Analysis of Vowel-like Regions

Objective

In this thesis, for phone recognition, consonant and vowel units are recognized by anchoring the
vowel-like regions (VLRs) which are considered as landmarks. The first step, therefore, in such an
approach is to detect the VLRs along with the two events associated with it, namely, the VLR onset
points (VLROPs) and the VLR end points (VLREPs). There are three objectives of this chapter.
The first objective is to analyze the VLRs for manually marking the VLROP and the VLREP in
complicated cases. A method is proposed to manually mark the VLROP when there is a voiced aspirated
sound preceding the VLR. Manual marking in case of voiced aspirated sounds has been found to be a
challenging task in the literature. The second objective is to improve the accuracy of automatic VLROP
and VLREP detection. Features for non-VLRs are extracted from the region around the two events.
The accurate detection of these two events is therefore important. Improved VLROP and VLREP
detection is achieved by using an evidence derived from the Bessel features. The third objective is
to improve the VLR detection performance by reducing the spurious and miss rates. Spurious and
miss detections in the existing excitation source based method are analyzed and the limitations are
presented. Finally, both excitation source and vocal tract information are used to detect the VLRs in

a SVM framework to get improved VLR detection.

3.1 Introduction

Vowels, diphthongs and semivowels are defined as VLRs due to their similarity in the production
process [37]. The VLRs are high signal-to-noise ratio regions containing information about respective
VLRs and adjacent consonants depending on the context. Therefore, detection of VLRs is important
for both speech and speaker recognition tasks [1]. There are several methods present in the literature
for the detection of VLRs [1,/16,37] which are based on detecting the VLROPs and the VLREPs. In
the absence of a semivowel in the VLR, VLROP and VLREP are same as vowel onset point (VOP)
and vowel end point (VEP), respectively. If there is one or more semivowels preceding a vowel, then,
VLROP is marked at the onset of the first semivowel, instead of the vowel. Similarly, if there is one or
more semivowels following a vowel, then, VLREP is marked at the end of the last semivowel. Other
sounds, such as, nasals, stop consonants, fricatives and affricates, which are not part of the VLR, are

considered as non-VLR.
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Important information for recognition of non-VLR units is around the VLROP and the VLREP
events. It is therefore essential to have a reliable algorithm for the automatic detection of these two
events. The careful observation shows that even manual marking is difficult in some cases of preceding
non-VLR units. These events are instant property and should be possible to locate beginning of first
glottal cycle and ending of last glottal cycle associated with the VLR, and mark them as VLROP
and VLREP, respectively. However, this is seldom possible in the speech signal waveform. Major
degradation in both manual and automatic VLROP detection performance is reported for the case of
voiced aspirated (VA) stop consonant-vowel (SCV) units [70]. This is due to the complexity involved
in the excitation component for the production of VA SCV units. Since it is voiced, there is glottal
vibration. At the same time aspiration is also present at the glottis. The following vowel unit has
glottal vibration. Thus, there are three distinct types of excitation of VA SCV units, damped glottal
vibration during the closure bar, aspiration overriding glottal vibration after the burst release and only
glottal vibration in the following vowel region. Due to high energy of speech signal in the aspiration
region, there is always ambiguity in manual marking and also in automatic detection of VLROPs of
VA SCV units. In this chapter, a method is proposed for manually marking the VLROPs of VA SCV
units using the electroglottograph (EGG) signal.

For automatic detection of VLROP and VLREP, Bessel feature is explored. A method is proposed
for improving the detection accuracy of the existing techniques using Bessel expansion and amplitude
modulated-frequency modulated (AM-FM) signal model. Bessel expansion and AM-FM model has
been used in literature for detection of glottal closure instants and voice onset time [51,135]. Here,
we demonstrate its use for VLROP and VLREP detection. Speech signal is approximated by a set
of Bessel coefficients which emphasizes only low frequency components present in the VLRs. This
bandpass filtered narrow-band signal can be modeled as an AM-FM signal. Such a narrow-band
signal is observed to have sharp discontinuities at the onset and offset of VLRs. The amplitude
envelope (AE) of this signal can be obtained using discrete energy separation algorithm [51]. The
AE can be processed to enhance changes occurring at the onset and the offset of VLR using a first
order Gaussian differentiator and may be used as evidence for the two events. The conjecture is
that the peaks in the evidence will be close to the actual VLROP and VLREP due to the sharp
discontinuities in the AE. Apart from this, since the principle of extracting the evidence is different

compared to existing methods reported in [1,{13], it may add well with them for further improving the
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combined evidence. This nature of evidence is therefore exploited to increase the accuracy of existing
VLROP and VLREP detection. In [1], excitation source (ES) information was used for VLROP and
VLREP detection. Another method reported in [13] used a combination of source, spectral peaks and
modulation spectrum energy (SSM) information for detection of VOP. Later, SSM information was
used for VEP detection as well [15]. In both the methods, the events are detected by picking peaks in
the evidences. Sometimes these peaks are much deviated from the ground truth instants which leads
to reduction in the accuracy of detection. Such peaks are brought closer to the ground truth VLROP
and VLREP by adding the evidence obtained from the AE function. This is done by exploiting the
high resolution property of AE function.

All the existing methods mainly use the excitation source information for detecting VLRs [1}37].
Since the source characteristics of voiced consonants are similar to VLRs, confusion exists in majority
of voiced and other consonant regions. This miss-classification may not be of great concern in speaker
verification tasks as shown in [1], but it is a serious issue in case of speech recognition. Moreover, in
the signal processing (SP) based methods, VLROP and VLREP are detected first and then, the region
between the two events is considered as the VLR. This may not be a good procedure for VLR detection,
because the algorithms are designed to detect some instants instead of regions. Alternatively, VLR
can be detected by frame level classification. The objective of this work is, therefore, to analyze the
regions where the excitation source based method is failing, and to develop a method that reduces
this misclassification. Vocal tract features can be explored in addition to the source features. MFCCs
and some other vocal tract features, such as, AE evidence derived from the Bessel feature and VT'C
information can also be used to classify the two classes (VLR and non-VLR) in SVM framework. The
combined information may give improved detection performance.

The rest of the chapter is organized as follows. Section describes the manual marking of
VLROPs and VLREPs. The method for marking VLROPs in case of VA units is illustrated in the
same section. Method for improving detection accuracy using Bessel feature is described in section
Section illustrates the use of vocal tract system based features and vocal tract constriction

information for VLRs detection in statistical framework. Finally, section summarizes the chapter.
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3.2 Manual marking of VLROPs and VLREPs

The VLROP and VLREP events are instant properties and hence, it should be possible to manually
mark the exact locations of the events. Acoustic cues analyzed in the manual marking process provides
hints for automatic detection. The complexity of manual marking process depends on the consonant in
the non-VLR that precedes or follows the VLR. Manual marking process is simple in case of unvoiced,
voiced unaspirated and nasal consonants as compared to VA consonants. The process for each case is

illustrated in the following subsections.

3.2.1 Unvoiced, voiced unaspirated and nasal consonants

In case of syllable units containing an unvoiced stop or unvoiced fricative as onset or coda, VLROP
is the beginning of the first glottal cycle and VLREP is the end point of the last glottal cycle in the
VLR. It is possible to mark VLROPs and VLREPs by looking at the time domain representation
and the spectrogram. In case of voiced unaspirated consonants, the glottal vibration is present in the
consonant region as well. Therefore, glottal activity cannot be used as a cue for manual marking.
But, the signal amplitude in the consonant region is very low when compared to the VLR. Spectral
characteristics are also different in the consonant and VLR regions. Therefore, it is possible to mark
VLROP and VLREP in such cases using the signal amplitude, energy or spectrogram.

There are some other acoustic cues used in the literature for manual marking of VOP [70]. They
are, formant transition, uniform epoch interval, strength of excitation, ratio of residual to signal energy
etc. Non-VLRs are produced with a constriction in the vocal tract and when the vocal tract is opened
from constriction, formant transition takes place. Beginning and ending of such formant transition
can be marked as VLROP and VLREP, respectively, in case of both unvoiced and voiced unaspirated
consonants. Similarly, beginning and ending of uniform epoch interval can be used for marking the
events in case of unvoiced consonants. This acoustic cue can’t be used in case of voiced unaspirated
consonants, because of the presence of glottal activity in the consonant region. In case of voiced
unaspirated consonants, the change in the excitation strength at epoch locations can be used as an
acoustic cue for marking the events. The Hilbert envelope of linear prediction (LP) residual of speech
represents strength of excitation |70]. Strength of excitation is low in the consonant region and high
in the VLR. Hence, a significant change in the excitation strength is an acoustic cue for manually

marking the two events. The acoustic cues used for voiced unaspirated consonants can also be used
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for nasal consonants. Nasals contain low amplitude voicing. Hence, signal energy, formant transition
and strength of excitation can be used for marking the VLROP and VLREP events. Manual marking
of VLREP is sometimes difficult compared to VLROP. VLREP can be detected well when there is a
consonant at the end. In the absence of a consonant, the vowel energy decreases slowly and it becomes

difficult to detect the exact instant of the end point.

3.2.2 Voiced aspirated (VA) consonants

The excitation component for the production of VA units involve a complex mechanism. For
example, in the presence of voiced aspirated stops, (e.g. bh, dt, gh etc), there are three distinct types
of excitation around the VLROP event. Since these are voiced stops, there is a closure region called
as voice bar which contains damped glottal vibration. Acoustic pressure is built up behind the closure
and the release of the pressure is known as burst release. Due to abduction of vocal folds, glottal
vibration occurs in a breathy mode after burst-release. In this region, aspiration overrides the glottal
vibration. Finally, aspirated region is followed by only glottal vibration in the following VLR. Due
to such a complicated production mechanism, there is always ambiguity in manually marking the
VLROP in VA units.

This requires analysis of excitation component of VA units. The separation of excitation source
component always has some degree of uncertainty due to the errors or approximations that may be
present in the signal processing procedure employed for source-system decomposition. For instance,
in case of LP analysis, the LP residual obtained using appropriate LP order is treated as the best
approximation to the excitation component [136]. However, since it is an error signal, this also includes
the error that may create ambiguity in locating or detecting VLROP. A velar VA stop unit [¢"] with
vowel [a] sampled at 16 kHz and its LP residual using 20" order are shown in Figure (a) and
3.1(b), respectively. For comparison, the corresponding voiced unaspirated counterpart [g] with vowel
[a] are also shown in Figure [3.1(d) and [3.1)(e), respectively. The marking of VLROP in case of VA
is ambiguous compared to its voiced unaspirated counterpart. This begs the need for a method for
simultaneous recording of the excitation component directly during the production along with speech
signal. EGG device provides one such non-invasive approach for recording information related to the
excitation component [137]. Even though EGG does not have one to one correspondence with glottal

volume velocity or glottal signal [138], the information provided by it is sufficient to make the current
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Figure 3.1: (a) Speech signal of VA SCV unit [g"a], its (b) LP residual and (c) EGG signal. (d) Speech signal
of voiced unaspirated SCV unit [ga], its (e) LP residual and (f) EGG signal.

study.

Figure (c) shows EGG signal for VA SCV unit [¢"a] and Figure (f) shows the EGG signal for
VUA SCV unit [ga]. It is interesting to observe the distinction present in the EGG signal among the
three regions of VA SCV unit and is less obvious in the case of VUA SCV unit. This may be explained
as follows: EGG records the glottal activity directly as impedance measurement [137]. During the
aspirated region of VA case, the aspiration component is dominant over the glottal vibration and
hence, it dictates the impedance measurement. Alternatively, since there is no aspiration, the glottal
vibration alone decides the impedance measurement in VUA case. Thus, from the EGG signal it is
easier to locate the VLROP in case of VA sounds as compared to VUA case. Hence, EGG signal can
be used in understanding and marking the VLROPs in case of VA SCV units.

Database of voiced aspirated units: The first job is to collect a database of voiced aspirated
CV units from different Indian languages. The CV units from different numbers of speakers of six
different Indian languages totaling to 21 speakers were collected. All of them were invited to the
recording studio and explained about the procedure for recording the data. The written document
containing information about the CV units to be recorded is given to the subjects and asked them to

practice. The voiced aspirated CV units are given in Table The subjects were assisted to connect
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the EGG electrodes to the proper position around the larynx. The head mounted microphone was
placed and adjusted in front of the mouth to receive maximum energy. Both the speech data and
EGG are simultaneously recorded, sampled and stored in a computer at a sampling frequency of 16
kHz. Each of the subjects have to give five examples for each of the five units. Each of the examples

have the speech signal and corresponding EGG signal.

Table 3.1: VA CV uints in Indian Languages

Labial | Dental | Alveolar | Velar
VA | bla d"a | dPa, 2"a | gla

Manual Marking evaluation: The proposed manual marking process is evaluated in two ways,
namely, 1) comparing the VLROPs marked by multiple subjects for the same set of examples, and 2)
comparing the manually marked VLROPs with the VLROPs detected automatically by using energy
of the EGG signal as the evidence.

Five subjects were involved in the process of manual marking of VLROPs. The EGG and cor-
responding speech signal are loaded in two separate audacity panels and the subjects are explained
about the characteristics of glottal signal in the closure, aspiration, and vowel regions. After this,
the procedure for marking the VLROPs in case of VA units is explained. The procedure suggested
for manual marking was the following: (i) load the EGG and speech signal for a given VA unit into
audacity waveform panels, (ii) zoom out to display only portion of closure, complete aspiration and
a portion of VLR till the first glottal cycle of the VLR is clearly visible, (iii) mark the instant of
beginning of first glottal cycle of the VLR as the VLROP as illustrated in Figure [3.2] for the SCV unit
[g"a]. In case of few VA units, due to week glottal vibration, the EGG signal may have few cycles with
very low amplitude in the aspiration region. In such cases, marking should be done at the transition
from low to high amplitude. Randomly selected 100 examples are used for evaluating the agreement
among all the subjects. Ideally, it is expected that all the subjects will mark the instant of beginning
of the first glottal cycle of vowel region. However, due to human error, the marked instant may deviate
from the actual instant. The agreement among the subjects are evaluated by calculating standard
deviation. Average standard deviation is found to be 4.2 ms indicating less ambiguity present in the
EGG signal in marking the VLROP.

While marking the VLROP using the EGG signal, the beginning of the first glottal cycle in the
VLR is marked. At the VLROP, the EGG signal is expected to have a transition from low to high
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Figure 3.2: (a) Speech signal for [¢"a] and (b) its EGG signal. Arrow mark shows the manual VLROP
marking

amplitude. If this change in amplitude or energy of the signal is prominent, then, it is a good cue for
marking the VLROP event. To check whether sufficient change is available in the energy of the signal,
a second order Gaussian differentiator is convolved with the energy signal. The convolved output
captures the variations in the energy signal and gives a positive zero-crossing whenever the signal goes
from low to high. To remove positive zero-crossings due to small variations, the energy signal is passed

through a non-linear operation. The non-linear operation is given by [70]:

1

En= 1 —mor

(3.1)

where, F and E,, are the evidence before and after performing the non-linear operation, 6 (=0.2) and
7(=0.04) are the slope parameters.

Figure (a) shows the EGG signal for [¢"a]. The energy of the EGG signal is passed through
the non-linear operator and convolved with the second order Gaussian differentiator. The convolved
output is shown in Figure (b). The arrow mark shows the positive zero-crossing and the dotted
line shows the manually marked VLROP. The zero-crossing is very close to the ground truth or
manually marked VLROP (less than 5 ms interval between them). Randomly selected 210 VA units
with manually marked VLROPs are evaluated and results are shown in Table The evaluation is
performed in terms of percentage of VLROPs detected within 10, 20, 30 and 40 ms of the manually
marked VLROPs. It is seen that in 91.4% of the cases, the automatically detected VLROP (the
positive zero-crossing) is present within 10 ms of the manually marked VLROP. This shows that
the change in the amplitude (or the energy) of the EGG signal is an unambiguous cue for manually

marking the VLROP in case of VA units.
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Figure 3.3: (a) EGG signal for [¢"a] and (b) Convolution output of second order Gaussian differentiator with
the processed energy of EGG. Arrow mark shows detected VLROP at the zero-crossing and dotted line shows
the manually marked VLROP.

It is to be noted that the automatic detection performed here is only for checking ambiguity in
the EGG signal in the proposed manual marking procedure. It cannot be used for actual automatic
VLROP detection. This is because, the amplitude variation at the onset of the voice bar region is also
captured by the convolution operation. The same experiment can be performed to check the potential

of the signal processing algorithm to detect the event when the evidence is given.

Table 3.2: Comparison of manually marked and automatically detected VLROPs from EGG signal.

Deviations 10 ms | 20 ms | 30 ms | 40 ms
Percentage (%) | 91.42 | 96.66 | 98.57 | 99.52

3.3 VLROP and VLREP detection using Bessel features

Accurate automatic detection of VLROP and VLREP is very important for speech recognition.
In CV unit recognition, feature vectors around the VLROP are used for recognizing the vowel and
consonant unit. Consonant region is shorter compared to the vowel region and therefore, inaccurate
VLROP detection may lead to ambiguous consonant recognition. We propose a method to increase
the detection accuracy (or to reduce the detection time error) using Bessel features. An evidence
is derived for detection of the two events. The evidence when added to evidences from some of the
existing methods, gives VLROPs and VLREPs which are more accurately detected. The method is

described as follows.
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3.3.1 Analysis of VLROPs and VLREPs using Bessel expansion and AM-FM

model

The sinusoidal functions are suitable for representing periodic signals. In case of non-stationary
signals like speech, an aperiodic signal set is more efficient for representation. The Bessel functions
have regular zero-crossing and decaying amplitude that makes the Bessel functions a good choice as
basis functions for efficient representation of speech waveforms [51]. The series expansion of zeroth-
order Bessel function of the first kind of a signal x(¢) considered over some arbitrary interval (0,a) is

expressed as [49]:

o(t) = 3 ByJo( L), (3.2)
p=1

where, Jo(%pt) are the zeroth-order Bessel functions and \,, p = 1,2,...,00 are the ascending order
positive roots of Jy(A) = 0. Bessel coefficients B, are computed by using the orthogonality of zeroth-

order Bessel functions Jo(%?t) as:

5 a M
By = oo /0 b (1) Jo( 20t (3.3)

with 1 < p < P, where P is the order of Bessel expansion, and Ji()p,) are the first-order Bessel
functions. There is a one-to-one correspondence between the frequency component (f,) of the signal

and Bessel coefficient index (p) at which the coefficient attains peak magnitude [51], given by

_ pfs

I 2D

where, fs is the sampling frequency and D is the number of samples in the analyzed signal.

The speech signal can be modeled as a multicomponent AM-FM signal |139]. The signal com-
ponents will be associated with various distinct non-overlapping clusters of Bessel coefficients, if the
AM-FM components of the speech signal are well separated in the frequency domain. Since VLRs
and non-VLRs have different dominant frequency components, each class can be approximated by a
different set of Bessel coefficients. In other words, the signal can be bandpass filtered to enhance only
VLRs by choosing appropriate Bessel coefficients. Bandpass filtering over a range of Bessel coefficients

(Bp1 to Bpg) can be computed as:

p2 A
Bt) =Y Bpjo(ft). (3.5)

=P1
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where, Z(t) is the bandpass filtered signal.

The VLRs have most of the energy in the low frequency band (300 to 1200 Hz) and accordingly
Bessel coefficients from Bpj—12 to Bpa—4s are used for emphasizing VLRs (applying Eqn. for
fs=8000 Hz and D=160 samples). Now the bandlimited signal is considered as a monocomponent
AM-FM signal and the discrete-time version of the vowel enhanced monocomponent AM-FM signal
Z[n] is given by:

&[n] = Aln]cos([n]) (3.6)

where, A(n) is the time-varying amplitude envelope (AE) of Z(n), with the time-varying phase ¢[n].

The AE of the vowel enhanced signal can be obtained using discrete energy separation algorithm [139)].

Y[z[n]]
rDE=A ]
1-[1 - =5

|[Aln]| =

(3.7)

where, g[n] is the difference signal g[n] = &[n] — &[n — 1] and ¥(.) is the Teager’s non-linear energy
operator given by

Y[z[n]] = #2[n] — &[n — 1)@[n + 1]. (3.8)

The amplitude envelope is approximately calculated by using discrete energy separation algorithm
as shown in Eqn. Moving average filtering of about 1 ms duration is carried out to smooth the
AE function. Figure illustrates the procedure for obtaining the VLROP and VLREP evidences.
Figure (a) shows the speech signal for the utterance “She had your dark suit” taken from the
TIMIT database. Figure (b) shows the vowel enhanced AE function of the speech signal. It can
be seen from the figure that only the VLRs are emphasized and all other regions including fricatives
and burst have been significantly attenuated. A close observation on the AE function of the vowel
enhanced signal shows its potential in the VLROP and VLREP detection process. Figure (c) shows
the evidence obtained by convolving the vowel enhanced AE function with the first order Gaussian
differentiator (FOGD) of size 100 ms and variance as 10% of window length. The convolved output is
the evidence for the two events. The evidence gives a positive peak at the VLROP, since the energy
change is positive at VLROP. Similarly, it gives a negative peak at the VLREP because of negative
nature of the energy change at VLREP. In the figure, the peaks near the VLROPs and VLREPs can

be observed and are highlighted by arrows. These peaks are very close to the ground truth events and
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Figure 3.4: [Illustration on the procedure for deriving the VLROP and VLREP evidence using AE function.
a) Speech signal with labels, b) Vowel enhanced AE function of the speech signal, ¢) Evidence obtained by
convolving the vowel enhanced AE function with the first order Gaussian differentiator. Arrows show the peaks
close to VLROPs and VLREPs.

can help in the automatic detection process.

3.3.2 Detection of VLROPs and VLREPs

The evidence in Figure clearly shows the positive and negative peaks corresponding to the
VLROP and VLREP, respectively. However, there are some peaks which are not at VLROP or
VLREP. These peaks are because of the energy variation within the vowel region. Therefore, it
is difficult to determine which peak is due to an event and which one is spurious. Increasing the
variance of Gaussian differentiator can eliminate some of the spurious peaks. But, this decreases the
resolution of hypothesized events. Therefore it may be difficult to detect the events using AE function

independently. However, this evidence can be used to enhance the performance of some of the existing

VLROP/ VLREP and VOP/ VEP detection techniques. Some of the existing methods are,

e VLROP and VLREP detection by using excitation source information derived from Zero Fre-

quency Filtered Signal (ZFFS) and Hilbert envelope of LP residual of speech [1]
e VOP and VEP detection by using source, spectral peaks and modulation spectrum energies [13].

Evidences obtained from these techniques can be enhanced by adding the AE evidence, and onset and
offset can be detected more accurately. These two methods are briefly described as follows.
VLROP and VLREP detection using ES information [1]: In [1], a method was described for

VLROP and VLREP detection. Evidence from Hilbert envelope of LP residual of speech is derived
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as follows: The Hilbert envelope of LP residual of speech enhances information about GCIs. The
smoothed excitation contour by taking maximum value of the Hilbert envelope of LP residual for
every 5 ms block with one sample shift is convolved with a first order Gaussian differentiator (FOGD)
of length 100 ms and a standard deviation of one sixth of window. The convolution result is the
VLROP evidence using ES. Evidence for VLREP is obtained by doing the convolution operation from
right to left, instead of left to right as in the case of VLROP.

Evidence from ZFFS is computed as follows: The first order difference of the ZFFS can be treated
as strength of excitation at the epochs. The second order difference of ZFFS contains change in the
strength of excitation. This change is detected by convolving with a 100 ms long FOGD having a
standard deviation of one sixth of window length. The convolved output is called the VLROP evidence
using ZFFS. The VLREP evidence is obtained by convolving from right to left.

The VLROP or VLREP evidence using the excitation source information is obtained by adding
the two evidences and normalizing by the maximum value of sum. The locations of peaks between
two successive positive to negative zero crossings of the combined evidence represent the hypothesized
VLROP or VLREP. To reduce missing and spurious ones, an algorithm is used to force the detection
of missing cases if other evidence is sufficiently strong, and reduce spurious detection of one event
using knowledge of other event [1].

VOP and VEP detection using SSM information [13,/15]: The Evidence from excitation
source information is same as that of the Hilbert envelope of LP residual of speech described in the
ES method. The evidence from spectral peaks energy is derived using the following sequence of steps.
A 256 point discrete Fourier transform is computed for 20 ms speech frame (with 10 ms shift), and
ten largest peaks are selected from the first 128 points. The sum of these spectral peaks is plotted
as a function of time. The change at VOP and VEP available in the spectral peaks energy is further
enhanced by computing its slope using first order difference. These enhanced values are convolved
with FOGD operator. The convolved output is the evidence using spectral peaks energy.

Slowly varying temporal envelope of speech signal can be represented by the modulation spectrum.
VOP and VEP detection using modulation spectrum energy is obtained using the following sequence
of steps. The temporal envelope of speech is dominated by low-frequency components. The VOP and
VEP evidence due to modulation spectrum is derived by passing the speech signal through a set of

critical bandpass filters, and summing the components corresponding to 4 - 16 Hz. The change at
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Figure 3.5: [Illustration on the procedure for enhancing the ES-based VLROP and VLREP evidences using
AE function. The dotted lines refer to the ground truth VLROPs and VLREPs. a) Speech signal for the
phrase “she had your dark”, b) VLROP evidence obtained using ES method, ¢) VLREP evidence obtained
using ES method, d) VLROP and VLREP evidence obtained from AE function, ¢) VLROP evidence obtained
after adding AE evidence shown in (d) to the ES evidence shown in (b), f) VLREP evidence obtained after
adding the inverted AE evidence shown in (d) to the ES evidence shown in (c). Arrows in (b) and (e) refer to
the detected VLROPs and arrows in (c) and (f) refer to the detected VLREPs. Detected VLROPs and VLREPs
are brought closer to the ground truth (dotted lines), after addition of the AE evidence.

the VOP is available in the modulation spectrum energy and it is further enhanced by computing its
slope using first order difference. These enhanced values are convolved with FOGD operator and the
convolved output is the evidence obtained from modulation spectrum energy. All three evidences are
combined to get final evidence for VOP and VEP. The positive and negative peaks in the combined
evidence signal are marked as the VOP and VEP, respectively.

Improved events detection using evidence from Bessel Function: Evidences obtained
using ES and SSM methods are enhanced in this work by adding the evidence obtained from the AE
function of the vowel enhanced signal. Normally, the evidence from AE function will have a strong
peak at VLROP and VLREP compared to other speech region within the same VLR. Adding this
evidence will enhance the existing evidence and the peaks in the combined evidence will move towards
the ground truth VLROPs and VLREPs. After adding the evidences, same procedure is followed for
the respective methods for obtaining the two events.

Figure [3.5 and Figure illustrate the enhancement procedure for ES and SSM, respectively.
Figure (a) shows the speech signal for the phrase “she had your dark”. The dotted lines are
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Figure 3.6: Illustration on the procedure for enhancing the SSM-based VOP and VEP evidences using AE
function. The dotted lines refer to the ground truth VOPs and VEPs. a) Speech signal for the phrase “she
had your dark”, b) VOP evidence obtained using SSM method, ¢) VEP evidence obtained using SSM method,
d) VOP and VEP evidence obtained from AE function, €) VOP evidence obtained after adding AE evidence
shown in (d) to the SSM evidence shown in (b), f) VEP evidence obtained after adding the inverted AE evidence
shown in (d) to the SSM evidence shown in (c¢). Arrows in (b) and (e) refer to the detected VOPs and arrows
in (c) and (f) refer to the detected VEPs. Detected VOPs and VEPs are brought closer to the ground truth
(dotted line), after addition of the AE evidence.

ground truth VLROPs and VLREPs. Figure (b) and (c) show the VLROP and the VLREP
evidences of the speech signal shown in Figure (a), using ES method. Figure (d) shows the
evidence obtained using the AE function. The dotted lines in the figure denotes the ground truth
VLROPs and VLREPs. Figure (e) and (f) show the VLROP and the VLREP evidences after
adding the evidence obtained from the AE function. The ES evidences in Figure (b) and (c) have
some peaks which are much deviated from the ground truth VLROPs/ VLREPs. In case of combined
evidences in Figure (e) and (f), the peaks are comparatively closure to the ground truth events.
One such case for onset is the peak just to the right of 0.3 s. In Figure (b), the peak is much
deviated from the ground truth which comes closer in Figure (e) after combining the proposed
evidence. Figure [3.6] shows similar plots using SSM method. In Figure [3.6| also, same trend can be
observed. For example, the peak just to the left of 0.5 s (in Figure (b)) is brought closer to the
ground truth VOP (in Figure (e)) by adding the AE evidence. Similarly, the peak just to the left
of 0.2 s in Figure (c) is brought closer to the ground truth VEP as shown in Figure (f).
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3.3 VLROP and VLREP detection using Bessel features

3.3.3 Performance evaluation

Performance of the proposed method is evaluated by taking 100 sentences from test set of TIMIT
database containing around 1000 VLROPs and VLREPs. All VLROPs and VLREPs are manually
marked to obtain the ground truth. The performance of VLROP and VLREP detection is measured

using the following parameters:

e Detection rate (DR): Percentage of VLROPs/ VLREPs that are detected within 40 ms of ground

truth;

e Spurious rate (SR): Percentage of VLROPs/ VLREPs that are detected beyond 40 ms of ground

truth;

e Detection Accuracy: Percentage of VLROPs/ VLREPs that are detected within 10 ms, 10 to 20

ms, 20 to 30 ms and 30 to 40 ms. This is shown by plotting histograms.

Table shows the performance of VLROP/ VLREP detection in terms of DR and SR. Perfor-
mance of AE method is evaluated and it is found that SR is very high. This is due to the spurious
peaks in the AE evidence. Individual performances of ES and SSM are compared with corresponding
combined performances (AE+ES and AE+SSM). Improvement is achieved in terms of both increased
DR and reduced SR. Combining all three evidences increases DR, but also increases SR significantly.
The increase in DR after combining the evidences is because of the ability of the evidences to capture
different attributes of the speech signal, namely, source, vocal tract and information related to the
modulation spectrum. However, this may also lead to increased number of spurious peaks, as the
sources of these peaks are different. If there is a strong spurious peak in one evidence, the addition of

other evidences sometimes can not nullify its effect.

Table 3.3: VLROP/ VLREP Detection Performance

Method VLROP VLREP
DR (%)[SR (%)|DR (%)[SR (%)

AE 95.41 15.39 90.13 22.67
ES 94.06 8.17 92.14 10.09
ES+AE 95.33 6.63 92.95 8.82
SSM 93.56 9.03 87.21 14.76
SSM+AE 95.12 7.64 89.31 12.87
ES+SSM+AE| 95.69 12.50 93.34 15.48
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Figure 3.7: VLROP/ VLREP detection accuracy (or detection time error) in terms of percentage of VLROP/
VLREP detected within 10, 20 30 and 40 ms of the ground truth. a) VLROP detection accuracy with ES and
ES+AE evidence, b) VLREP detection accuracy with ES and ES+AE evidence, ¢) VOP detection accuracy
with SSM and SSM+AE evidence and d) VEP detection accuracy with SSM and SSM+AE evidence.

Figure shows the histograms presenting the accuracies of VLROP/ VLREP detection by dif-
ferent methods. Percentage of VLROP/ VLREP detected within 10, 20, 30 and 40 ms region on both
sides is plotted to illustrate the gain in accuracy. Figure (a) shows the histogram for VLROP case
before and after adding the AE evidence to the ES evidence. Figure (b) shows the histogram for
the VLREP case. In both the cases, it can be seen that the percentage of VLROPs/ VLREPs detected
within 10 ms is significantly high in the combined evidence compared to the ES alone. Figure (c)
and (d) shows similar histograms using SSM. Around 8% of improvement is achieved within 10 ms

region after adding the AE evidence.

3.4 VLRs detection using source and vocal tract information in sta-

tistical framework

Existing methods in the literature for VLR detection use excitation source information [1},37].
Excitation source information normally captures the impulse-like excitation of the source. However,
impulse-like signal present in the non-VLRs and even in background noise are also sometimes detected
as VLRs, increasing the spurious rate. Moreover, excitation source information indirectly depends on
the signal energy. Sometimes, semivowels with low energy are not detected resulting in reduced
detection performance. Therefore, vocal tract system information is required for eliminating the

spurious detections and for detecting the missed VLRs. In the previous section, a method was proposed
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to increase the detection accuracy of some existing techniques. Although the Bessel feature based
evidence basically exploits the vocal tract information, frame level VLR detection rate can only be
improved by using the evidence in a statistical framework. Moreover, other vocal tract features, such
as MFCCs, vocal tract constriction feature etc. cannot be used in a signal processing framework
as discussed in the previous section. In this section, all these features are combined and used in a
SVM framework to classify speech into VLLRs and non-VLRs frames. Signal processing based methods
using threshold are suitable for detecting events, such as, VLROP and VLREP, because these are
instant properties. On the other hand, VLR detection involves detection of a region rather than an
instant and hence, statistical classifier is expected to perform better as it can learn the underlying

class information.

3.4.1 Analysis of the ES based VLR detection

In this subsection, we will analyze the spurious and miss detections by ES based method. Spurious
VLR detection is measured by calculating the spurious rate (SR) SR is the percentage of detected
VLR frames that are matched with reference non-VLR. Miss detection is calculated from the identifi-
cation rate (IR). IR is the percentage of reference VLR frames that are matched to detected regions.
Miss rate (M R) is obtained by subtracting IR from 100%. For improving the detection performance,

~

SR and M R must be minimized.

Table 3.4: Analysis of spurious and miss detections by ES method.

Spurious detection Miss detection
Sound category | SR(i) (%) | Sound category | MR(i) (%)
Nasal 25.45
Voiced stop 15.63 Vowel 34.10
Unvoiced stop 18.32
Voiced fricative 17.97
Unvoiced fricative 20.73 Semi-Vowel 65.89
Non-speech 1.87

Spurious detections for different sound categories are analyzed. Number of spurious frames for
different broad categories, such as, nasals, voiced stops, unvoiced stops, voiced fricatives, unvoiced
fricatives and silence are calculated. Length and number of examples of different sounds are different.
Therefore, for proper analysis, the number of spurious frames (N,(7)) in the it? category is normalized

(divided) by the total number of frames (N (7)) available in that category. Then, spurious rate (SR(7))
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for the ith category is calculated using the following formula,

R Nsp(i)
SR() = —YD 4100 (3.9)

% Ny (i)

where, M is the total number of broad sound categories. Similar procedure is followed for category
wise miss rate (M R(i)) calculation. Spurious and miss detections for different sound categories are
shown in Table[3:4f Whole TIMIT test set is used for performing the analysis. It is found that mostly
nasals are detected wrongly as VLRs. Following the nasals, unvoiced fricatives have the second most
spurious rate. Unvoiced stops and voiced fricatives have similar values and voiced stops have the least
spurious rate among different categories. There are very few spurious VLRs in the non-speech region.
Similarly, semivowels are mostly detected as non-VLRs resulting in a reduction in the IR.

The reason for the spurious and the miss detections is as follows. ES based method explores the
excitation characteristics for VLR detection. Excitation characteristics of nasals and other voiced
consonants are similar to the VLRs. Only difference is that the characteristics are weaker in case of
the nasals and other voiced consonants. Sometimes, these sounds are produced with high energy and
the excitation characteristics become as prominent as the VLRs. This leads to spurious detection in
those regions. Sometimes, the random impulse-like excitations in the unvoiced frication region also
become significant and they are captured as the VLRs. Similarly, due to moderate constriction in
the vocal tract, semivowels have lesser energy than the vowels and hence, they are more likely to be
missed. When the semivowel is produced very weakly compared to the adjacent vowel, the excitation
characteristics become weaker and the algorithm fails to detect those regions.

Figure illustrates the spurious and miss detection by ES method for the phrase “ek manuram”
of Assamese, which contains three nasals and one approximant. Figure (a) shows the speech signal
along with detected VLRs, Figure (b) shows the VLROP evidence with hypothesized VLROPs
(arrows) and Figure[3.§| (c) shows the VLREP evidence with hypothesized VLREPs (circles). It is seen
that the first nasal region around 0.3 s is wrongly detected as VLR giving rise to a spurious detection.
Similarly, the approximant /r/ around 0.6 s is not detected as a VLR. This can be illustrated as
follows: The VLROP and the VLREP evidences capture the information whenever there is a change
in the excitation strength. Nasals are quasi-periodic with excitation source information in it. So

whenever a high energy nasal is followed by a relatively low energy vowel, evidences may not be able
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Figure 3.8: Illustration of spurious and miss detection by ES method a) Speech signal with detected VLRs
b) VLROP evidences with hypothesized VLROPs (arrows) ¢) VLREP evidences with hypothesized VLREPs
(circles).

to capture the change in the signal strength at the onset of the vowel. Instead, the same is captured
at the onset of the nasal. Similarly, the relatively low signal strength in the approximant region is

captured and not declared as a VLR.

3.4.2 Complementary information from source and system for VLR detection

It is observed from the analysis that the source information alone is not sufficient. Spurious
detections and misses can be reduced by exploring information other than the excitation source. Vocal
tract system information present in MFCCs can be used in a statistical framework. VLR detection
is a binary classification task, therefore, SVM will be suitable for this task. Apart from MFCCs,
other vocal tract representatives, such as, Bessel features and vocal tract constriction information
are extracted and added to the excitation source based features. The features and their frame level
extraction procedures are described below.

MFCCs are well known in the literature for capturing the vocal tract information. Conventional
13 dimensional MFCCs are extracted using frame size of 20 ms with a shift of 5 ms. A pre-emphasis
factor of 0.97 is employed for speech analysis and a 21-channel Mel filterbank is used for MFCC
computation. Bessel feature is extracted using the same process as discussed in the previous section
although with some alteration. AE function of the vowel enhanced signal obtained using the Bessel
expansion and AM-FM model is z-score normalized and is used as a feature without convolving with
the Gaussian differentiator. The feature gives high value for VLRs and low value for other regions.

For the sake of performing frame level processing, the feature values are averaged over 5 ms duration,
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computing one value for every frame.

Another feature capturing the vocal tract constriction information is also used for VLRs detection.
Vocal tract constrictions are analyzed and an evidence for approximately measuring the amount of
vocal tract constriction is proposed. The evidence shows high value with high constriction and low
value for less constriction. VLRs are produced with relatively lower amount of constriction than the
non-VLRs and hence, the evidence can be used as a feature for VLR detection. The evidence for
constriction is obtained by computing the ZFFS. The detailed analysis of vocal tract constrictions
and procedure for estimation of the evidence will be described in Chapter [4 It involves an epoch
synchronous processing for extracting the feature. The feature value at j** epoch position is repeated
until (5 4+ 1) epoch position. Finally, feature values are averaged over every 5 ms duration to get
frame level values. These 15 dimensional (13 MFCCs, 1 AE and 1 VTC) features are used as vocal
tract feature for VLR detection.

Smoothed evidences obtained using HE of LP residual of speech and rate of change of excitation
strength obtained using the ZFF operation, as discussed in the previous section, are used as excitation
source features. Unlike the signal processing based method, the evidences are not convolved with the
Gaussian differentiator. Features are z-score normalized and averaged over 5 ms duration to get frame

level values.

3.4.3 Database for VLR detection evaluation

VLR detection is carried out using a SVM classifier. Therefore, a labeled database is required for
the training process. TIMIT database contains transcription with phone level boundaries [24], [25]
and is used for training and evaluating the system. Five non-overlapping subsets are prepared from
the TIMIT train set for tuning the SVM parameters using cross validation. Each subset contains 80
sentences and around 20,000 frames. For cross validation, the system is trained using four subsets
(320 sentences) and tested with the remaining one (80 sentences). This process is repeated five times
(5 folds), with each of the 5 subsets used exactly once as the testing data. Finally, a different subset
is trained using the best parameter set and entire TIMIT test set (containing 1680 sentences) is

evaluated.

TH-1618_11610209

62



3.4 VLRs detection using source and vocal tract information in statistical framework

3.4.4 SVM system

SVMs are not used for VLR detection in literature, but, since SVMs are well suited for binary
classification tasks and have shown considerable success in a variety of domains, we use it for this task.
In [140], a sonorant detection scheme was presented using MFCCs and SVMs. Here we use MFCCs
as well as some other source and vocal tract information as features and SVMs as the classifier for
classifying two classes, namely, VLRs and non-VLRs. LibSVM [141] toolkit is used for the study. All

experiments are carried out with a radial-basis function kernel.

3.4.5 Experimental results

There are two parameters to be tuned for the experimental evaluation. One is the penalty weight
P,, and the other is the width parameter Y of the radial basis function kernel. Five subsets prepared
from the TIMIT train set are used for the cross validation. At a time one subset is used for testing
and the rest are used for training. The penalty weight P, = 32 is found to give the minimum cost.
The width parameter Y = 1072 is found to be the best for MFCC features and Y = 102 is found to

be the best for all other features.

Table 3.5: VLRs detection performance on cross validation sets.

Features Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average

IR | SR|IR | SR |IR [ SR|IR | SR |IR | SR | IR | SR
ES 88.32 | 12.60 [ 87.90 | 9.62 |88.53 | 11.69 | 87.81 | 11.25 | 87.62 | 12.40 | 88.03 | 11.51

ES+AE 90.43 | 9.97 | 88.22| 8.16 | 88.81| 9.15 [ 89.32 | 9.18 | 88.77 | 9.77 | 89.11 | 9.24
ES+AE+VTC 90.78 | 9.10 [89.65| 7.92 [90.33| 9.32 | 90.04 | 8.82 |90.42| 9.27 | 90.24 | 8.86
MFCCs 94.13 | 7.28 [93.31| 7.29 |92.77 | 7.09 [93.27 | 8.11 [ 93.25 | 6.47 | 93.34 | 7.24
ES+AE+VTC+MFCCs | 96.03 | 11.59 | 95.27 | 10.78 | 94.94 | 11.55 | 95.33 | 11.98 | 95.79 | 11.49 | 95.47 | 11.47

Performance is evaluated in terms of IR and SR. Table 3.5 shows the five-folds cross validation
performance for the best set of parameters. Similar trend is observed in all different data sets. When
AFE and VTC features are used along with the ES features, the performance is increased in terms
of both IR and SR. Addition of MFCCs further increases the detection performance. Since SVM
parameters are different for MFCCs and for other features, combination is performed at the output
level instead of combining at the feature level. Output level combination is done by adding the VLRs
detected by using the four dimensional features (2 ES, AE and VTC) to the VLRs detected by using
MFCCs.
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Finally, a different training set containing 300 sentences is used for training the SVM system
using the tuned parameters. The trained models are then used for evaluating the whole TIMIT test
set. Table shows the performance of VLRs detection. SP based method using excitation source
information gives 81.82 % IR and 12.65 % SR. In this thesis, SP method denotes the threshold based
signal processing methods which does not use any classifier or learning algorithm. Introduction of the
SVM framework for the same set of features increases the IR to 88.50% and reduces the SR to 11.27
%. Addition of AE and VTC features to the excitation source features further increases the IR and
significantly reduces the SR. MFCCs alone gives 92.88 % IR and 7.18 % SR. When VLRs detected
by MFCCs and other features are added, the IR increases to 95.12 % with some increment in SR as
well. Thus, the use of complementary information from source and vocal tract in a SVM framework

significantly improves the performance of VLR detection compared to the existing SP based method.

Table 3.6: VLRs detection performance on TIMIT test set.

Method Features IR (%)|SR (%)
SP ES 81.82 12.65
ES 88.50 11.27
SVM ES+AE 88.66 7.85
framework ES+AE+VTC 89.92 7.52
MFCCs 92.88 7.18
ES+AE+VTC+MFCCs| 95.12 10.43

3.5 Summary

In this chapter, we discussed the issues related to manual marking of VLROP and VLREP events.
A method is proposed to mark the VLROP in a complicated case when there is a VA unit present before
the VLR. VLROP and VLREP detection performance is improved by using Bessel expansion and
AM-FM model. Speech signal is bandpass filtered to get a narrow-band signal having low frequency
components. This is done by choosing appropriate Bessel coefficients to emphasize the vowel regions.
Narrow-band signal is modeled as an AM-FM signal and its amplitude envelope is detected using
discrete energy separation algorithm. It is shown that the evidence obtained from the amplitude
envelope gives peaks very close to the VLROPs and VLREPs. This evidence when added to some of the
recent existing evidences for detection of VLROP/ VLREP, gives an improved result. Improvement is

achieved in terms of accuracy. The percentage of VLROP/ VLREP detected within 10 ms is increased
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significantly, compared to the existing methods.

Limitations of the existing excitation source based VLR detection are also analyzed in this chapter.
SP method gives significant number of spurious detections. Excitation source information sometimes
fails to detect quasi-periodic sounds like nasals, voice bars etc as non-VLRs. Changes in the excitation
strength in a semivowel-vowel pair or in a diphthong containing one vowel with relatively low energy
causes a miss. To reduce the spurious detections and misses, complementary information from source
and vocal tract are used. Different vocal tract features, such as, MFCCs, VT'C and Bessel feature are
used in addition to the excitation source features. All these features are used to detect VLRs in a
SVM framework. The proposed method gives around 13 % improvement over the SP method in terms
of VLR detection rate. Use of combined information gives around 2 % improvement in DR over the
MFCCs alone.

In the literature, the VLR detection was performed by detecting the two events (VLROP and
VLREP) associated with it [1,37]. In contrast to existing literature, in this work, we consider the
VLR and the events detection as two different tasks. This is because, VLR is a region property,
whereas, the event is an instant property. The SP based methods are better in terms of detection
time error, and hence, they are suitable for the events detection task. On the other hand, statistical
models can learn the underlying class information better, and hence, they perform well in terms of
frame level VLR detection. Depending on the application, any one of the two methods can be used.
Once the VLROP and the VLREP events are detected by the SP method, the region between the two
events can be considered as the detected VLR. Similarly, once the VLRs are detected by the statistical
method, the starting and end points of the VLR region can be considered as VLROP and VLREP,
respectively.

For phone recognition using the proposed framework presented in this thesis, both VLR and events
detection are important. Therefore, both the methods will be used for our study. For using the SVM
based statistical method, a labeled database is required. In case of absence of labeled database, HMM-
based statistical systems will be used for getting the phone boundaries. These types of VLR detection
will be discussed in later chapters. In the following chapter, we analyze vocal tract constrictions and

show its use in non-VLR recognition as well as in limited data vowel recognition.
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Objective

The objective of this chapter is to analyze the vocal tract constrictions (VTCs) and demonstrate
an evidence using zero frequency filtering (ZFF) that gives an approzimate measure of VTC in terms
of the low frequency component present in the speech signal. The wvocal tract is completely closed in
the case of voice bars and nasals and is wide open for low vowels. Intermediate cases are for high
vowels, semivowels, laterals, voiced fricatives and other sounds. Vocal tract constriction affects the
spectrum by reducing the first formant and attenuating the amplitude of the spectrum. The attenua-
tion is relatively high in higher frequencies resulting in an increase in the low frequency component.
The proposed method exploits the sinusoid like nature of ZFF signal (ZFFS) to obtain the evidence.
Epoch synchronous analysis is performed and the ZFFS between successive epochs is compared with the
corresponding speech segment using a cosine kernel. The low frequency dominant voiced regions match
closely with ZFFS as compared to other regions and hence give higher value. This evidence when
used as a feature gives relatively higher performance for the constricted phones in an HMM based
phoneme recognizer. Another objective is to use the evidence as vowel height feature along with other
acoustic-phonetic features related to vowel roundedness and frontness for vowel recognition. Frontness
and roundedness features are extracted by estimating formants using methods such as STRAIGHT,
Fourier Transform (FT), Hilbert envelope of numerator group delay (HNGD) spectrum of zero time
windowed speech and Fourier Bessel transform (FBT). The vowel height, frontness and roundedness

improve the vowel recognition performance under limited training data condition.

4.1 Introduction

One of the objectives of this thesis is to treat the vowel-like regions (VLRs) and non-VLRs sepa-
rately and to extract acoustic-phonetic features suitable for the two broad categories. VLR detection
methods are discussed in the previous chapter. In this chapter, we make an effort to extract some
VLR and non-VLR specific features suitable for phone recognition. For extraction of VLR or non-VLR
specific features, it is essential to analyze the speech signal from production point of view. VTC is one
of the important production characteristics. VLRs and non-VLRs are produced with different amount
of constriction in the vocal tract. Non-VLRs are produced either with a complete closure or a narrow

constriction in the vocal tract. On the other hand, VLRs are produced without any constriction or
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with a moderate constriction. A complete closure in the production of a non-VLR unit results in a
closure bar followed by a burst-release. A narrow constriction in the vocal tract results in frication
noise. Thus, VTC indirectly contains information related to closure bar, bursts, frication noise etc.,
which are important acoustic cues for automatic recognition of non-VLR units. Similarly, in case of
vowels, VT C represents the vowel height. High, mid and low vowels can be distinguished by studying
the VTC information. Therefore we attempt to analyze the VITCs to derive features suitable for
non-VLRs and VLRs.

Different kinds of sound units have been studied in acoustic phonetics literature [27,28]. In [142],
using vocal tract simulation and synthesis, it was shown that formants for vowels were very sensitive
to changes in VTC cross section. A similar study was carried out in [143] to see the effects of
VTC on production of vowels. The relation of VT'C location to voiced stop consonants identification
task is demonstrated in [144]. Recent work includes finding the dominant resonant frequencies for
acoustic segmentation of speech using zero time liftering [145]. The present work analyzes the acoustic
characteristics of different sound units in terms of VT'C using a zero frequency filter (ZFF). The
motivation is to obtain an approximate measure of the VIT'C, which in turn may give some distinction
among sound units with different levels of VT'C. Due to change in vocal tract configuration, many
changes occur in the source amplitude and spectrum. As a result of VTC, source amplitude reduces,
first formant (F;) decreases, Fi bandwidth increases and overall spectrum decreases with a relatively
high reduction in amplitude in higher frequencies [27,28]. This leads to increase in the low frequency
component below F; compared with unconstricted sound units [27]. Thus the low frequency component
is maximum in sounds with complete VI'C and minimum in sounds with wide open vocal tract
configuration. ZFF is a 0 Hz resonator whose output is an exponentially growing/decaying function of
time [146]. The trend removal operation using a window equal to average pitch period in the output
is performed to obtain the final zero frequency filtered signal (ZFFS) [146]. Thus the whole operation
is like bandpass filtering, which passes low frequency component around the fundamental frequency
(Fp). In time domain, the ZFFS looks like a sinusoidal signal oscillating with frequency approximately
equal to Fy. This nature of ZFFS is exploited and a method is proposed to obtain the measure of
low frequency component present in the speech signal. The resulting measure is demonstrated to be
approximately proportional to the level of VTC.

The epochs are the instants of significant excitation corresponding to glottal closure, glottal open-
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ing, onset of burst and random instants in frication |146]. The ZFFS and speech signal between two
successive epochs are compared using a cosine kernel. The speech signal in case of constricted sounds
such as voice bars and nasals, looks like a sinusoidal signal as the amount of low frequency component
is high. The cosine kernel matching with ZFFS may therefore give a high value. The low vowels
are produced with wide open oral cavity and hence cosine kernel value may be low. Other voiced
sounds such as high vowels, glides, liquids and voiced fricatives are produced with relatively moderate
constriction. The cosine kernel, therefore, may give intermediate values and show trend according to
the amount of constriction in the vocal tract.

As an application to the speech recognition task, the evidence obtained by cosine kernel matching
is used as an additional feature in a HMM based phoneme recognition system [22]. The system gives
better performance for various constricted phones after adding the proposed evidence as compared
to the 39 dimensional MFCC feature based system having 13 raw MFCCs and their first and second
order derivatives.

Effectiveness of the evidence is shown in the limited data vowel recognition as well. In case
of sufficient data, machine learning algorithms can capture relevant information only from MFCCs.
However, under very limited training data, data driven systems fail and there is a need for exploring
knowledge based acoustic-phonetic features. The VTC evidence is used as vowel height feature and
two parameters are proposed to be estimated for vowel roundedness, namely, center of gravity of the
formants and amplitude of the third formant. For vowel frontness, one parameter is proposed to be
obtained by computing the spectral energy in the 500-1400 Hz range. These acoustic-phonetic features
are added to the MFCCs and used for vowel recognition under limited training data condition. It is
hypothesized that, the proposed acoustic features should provide better description among different
vowels and hence improved recognition performance.

The rest of the work is organized as follows: Section describes the method for deriving the
proposed evidence. Section [£.3] shows analysis of the evidence in various VTC cases. Section [4.4]
describes the evidence as an application to a phoneme recognition system. Use of VTC evidence as
vowel height feature is demonstrated in section Section describes the procedure for extraction
of vowel roundedness and frontness features. Section [4.7] demonstrates the use of acoustic-phonetic

features for limited data vowel recognition and section summarizes the chapter.
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Figure 4.1: (a) Voice bar region, (b) Zero-frequency filtered output of signal. Arrows show the epoch locations
and (c) Inverted difference of ZFFS.

4.2 Vocal tract constriction evidence using ZFF

The evidence for low frequency dominant sounds is obtained by exploiting the sinusoidal nature
of ZFF signal. The constriction of vocal tract dampens high frequency components in the resulting
speech signal. For instance, in case of complete closure like voice bars, the resulting speech signal
predominantly contains a low frequency component and looks like a sinusoidal signal. Accordingly,
sounds containing dominant low frequency components exhibit high similarity in temporal domain
with the sinusoidal like ZFFS, which is also low frequency dominant. This characteristic of ZFFS is
exploited to obtain the proposed evidence about the VT'C.

The ZFFS can be computed from the speech signal in two steps [146]. First, compute the output

of a cascade of two ideal digital resonators at 0 Hz.

4
y(n) = — " axy(n — k) + 2(n) (4.1)
k=1

where a; =4, ag = —6, a3 = 4, ay = —1 and z(n) is the differenced speech signal. Then, remove the

trend i.e.,

z(n) = y(n) —y(n) (4.2)

where g(n) = (1/(2N + 1)) Z%:_N y(n +m) and 2N + 1 correspond to the average pitch period
computed over a longer segment of speech. The trend removed signal z(n) is the ZFFS.

The positive zero crossings of the ZFFS will give the location of epochs [146]. Figure [£.1j(a) shows
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Figure 4.2: Speech signal with the proposed evidence. The proposed evidence shows very high value for voice
bar regions and very low value for low vowels.

the voice bar portion of a speech signal and Figure (b) shows its ZFFS. The arrow markings show
the epoch locations. The epoch location corresponds to zero crossing in ZFFS and to peak in the voice
bar signal. To make both signals in same phase, difference of ZFF signal is computed and inverted.
The obtained signal is shown in Figure (c) To find the correlation between the two signals, an
epoch based analysis is performed. Epoch interval is defined as the interval between successive epochs.

In every epoch interval, ZFFS and speech signals are compared using the cosine kernel given by,

< 2’ (n), 2 (n) >
£ = T Zm) (43)

where, z'(n) and 2'(n) are the speech signal and the processed ZFFS respectively between successive
epochs. The cosine kernel value k is proposed to be the measure of the match between the two.
Figure 4.2 shows a portion of the speech signal for the utterance she had your dark suit in greasy
wash water all year taken from TIMIT database. Figure also shows the cosine kernel evidence.
To make this evidence equal to the length of speech, the cosine kernel value is computed at every
epoch location and the value is duplicated until the next epoch location is reached. The figure shows
the behavior of evidence for different sounds. Evidence shows a high value for the voice bar regions
(around 0.6 s and 0.9 s) and a very low value for the vowel regions (around 1 s). For other sounds

with relatively less constriction, the evidence shows an intermediate value.
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4.3 Analysis of VTC evidence

Different sounds in speech are produced by making different shapes of the vocal tract and exciting
it with a voiced or unvoiced source. Low vowel sounds are produced with the mouth wide open.
Stop consonant and nasal sounds are produced by complete closure of the vocal tract. Apart from
these two extreme cases, there are some sounds which are produced by making very narrow or modest
constrictions in the vocal tract. Fricative sounds are produced with very narrow constriction, and
semivowels, laterals and high vowels are produced with relatively moderate constriction.

As a result of constriction in the vocal tract, many changes occur in the spectrum. A number of
different physical mechanisms like viscosity, heat conduction, radiation, vocal tract walls etc. can cause
acoustic losses in the vocal tract resonator and each of these contributes to increasing the bandwidths
of the natural frequencies of the resonator. These parameters contribute most of the bandwidths to
higher formants in unconstricted sounds whereas in sounds with constrictions, the bandwidth of first
formant increases significantly and that of higher formants decreases [27], [71]. A reduction in the area
at any point in the vocal tract produces a drop in F}. The overall amplitude of the spectrum decreases
with relatively more attenuation in the higher frequencies [27]. F; drop and amplitude reduction is
significant in complete closure and narrow constriction cases while the effect is less for moderate
constrictions [27]. As a result of these effects, the low frequency component increases compared with
higher frequencies. In case of voice bars, the dominant low frequency is around 180 to 200 Hz [27]. In
nasal sounds too, the vocal tract is completely closed, but due to the effect of nasal tract, dominant
low frequency shifts slightly towards 250 Hz [147]. For low vowels where the mouth is wide open, F} is
higher than the constricted cases and the higher formants also carry significant energies. As a result,
the very low frequency component decreases as compared to constricted sounds. The VTC evidence
gives a measure of the very low frequency component present in the signal and hence gives different

range of values for different types of sounds.

4.3.1 Voiced sounds

The VTC evidence shows an increasing trend as the constriction increases in case of different voiced
sounds. Different broad categories of voiced sounds in the decreasing order of amount of constriction
are voice bars and nasals, voiced fricatives, semivowels and high vowels, liquids, and low vowels. The

distribution of cosine kernel values for these broad categories is plotted in Figure Entire TIMIT
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test set is used for finding the distribution. Distribution curves from left are for low vowels ([aal,
[ah], [ae]), liquids ([r], [1]), high vowels ([ih], [iy], [uh], [uw]), glides ([w], [y]), voiced fricatives ([v],
[hv], [hh]), nasals ([m], [n], [ng]) and voice bars ([gcl], [dcl], [bcl]). Low frequency characteristics of
the two extreme cases (low vowels and voice bars) can be seen in the plot as described before. Some
low values can be seen in the voice bar case because of the silence present in the labels [gcl], [dcl]
and [bcl] considered as voice bars. Due to intervention of nasal tract, the dominant low frequency is
increased (around 250 Hz) for nasals and hence the distribution is shifted towards left as compared
to the voice bars even though the amount of constriction is same. Voiced fricatives are produced
with a very narrow constriction by the glottal folds vibration. Due to constriction, Fj falls at the
vowel-consonant boundary [27]. The ZFF signal correlates with the speech signal, but this correlation
is less compared with the nasals and voice bars because of the presence of high frequency noise in the
spectrum. Glides are produced with a relatively moderate constriction and F} is slightly higher than
nasals, with some energy in the higher frequencies as well resulting in a distribution similar to that
of high vowels. Liquids are produced with constriction comparatively shorter than glides. The vocal
tract airways cannot be approximated by a simple tube, rather the tongue is shaped in such a way
that there is bifurcation of the airway. F} is slightly higher than glides (around 400 Hz) and there is
an additional resonance above Fy [27]. The evidence distribution for liquids is thus found to be less

than that for the glides and high vowels.
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Figure 4.3: Distribution of VTC evidence for different voiced sounds.
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4.3.2 Vowels

Figure {4.4] shows distribution curves for vowels with different tongue positions. From left, the
distribution curves are for low vowel [aa], low-mid vowel [ae], mid vowel [eh] and high vowels [iy] and
[uw]. The trend according to tongue position or vowel highness is reflected in the distribution curves.
For high vowels, I} is less as compared to low vowels. Also there is a deeper spectral valley in the
frequency range below Fj for low vowels as compared to high vowels, which have spectra with only
narrow and shallow low-frequency dip in the spectrum below Fj [27]. For mid vowels, the difference

F) — Fy is intermediate between high and low vowels [148], which is reflected in the distribution curves.

0.3 Low vowel [aa] :";/ |
""" Near—low vowel [ae] y
20'257 Mid vowel [eh] s |
‘?-; ool M High—back vowel [uw] R |
C High—front vowel .
2o0.15- [iy] ; B
s
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0.05- . _
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Figure 4.4: Distribution of the VT C evidence for different vowels.

4.3.3 Unvoiced sounds

Unvoiced sounds are mainly classified into two classes, unvoiced stops and unvoiced fricatives.
Unvoiced fricatives have most of the energy in higher frequency regions with dominant resonant
frequency higher than 2.5 kHz. The amount of very low frequency component is much less compared
with higher frequencies. Unvoiced stops have mainly two regions, burst and aspiration. Spectral
characteristics of aspiration region are same as that of unvoiced fricatives. However, the burst region
has an impulse like characteristic and energy is spread over the entire frequency range. Thus, the burst
region has relatively more energy in very low frequency than in the case of aspiration and frication
regions. As a result, overall distribution of evidence is shifted towards right for unvoiced stops as

compared to unvoiced fricatives. The distributions are shown in Figure [4.5

TH-1618_11610209

75



4. Analysis of Vocal Tract Constrictions and Vowel Specific Features

T T
—— Unvoiced fricatives
...... U i

o2l nvoiced Stops i
- mmnmn VOice bars
2
L
= 0.15 B
1<
L
2
E 0.1 ‘\"I\l‘l\I‘l\l‘m-‘l""'.,". N
£ ! 3
o ‘e

.
o.o5- /LNl e Y N
3
_______ s
______ s
0w T TTTmeeallllL .
T IAAPT LI Ll i . ) R LT T t‘m_
-0.4 -0.2 0 0.2 0.4 0.6 0.8 1

VTC evidence value

Figure 4.5: Distribution of the VTC evidence for unvoiced stops, unvoiced fricatives and voice bars.

4.3.4 Voiced and unvoiced sounds

The VTC evidence shows higher values for voiced consonants than corresponding unvoiced con-
sonants. Distributions for voiced and unvoiced stops are shown in Figure [4.5] Two well separable
distributions for voiced and unvoiced regions show the ability of evidence to discriminate sounds in

terms of source information present in it.

4.4 VTC evidence as a feature for recognition of non-vowel-like

sounds

The distribution of the VT'C evidence shows an increasing trend for voiced sounds as the constric-
tion in the vocal tract increases (Figures and [4.4). Even for unvoiced sounds, the evidence gives
slightly higher values for more constricted cases. Thus the evidence has potential as a feature for the
non-VLR or constricted sounds. Apart from this, the evidence has potential to discriminate among
voiced and unvoiced sounds as shown in Figure [4.5

To check the redundancy/ independency of the proposed VTC feature, canonical correlation anal-
ysis (CCA) is performed between the VTC feature and the 39 MFFCs as well as the highest absolute
weight feature (HWF) from the projection vector. CCA is used to find correlation among variables.
Suppose there are two vectors of random variables. CCA finds linear combinations of the vectors
which have maximum correlation with each other. If the features are more correlated, the correlation

value will be closure to 1.
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The CCA values are shown in Table It can be seen that even though correlation is present,
there is some information that is not captured by the MFCCs (as the value is less than 1) and
can be useful for phoneme recognition task. Similar CCA is also performed separately for different
constricted class labels where the correlation values are mostly less than all class case indicating that

extra information in the feature is more for the constricted sounds rather than other sounds.

Table 4.1: Level of canonical correlation

VTC with ‘All Class‘Stops‘Fricatives Affricates‘Nasals‘

39 MFCCs| 0.85 |0.81 0.87 0.76 0.72
HWEF 049 | 0.61 0.75 0.52 0.25

4.4.1 Recognition of constricted phones in a phoneme recognizer

A phoneme recognizer using HMM as classifier and 39 dimensional MFCCs as features is developed.
The VTC evidence is processed framewise and all values within a frame are averaged to obtain one
value. This value is appended to the 39 dimensional MFCCs and used as the 40" feature dimension.
Three different databases are used in the study. TIMIT database (462 speakers trainset and 168
speakers testset, each with 10 sentences [24], [25]) and reduced 39 phones as described in [22] are
used with the exception that the stop closures are merged with their corresponding stop bursts (e.g
[dcl] with [d]). Hindi broadcast news database used in [53] (15 bulletins for training and 4 bulletins
for testing) with phones described in [149] is used with the exception that the aspirated and the
unaspirated stops are not merged and considered as two separate phones for training the HMMs.
Thus 36 phones are used for Hindi.

Table 4.2: Absolute phone error rate (PER), with and without using the VT'C, and relative phone error rate

reduction (RPER) for different constricted classes. Also shows the t and p-value of the t-test carried out on
accuracy of different constricted phones.

Data Feat- Stops Fricatives Affricates Nasals t-test val.
-ures | PER | RPER | PER | RPER | PER | RPER | PER | RPER | t-value | p-value

TIMIT 39 27.41 3.64 31.01 2.19 34.55 2.74 31.79 1.73 291 0.008
40 26.46 30.33 33.60 31.24

Hindi 39 58.61 2.32 31.77 0.66 37.24 12.86 | 38.09 0.57 2.26 0.039
40 57.25 31.56 32.45 37.87

Context independent monophone HMMSs are built for each of these phones. A 3-state left to right
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Figure 4.6: Correction percentage (%C) and accuracy (%Acc), before and after appending the VT'C for various
constricted phones of TIMIT. (Scores under dotted lines have different range of values)

HMM model with a 16 mixture continuous density diagonal covariance GMMs per state is used to
model each of the classes. Embedded Baum Welch training for five iterations is carried out for model
parameters’ re-estimation. The open source HMM tool kit (HTK) [26] is used for building the phone
recognition system.

Performance evaluation: The performance is evaluated using the optimal string matching
algorithm based on dynamic programming [26]. The performance for different constricted sounds
belonging to stop, affricate, fricative and nasal classes are evaluated for baseline (39 MFCCs) and
proposed methods (39 MFCCs + VTC). Correction percentage and accuracy for all these sounds for
TIMIT database are plotted in histograms as shown in Figure An overall increment is observed
in terms of both correction percentage and accuracy for every class of sound. A paired t-test on
accuracy ensures the statistical significance (p-value < 0.05) of the improvement, which is shown
in Table Absolute phone error rate (PER) and relative phone error rate reduction (RPER) for
different constricted classes are also shown in Table[4.2|for all three databases. Significant improvement
is achieved after adding the VTC feature.

Analysis of improved performance: Majority of improvements in nasals and voiced stops are
in terms of reduction in confusions with vowels and unvoiced stops, respectively. Separate distributions

of the proposed feature help to reduce such confusions. Gain in performance for unvoiced stops and
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fricatives are in terms of reduction of deletion and insertions. Introduction of new evidence is helping

detection of some units which were undetected earlier. Figure [£.7 shows the analysis for TIMIT

database.
35 T
B 39 MFCCs
30 B 39 MFCCs -
+1proposed
25 feature N

Percentage

Confusions Confusions with Deletions Confusions with Deletions Insertions

with Vowels  Unvoiced Unvoiced
[} 44 _sounds 4 ¢ fricatives 4 4 L
Nasals  Voiced consonant Unvoiced consonant Fricatives

Figure 4.7: Major confusions reduction for various categories of sounds of TIMIT

4.5 VTC evidence as vowel height feature

The vowels are produced by the movement of tongue body and lip rounding. Vowel height is
determined by the relative vertical position of tongue body and vowel frontness is determined by
the relative horizontal position of tongue body. Vowel roundedness depends on whether the lips are
rounded or not in the production of the vowel. Features representing these three information may be
important for vowel recognition. The vowel height feature is discussed in this section and features
related to other two information are discussed in the next section.

The vowels are categorized into low, mid and high vowels based on the space between the tongue
and the palate (roof of the mouth). High vowels ([uh], [uw], [ih], [iy]) are vowels with a relatively
narrow space between the tongue and the palate, whereas, low vowels ([aal, [ae]]) are produced with a
relatively wide space. Tongue positions in mid vowels ([eh], [ah]) are roughly between the high and low
vowels. Vowel height reduces the first formant value which in turn increases spectral energy in very
low frequency region. A measure to account for the same is needed to quantify the height information.

In case of vowels, the VTC refers to the vowel height. An analysis of VI'C was performed in
section [1.3] To check the effectiveness of the VTC feature as the vowel height feature, its distribution
for different vowel categories according to vowel height is obtained. Entire TIMIT test set is used
for obtaining the distributions. The means and standard deviations of the distributions (considering

95% confidence level) are shown in Figure The bars represent the mean values and the standard
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Amplitude

Figure 4.8: Bar charts showing mean and standard deviation of feature values for different vowel categories.
The VTC feature is compared with three MFCC coefficients, Cy, C7 and C4 which are highly correlated to the

feature.

Table 4.3: Cohen’s d effect size of the feature distribution for different vowel heights. The VTC feature is
compared with three MFCC coefficients, Cy, C; and C4 which are highly correlated to the feature.

Vowel categories Effect size (d)
VIC | G | a1 | &
High Vs mid 1.09 | 0.40 | 1.58 | 0.17
Mid Vs low 0.81 0.22 | 0.57 | 0.70
High Vs low 1.96 | 0.15 | 1.98 | 0.88

deviations are marked with straight lines around the mean values. The vowel height feature shows
a decreasing trend with decreasing the vowel height. Effect size can also be used for analyzing the
effectiveness of the feature to distinguish different vowel heights. Effect size is the magnitude of the
difference between groups or distributions. Cohen’s d effect sizes for different combination of vowel
heights are computed and are shown in Table In all three cases, effects are found to be large
(effect size d > 0.5) and hence, the differences in the feature distributions are significant.

The MFCC coefficients capture different information related to the production of the sound. How-
ever, it is unknown how well a particular information is captured or which coefficient represents that
information. For example it is unknown which MFCC coefficients contain vowel height information.

However, by performing CCA it is possible to get the coefficients which are highly correlated to the
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vowel height feature and a comparison can be made. In section 4.4} a CCA was performed between the
VTC feature and the MFCCs for checking redundancy / independency of the feature. The analysis
gives a correlation value of 0.87 (for vowels) which infers that there is some extra information in the
feature which is not captured by the MFCCs. In the CCA, it is found that the top three highest abso-
lute weight features in the projection vector are Cy, C7 and Cy, respectively. These three coeflicients
are highly correlated to the vowel height feature and hence compared by plotting similar bar charts in
Figure [4.8] The coefficients Cy and Cy show an increasing trend with decreasing vowel height. There
is overlap among the distributions of different vowel categories. The overlaps are reflected in the effect
sizes shown in Table It can be seen that in two cases, the effect size d is less than 0.2 which
signifies a poor effect. In Figure the coefficient €, shows a decreasing trend with decreasing vowel
height. The trend is similar to the vowel height feature. However, overlapping between the mid and
the low vowel distributions in case of '} is more than the vowel height feature. This is reflected in
Table as the effect size in case of mid vs low is high for VT'C than Cy. Therefore, the proposed

feature will be more helpful in characterizing the vowel height.

4.6 Vowel roundedness and frontness features

The lip rounding affects the spectrum by lowering the center of gravity of formants and by reducing
frequency and amplitude of higher formants [27]. The frontness affects the spectrum by increasing the
second formant [27]. Therefore, proper estimation of the formants is essential for study of roundedness
and frontness.

Ideally formants should be extracted with small analysis window for minimizing the source infor-
mation. However, analyzing speech using a very short duration window smears information in the
frequency domain. In all-pole model [46], if size of the window is small, autocorrelation coefficients
are not estimated properly which affects the linear prediction coefficients. An attempt to remove the
effect of pitch period on the vocal tract system response is made in STRAIGHT [47], but it is based
on averaged spectral characteristics over the duration of the analysis segment. A recent method uses a
highly decaying window that is multiplied to the speech signal followed by group delay processing [48].
The Hilbert envelope of the numerator group delay coefficients (HNGD) gives good estimate of the
spectrum for very short segment of speech [48]. These spectrum estimation methods can be used to

study the acoustic-phonetic features of vowel.
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All of these spectrum estimation methods rely on the use of sinusoidal basis functions. The
basis functions in Fourier Bessel transform (FBT) are damped sinusoids and are shown to be better
representatives of speech signal [49], [50], [51], [52]. The FBT is used for various speech applications
in literature [51], [135], [150], [151], [152], [153]. These damped sinusoidal basis functions can also be
used to estimate the spectrum and formants for short speech segment. It is difficult to extract formant
directly from the FBT spectrum due to the presence of ripples in the spectrum. Therefore, Hilbert
envelope of the FBT (HFBT) spectrum is computed to smooth the spectrum. Different formant
estimation methods are briefly described in appendix [A] Vowel roundedness and frontness features are

derived from these spectra. The features are described in the subsequent sub-sections.

4.6.1 Vowel roundedness features

Two features are derived from the spectrum to represent vowel roundedness. These are center of
gravity of spectral peaks and amplitude of third formant. The features are analyzed as follows:

Center of gravity of spectral peaks (Rc,q): Vowel roundedness refers to amount of rounding
present in the lips during the articulation of the vowel. The lips form a circular opening while
producing rounded vowels, whereas lips are relaxed in the production of unrounded vowels. Lip
rounding decreases the center of gravity (CoG) of spectral peaks [27]. For high back vowels, rounding
decreases Fy value and increases spectral amplitudes at F; and F>. At the same time, amplitudes at
higher frequencies are weakened. For high front vowels, rounding decreases the spectral peaks formed
by Fy and F3. For low vowels, all three major formant frequencies (Fj, F» and F3) decrease due to
rounding. As a result, CoG of the spectral peaks decreases for rounded vowels. Therefore, CoG of
spectral peaks can be used as a feature for vowel roundedness. The feature will have a high value for
unrounded vowel and low value for rounded vowel.

The procedure of computing center of gravity is as follows: Spectrum is estimated from 5 ms
segment of speech using STRAIGHT, HNGD and HFBT. The frequency corresponding to five largest
peaks (P[1]-P[5]) are picked up using a peak picking algorithm. Spectrum amplitude (A4,[1]-A4,[5]) at
those frequencies are obtained and the feature (Rcog) is calculated using the following formula:

5
> 4yliPli

1

Rooa = (4.4)

(2
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Figure 4.9: (a) 5 ms segment of speech from the unrounded vowel /iy/, its (b) HFBT spectrum, and (c)
Fourier spectrum (d) 5 ms segment of speech from the rounded vowel /ub/, its (e¢) HFBT spectrum and (f)
Fourier spectrum. Vertical dotted line shows the center of gravity (CoG) of the spectral peaks. Horizontal
dotted line shows the amplitude of F3 (Aps).

Figure (a) and (d) show 5 ms segment of voiced speech from unrounded (/iy/) and rounded
vowel (/uh/, respectively. Corresponding HFBT spectra are shown in Figure (b) and (e), and FT
spectra are shown in Figure 4.9 (c) and (f). Vertical dotted lines show the CoG of the spectral peaks.
It can be seen that CoG is smaller for rounded vowel compared to the unrounded one.

Amplitude of third formant (Ar3): Rounding weakens the spectral peaks in the high frequency
region [27]. As a result, amplitude of the higher formants, such as, F3 and Fj decreases. Detection
of Fy is comparatively difficult than F3. Therefore, we explore amplitude of F3 for capturing vowel
roundedness information. The hypothesis is that the amplitude of the third formant decreases as
a result of rounding. For the same vowel height, the value is higher for unrounded vowel than the
rounded counterpart.

In case of HFBT, the formants in higher frequencies are enhanced (refer to appendix . If we
consider that the enhancement occurs by a factor S(f) (>1) and Appr and App are the normalized

amplitude of the third formant computed from HFBT and FT, respectively, then

Appr = S(f)Apr (4.5)

The scaling factor S is a function of frequency, because the enhancement is more for higher frequencies.

In case of unrounded vowels, F3 occurs at a higher frequency and scaling will be more compared
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4. Analysis of Vocal Tract Constrictions and Vowel Specific Features

to rounded vowels. Consequently, the difference Appr — App will be more for unrounded vowel
compared to its rounded counterpart. Thus, for HFBT, the roundedness feature is further improved
by computing the difference Appr — Apr. In case of HNGD, STRAIGHT and FT, the spectrum is
normalized by dividing each value by the maximum value and the normalized amplitude of the third
formant is directly used as feature for vowel roundedness. Horizontal dotted lines in Figure show
the amplitude of the third formant which is lesser for the rounded compared to the unrounded vowel.

Analysis of the vowel roundedness features: Similar to the vowel height feature, distributions
of the vowel roundedness features are computed for rounded ([uh], [uw], [aa]) and unrounded ([ih], [iy],
[ah]) vowels. Whole TIMIT test set is used to obtain the distributions. Means and standard deviations
of the distributions (considering 95% confidence level) are shown in Figure m For both Aps and
Rcoa, the rounded vowels have lower values than the unrounded vowels. The difference in the two
distributions can be observed in the figure. To further analyze the effectiveness of the features, effect
sizes of the feature distributions are computed and are shown in Table For both the features,
the effect size is found to be greater than 0.5 indicating significant difference between the distribution
of rounded and unrounded vowels. Therefore, the proposed features can be used for representing the
vowel roundedness information.

The proposed features are compared with the MFCCs to check if there is any extra information in
the features which are not captured by the MFCCs. A CCA is performed between the roundedness
features and the MFCCs. The correlation values are found to be 0.56 and 0.70 for Aps and Rcoogq,
respectively. Since the values are less than 1, it can be concluded that there is some additional
information in the proposed features. It is found that coefficients Cy, Cy and C are highly correlated
to Aps and Cy, C and C5 are highly correlated to Roog. Figure m (a) compares Aps with the top
three highly correlated MFCC coefficients. From the figure it is seen that distributions in case of both
Aps and Cy are equally separable in terms of vowel roundedness and distributions in Cs are highly
overlapped. This can be observed in Table as well. The effect sizes of Aps and Cj are almost
equal and the effect is poor in case of Cy. C shows a better separability than Aps. Similarly, Figure
4.10| (b) compares Rco with the top three highly correlated MFCC coefficients. In this case also it
is observed that C; and Cs are better separable than the proposed feature. However, the proposed
features are knowledge based and CCA shows that there may be some additional information in the

proposed features. Therefore, we use these acoustic-phonetic features for vowel recognition.
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Figure 4.10: Bar charts showing mean and standard deviation of feature values for different vowel categories.
Roundedness features namely, Aps and Rco¢ are shown in plot (a) and (b), respectively and frontness feature
(VF) is shown in plot (c). The acoustic phonetic features are compared with top three highly correlated MFCC
coefficients.

Table 4.4: Cohen’s d effect size of the feature distribution for different vowel heights. Proposed features are
compared with highly correlated MFCC coefficients.

Effect size (d)
Co Cy
049 | 1.14

Effect size (d)
Cy C3
1.76 | 1.83

Vowel categories Vowel categories

VF
1.44

Cy
0.24

Ars
0.53

Ca
0.13

C3
0.99

Rcoc
0.57

Rounded Vs Unrounded Front Vs Back

4.6.2 Vowel frontness feature

Vowel frontness is the degree to which the tongue body is moved forward in the production of
the vowel. Front vowels ([iy], [eh] etc.) are produced by moving the tongue body to the front and
back vowels ([uh], [aa] etc.) are produced by moving the tongue body to the back of the vocal tract.
Movement of the tongue body in front-back direction affects the second formant (F3) [27]. For front
vowels, Fy is high compared to back vowels. Typical F5 values for back vowels lie between 500-1400
Hz and front vowels have F5 value more than 1.5 kHz. This statement is based on the data tabulated
in [27]. As a result of decreased F» value in case of back vowels, the spectral energy in the range
500-1400 Hz is much higher than front vowels. Energy of the spectrum in this frequency band is

used as a measure of vowel frontness. Spectrum is computed from 5 ms segment of speech and vowel
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frontness (VF) measure is computed using the following equation.

p2
vE=Y 2 (46)
p

=P1

where, C), is the pth coefficient, and p; and ps are spectral coefficients corresponding to 500 Hz and
1400 Hz frequency, respectively.

Similar to the vowel height and the vowel roundedness features, distributions of the vowel frontness
feature are computed for front ([ih], [iy], [eh]) and back ([uh], [aa], [ah]) vowels. Entire TIMIT test set
is used to obtain the distributions. Means and standard deviations of the distributions (considering
95% confidence level) are shown in in Figure (c). It can be easily observed that the distributions
are significantly different. Effect size of the two distributions is computed and is shown in Table
The large value of the effect size (d=1.44) confirms that the feature distributions for front and back
vowels are well separable and hence, the proposed feature can be used as vowel frontness feature.

CCA between VF feature and MFCCs gives a correlation value of 0.77 and top three highest
absolute weight features in the projection vectors are found to be C1, C3 and Cy. These three MFCC
coeflicients are also shown in Figure (c) for comparison. It is seen from the figure that Cs and Cy,
similar to the VF feature, are showing a decreasing trend with increase in the vowel frontness, and C
is showing a reverse trend. It is also observed that VF, C; and C5 are almost equally well separable
in terms of vowel frontness. High effect sizes (shown in Table in case of these three features also

reflect the same.

4.7 Vowel recognition using acoustic-phonetic features in limited

labeled data scenario
Acoustic-phonetic features described in the previous sections are knowledge based; so they may be
used for recognition of vowels in limited data scenario. Recently, researchers are working in the area

of speech recognition for low resource languages. In this section, we will explore if acoustic phonetic

based features are helpful in building systems with very limited labeled data.
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4.7.1 Database

The TIMIT acoustic - phonetic database is used for the study. Since vowel recognition is performed
using limited training data, a number of subsets are prepared from the TIMIT trainset. Vowels are
separated from the sentences and isolated units are used for training and testing. TIMIT trainset
contains around 52048 examples of vowels and diphthongs from eight different dialects. Initially, three
subsets containing limited examples are derived from the database. Utterances are arranged by name
and top 60 examples from each dialect are extracted. Thus each set contains a total of 480 examples
of isolated vowels and diphthongs. Set I contains 30 examples from each of male and female speakers
data for each dialect. Set I and Set III contain only male and only female speakers data, respectively.
To study the influence of dialect, another eight subsets are prepared. From each dialect, 500 examples
(top 250 examples each from male and female speakers data, arranged by name) are extracted to form

eight different subsets (DR;-DRg). For all the experiments, entire TIMIT test set is used for testing.

4.7.2 Experimental results

Acoustic-phonetic features are normalized using z-score normalization and added to the 39 dimen-
sional MFCCs and system is trained with 43 feature dimensions. MFCCs are computed from Fourier
spectrum using 25 ms frame-size and 10 ms frame-shift. VTC feature is extracted at each epoch
location and all VT'C values within a frame are averaged to obtain one value. Vowel roundedness and
frontness features are computed using 5 ms frame-size and 10 ms frame-shift. 3 state HMM model
and 16 Gaussian mixture model per state is used. HTK is used for building the recognizer. Whole
TIMIT test set is used for evaluating the performance.

Table shows the performance of the acoustic-phonetic features in recognition of 8 vowels and 6
diphthongs (total 14 phones). Entire TIMIT train set is used for training the HMMs. Initially acoustic-
phonetic features, their delta and delta delta features are extracted used individually to observe the
discrimination capability. It is observed that the individual performances of the features are very
low and the recognition performance increases to 45.52 % after combining all four acoustic-phonetic
features with their first and second order derivatives. However, this result is very much lesser when
compared to the conventional MFCC features. The addition of the acoustic-phonetic features to the
MFCCs did not improve the performance. This shows that the MFFCs are able to capture relevant

acoustic-phonetic information when sufficient amount of training data is used. Next, we try to use
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Table 4.5: Performance of vowel recognition with the entire training data. Acoustic-phonetic features computed
from HFBT spectrum are compared with the standard MFCCs.

Features Dimension ‘ % Acc ‘

Rcog, its A and AA features 3 24.29

Aps, its A and AA features 3 24.35

VF,its A and AA features 3 33.13

VTC, its A and AA features 3 31.21

4 acoustic-phonetic features 4 40.21
(Rcog+Aps+VF+VTC)

4 acoustic-phonetic features, 12 45.52
their A and AA features

MFCCs 39 72.35

MFCCs+ 4 acoustic-phonetic features, 51 72.28
their A and AA features

limited training data for training the system to see if the acoustic-phonetic features help in limited
training data condition.

Table shows the performance of the acoustic-phonetic features using three different training
subsets namely, set I, set II and set III. Results obtained by using acoustic-phonetic features are
compared with 39 dimensional MFCC based system. In this case, roundedness and frontness features
are computed from the HFBT spectrum. It is observed that the four acoustic-phonetic features do
not perform well independently, but when added to the MFCCs it improves the result. Table shows
performance of vowel detection when acoustic-phonetic features are added to MFCCs with different
combinations. Improvement is maximum when all four features are added. This shows that different
information, such as, roundedness, frontness and height, carried by the acoustic-phonetic features
are helping in recognizing the vowels. Similar experiment is performed using HNGD, STRAIGHT
and FT spectrum. Vowel frontness and roundedness features are extracted from these spectrum and
added to MFCCs (computed from FT spectrum) along with the vowel height feature. Table
shows the performance comparison. Improvement in the performance is achieved after adding the
acoustic-phonetic features.

Acoustic-phonetic features are expected to be robust to dialect variation. To check this, each of the
8 subsets (DR to DRg) from 8 different dialects are used for training the system and tested with the
whole test set containing all the dialects. Figure[d.11]shows the performance of vowel recognition. It is

seen that performance of 43 dimensional feature vector containing both MFCCs and acoustic-phonetic
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Table 4.6: Performance of vowel recognition with limited training data (480 examples). Acoustic-phonetic
features computed from HFBT spectrum are added to the standard MFCC features with different combinations.

Features Dimension ‘ Set I ‘ Set I1 ‘ Set III ‘
MFCCs 39 52.57 48.50 42.57
Rcog+Ap3+VF+VTC 4 37.03 36.56 34.50
MFCCs+Rcoa 40 52.48 48.68 45.47
MFCCs+Aps 40 53.28 49.19 42.55
MFCCs+V F 40 52.87 48.35 43.60
MFCCs+VTC 40 52.64 48.80 43.68
MFCCs+Rcog+Ar3 41 53.44 48.86 47.00
MFCCs+Rcog+Ap3+VF 42 54.49 50.01 45.93
MFCCs+Rcog+Ap3+VF+VTC 43 54.87 49.86 46.40

Table 4.7: Performance of vowel recognition with acoustic-phonetic features computed using different spectrum
estimation methods. Number of training examples is 480.

Spectrum Dimension ‘ Set I ‘ Set 11 ‘ Set IIIT

= 39 52.57 48.50 42.57
HFBT 43 54.87 49.86 46.40
HNGD 43 54.66 48.43 46.00

STRAIGHT 43 53.27 49.02 42.80
FT 43 54.15 49.91 42.19

features is significantly higher than 39 dimensional MFCCs alone. A t-test performed on accuracies

of all 8 dialects shows the significance of the improvement (p-value< 0.05).

4.8 Summary

In this chapter, vocal tract constrictions are analyzed by using ZFF. The cosine kernel of speech
and ZFF signal gives a measure of the relative amount of very low frequency component present
in the normalized speech frames. This value is high for constricted sounds and less for moderately
constricted ones. Different voiced sounds with different constrictions are analyzed and an increasing
trend of cosine kernel values is observed as the constriction increases. Vowels and unvoiced sounds
are also analyzed separately and observed to be showing similar trends. Voiced and unvoiced sounds
show separate distributions for the same amount of constriction. The cosine kernel values when used
as a feature for the constricted sounds in an HMM based phoneme recognizer show an improved result

for non-VLR sounds. Improved performance is analyzed in terms of confusion matrix and found to be
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Figure 4.11: Performance of vowel recognition: Training limited data from different dialects and testing
whole test set. T-test on the accuracies gives t-value=4.36 and p-value=0.003 (< 0.05) indicating a significant
improvement.

consistent with observed trends.

The VTC feature is used to study the vowel height and different spectra such as, HNGD, STRAIGHT,
FT and FBT are used for formant estimation to study the vowel roundedness and frontness. Hilbert
envelope of FBT is computed for smoothing the spectrum to estimate the formants. Detected for-
mants and spectrum are used to extract features for vowel roundedness and frontness. The proposed
acoustic-phonetic features are used for recognition of vowels in limited training data scenario. Im-
proved performance is achieved after adding the features to the conventional MFCC features.

In Chapter [3 VLR detection methods were discussed. In this chapter, vocal tract constrictions
are analyzed and some vowel and non-VLR specific features are discussed. In the next chapter, some
obstruent specific information such as, dominant aperiodic and transition regions will be analyzed and

their use will be shown in consonant-vowel unit recognition.
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5. Analysis of Dominant Aperiodic and Transition Regions

Objective

The objectives of this chapter are, 1) to detect the dominant aperiodic component regions (DARs) of
speech, 2) to predict the duration of transition regions (DTRs), and 3) to demonstrate the use of DARs
and DTRs for obstruent recognition. DAR detection is carried out using complementary information
from source and vocal tract. Source information is extracted using sub-fundamental frequency (SFF)
filtering of speech, and vocal tract information is extracted using dominant resonant frequency (DRF)
and high to low frequency component ratio (HLFR) computed from Hilbert envelope of numerator
group delay (HNGD) spectrum of zero-time windowed signal. The DTR is predicted by using vocal
tract constriction information. Detected DARs and predicted transition regions are compared with
manually marked regions and finally used for obstruent recognition in a consonant-vowel (CV) unit
recognition system for Indian languages. The CV unit recognition is performed by anchoring the vowel
onset point (VOP) and using fived duration (40 ms) transition and consonant regions on either side.
But practically, the durations of both the transition and the consonant regions vary depending on the
type of consonant and vowel. Significant improvement is achieved in the obstruent recognition when

variable duration consonant and transition regions are used.

5.1 Introduction

Basic philosophy behind phone recognition in this thesis is based on event detection. Event based
speech recognition systems identify certain events or landmarks in the speech signal where acoustic-
phonetic cues are more salient [4]. In such systems, the events are detected first, and then, relevant
features are extracted by anchoring those events. Several previous works have laid emphasis on event
based systems due to their use of explicit acoustic-phonetic knowledge [4], [11], [10], [5], [12], [53].
In this thesis, phone recognition is performed by detecting the VLRs and then recognizing the VLR
and the non-VLR sounds. VLR detection was described in chapter Explicit non-VLR detection
is not performed; instead, non-VLR recognition is performed by extracting features from the regions
around the VLR onset point (VLROP) and the VLR end point (VLREP) events. In this chapter, the
speech signal is analyzed and processed for appropriately selecting the regions around the two events
for non-VLR recognition. The regions around these events include the transition region and the

consonant region containing important acoustic-phonetic cues, such as, transient burst, frication etc.
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The transition regions are part of the VLRs. However, they contain information about the adjacent
non-VLRs. Therefore, analysis of transition region is important for non-VLR recognition. Similarly,
proper detection of the acoustic-phonetic cues present in the consonant region is also important for
recognition of obstruent consonants.

In case of Indian languages, the consonant-vowel (CV) recognition systems proposed in [12], [53]
and [121] have adopted the event based approach where VOPs are considered as events and features
for consonants and vowels are extracted from the regions around the VOPs. In these works, for
recognition of consonants, features were extracted from 40 ms segment of consonant region before the
VOP and from 40 ms segment of transition region after the VOP. However, it has been reported that
the voice onset time (VOT) for certain stop consonants, such as velars, is predominantly more than
40 ms and in case of aspirated stop consonants VOT is between 55-154 ms [154], [67], [51]. Moreover,
the duration of fricatives and affricates is also longer. Hence, limiting consonant recognition to 40 ms
segments may not be optimal as this limited duration will not be able to capture the transient burst
and frication that characterize the consonants. Perception studies have demonstrated that transient
burst and frication are crucial cues in identifying and characterizing consonants [155], [27]. Similarly,
fixing a 40 ms duration for the analysis of transition region may not be appropriate as transition
regions for consonants vary widely depending on the phonetic environments. Hence, in order to
capture the consonant characteristics effectively, burst, frication and transition regions have to be
estimated dynamically.

In the current study, we attempt to estimate the burst and frication regions by detecting the
dominant aperiodic component regions (DARs). Transient bursts in stop consonants, and random
noise in fricatives are two kinds of aperiodic sources present in unvoiced speech. Due to complete
absence of periodic components, all unvoiced sounds can be considered as DARs. Although periodic
source is dominant in most of the voiced speech regions, there are some voiced sounds where both
periodic and aperiodic sources exist. The aperiodic sources in voiced speech are either additive random
noise or modulation aperiodicity [156]. Additive random noise represents aspiration and frication
noises, superimposed on the periodic glottal vibration. Voiced obstruents with strong additive random
noise are considered DARs. Modulation aperiodicity is produced due to random variations in the
period (jitter) and the amplitude of the signal (simmer). As modulation aperiodicity is low in normal

speech [156], they are not considered DARs for the detection task. However, modulation aperiodicity

TH-1618_11610209

93



5. Analysis of Dominant Aperiodic and Transition Regions

is present in formant transitions and some of such regions are implicitly detected in the second task
where the transition regions are detected by predicting their durations.

Most of the existing works rely either on decomposing speech into periodic and aperiodic com-
ponents or on estimating proportion of periodic and aperiodic energy |157], [156], [15§]. In [157], an
iterative algorithm was proposed for decomposition of speech signal into periodic and aperiodic com-
ponents. A study regarding effectiveness of periodic and aperiodic component decomposition method
for analysis of voice sources was made in [156]. Another study used temporal information for obtaining
proportion of periodic and aperiodic energy in speech in addition to estimating pitch period in the
periodic component [158]. Unlike these methods, in this work, we propose a novel approach to detect
the DARs using source and vocal tract information. Motivation behind the use of source information
is that basic source characteristics, such as, nature of discontinuities due to impulse-like excitations
are different in periodic and aperiodic sources. Proper exploitation of these characteristics may help
to separate the aperiodic sources from the periodic ones. We propose a method using sub-fundamental
frequency (SFF) filtering of speech to capture the discontinuities due to aperiodic sources. The SFF
filtering is a modification of the zero frequency filtering (ZFF) method proposed in [146] to detect the
discontinuities due to significant impulse-like excitations in voiced speech region. Vocal tract infor-
mation captured by dominant resonant frequency (DRF) and high to low frequency component ratio
(HLFR) are different in DARs and other regions, and hence, these parameters can also be used for
detection of DARs. Unlike the source information, vocal tract information is extracted by performing
block processing. In order to get better time and frequency resolution, DRF and HLFR are computed
from Hilbert envelope of numerator group delay (HNGD) spectrum of zero time windowed speech.
DARs detected using combined source and vocal tract information are evaluated by comparing them
to the manually marked DARs existing in the database.

Several methods have been reported for detecting the acoustic landmarks associated with stop
consonants [4], [5], [59], [62], but none of them automatically marked the transition regions. A method
for detecting the VC and CV transitions in VCV utterances was presented using a measure of the rate
of change of vocal tract area function [159]. But the method rely on the estimation of the vocal tract
shape which itself is a difficult task. Alternatively, in this work, the duration of transition region (DTR)
is predicted using vocal tract constriction information in the vowel region. This is possible because

vowel height differences have direct effects on the duration of transition. For example, consonant-vowel
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transitions are expected to be more in case of open (low) vowels as a direct consequence of the need
for longer articulation duration in their productions [54], [160], [27], [28]. In vowels, the vocal tract
constriction represents the vowel height and hence, it should be possible to predict the DTR using the
knowledge of amount of constriction. A vocal tract constriction (VTC) evidence was proposed in [161]
to approximately measure the amount of constriction in the vocal tract. In the current work, VIC
values are used to predict transition regions by mapping them to time durations. Later, predicted
transition regions are compared with the ones that are manually marked by four trained acoustic
phoneticians.

The method for detection of DARs is detailed in Section of this chapter. Section demon-
strates the procedure for predicting the duration of transition regions. The performance of the pro-
posed methods are evaluated in section Section describes the use of detected DARs and
duration of transition regions for CV unit recognition. In section the proposed consonant recog-
nition method is evaluated and compared with the baseline system. Finally, Section [5.7] summarizes

and concludes the chapter.

5.2 Detection of dominant aperiodic component regions (DARs) in

speech

Source and vocal tract information are explored for DAR detection. Source information is obtained
using SFF filtering of speech, and system information is obtained by computing DRF and HLFR. DARs
detected using individual evidences derived from the two complementary information are combined to

get the final output.

5.2.1 Sub-fundamental frequency (SFF) filtering

Both aperiodic and periodic sources contain impulse excitations. In periodic sources, the impulse
excitations are due to glottal closure and opening instants and they occur at regular time intervals.
In aperiodic sources, the impulse excitations are due to transient bursts and frication noises, and they
occur at every instant of time with arbitrary amplitude. These time instants of occurrence of the
excitation impulses are reflected as discontinuities in the signal. Discontinuities are also observed in
the transitions between obstruents and sonorants, and sometimes in the end points of sonorants and

obstruents due to sudden change in the signal energy. Discontinuities due to epochs in voiced regions
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were detected using ZFF method proposed by Murthy et. al. [146]. Here, we attempt to detect some
of the discontinuities due to aperiodic sources using SFF filtering.

The SFF filtering method is motivated from the ZFF method. In ZFF, the signal is passed through
a cascade of two 0 Hz resonators. The output of the resonators grows / decays as a polynomial function
of time. The effect of discontinuities due to impulse sequences are overridden by the large values of
the filtered output. To extract the characteristics of the discontinuities due to impulse excitation, the

deviation of the filtered output was computed from the local mean.

N

) =y(n) — —— 3 yln+m) (5.1)

m=—

where, y(n) is the output of the 0 Hz resonator and 2N + 1 is the length of the window over which
the local mean was computed. The trend removed signal z(n) is the ZFF signal (ZFFS). An FIR
implementation of these sequence of operations was proposed in [162]. The output of the filter in both
the designs is a function of the trend removal window length. It was shown that epochal information
is extracted well when the trend removal window length is between one and two pitch periods |146],
[162]. If the window length is reduced to half pitch period, then the discontinuities due to glottal
opening instances may be captured. In a similar way, if a large window length (more than 3 pitch
periods) is chosen, then discontinuities present beyond the pitch period can be captured. Choosing
the trend removal window length more than a pitch period makes it a band pass filter having center
frequency below the fundamental or pitch frequency. Therefore, the method is called SFF filtering.
The fundamental frequency is not calculated from the speech signal, instead, 125 Hz is considered as
the average fundamental frequency and frequency components below this frequency are considered as
sub fundamental frequency components. Since, the length of the trend removal window is more than
3 pitch periods, the center frequency of the band pass filter is below 42 Hz. The value is not very
critical. Any value between 20-45 Hz can be used as the center frequency.

Discontinuities present beyond the pitch periods are due to aperiodic sources. In DARs, the
aperiodic sources are strong and hence, some of these discontinuities are detected by using SFF
filtering. The detection method is described for synthetic signal and acoustic speech signal in the
following subsections.

Analysis in synthetic signal

To illustrate the method, synthetic periodic and aperiodic sources are generated and are shown
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Figure 5.1: (a) Synthetic signal consisting of periodic and aperiodic components. (b) Sub-fundamental fre-
quency (SFF) filtered output of the synthetic signal. (¢) Energy signal computed over 5 ms window. (d) Speech
signal for the utterance “She had your dark suit in”. (e) SFF filtered output of the speech signal. (f) Energy of
the filtered signal shown in (e). The energy of SFF filtered signal is higher in the aperiodic region than in the
periodic region.

in Figure (a). The periodic source is generated using impulse train (with 5 ms time period) and
aperiodic source is generated using single impulse or random noise. There are four parts in the signal.
The first part (between 0 and 0.6 sec) consists of an impulse followed by a periodic impulse train.
The second part (between 0.6 and 1.2 sec) consists of non-overlapping random noise (5 db) followed
by periodic impulse train. In the third (between 1.2 and 1.6 sec) and the fourth part (between 1.6
sec and end), periodic impulse train is added to 5 db and 30 db random noise, respectively. The
synthesized signal is passed through the SFF filter and the output signal is shown in Figure (b).
Figure (c) shows the energy of the output signal computed over a 5 ms window. It is seen that
energy of the signal in the aperiodic regions are high and the energy in the periodic regions are close
to zero. For example, energy in the region around the first impulse and around the periodic impulse
to silence transitions are high. These impulse like discontinuities have flat spectrum and contain
frequency components in the sub fundamental frequency region. Due to this reason, the SFF filtered
output shows high energy in the vicinity of these discontinuities. The impulse train also contain very
low frequency components. But, due to periodic nature of the impulse train, most of the energy in the
low frequency is concentrated around the fundamental frequency. Sub-fundamental frequency region
doesn’t contain sufficient energy which results in very low energy at the output of the SFF filter.

Similarly, the white random noise in the second part and the additive white random noise in the
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Figure 5.2: (a) Synthetic signal containing aperiodic white random noise with various duration. (b) Energy
of the SFF filtered output of the synthetic signal.

third part show higher energy at the filter output. This is due to the presence of all frequency compo-
nents including the sub fundamental frequency components in the random noise signal. However, the
additive noise in the last part is not detected by the method. The noise added in this region is very
low (30 db signal-to-noise ratio) and therefore, amount of aperiodic component in this region is much
lower than the periodic component. Due to absence of sufficient aperiodic component energy, the last
region is not captured at the filtered output.

The SFF method sometimes fails to detect the random noise as one unit. Figure shows
synthetic signal containing random noise with various time durations. The first unit just after the
single impulse contains a random noise of 100 ms duration. Duration of all other units are integer
multiples of duration of the first unit. From Fig[5.2](b) it can be seen that the first unit can be detected
as one unit, as the energy of the SFF filtered output is almost uniform. But, for all other units, there
are energy fluctuations and it is not possible to detect them as the single unit. In other words, some
regions of the random noise sequence are missed by the SFF method. In such cases, knowledge of
VLRs can be used to merge some hypothesized DARs belonging to the same unit. Moreover, vocal
tract information can also be explored to detect the missed regions. Use of VLR knowledge and vocal
tract information are described in the subsequent subsections.

Analysis of natural speech signal

Similar to the synthetic signal, a speech signal for the utterance “She had your dark suit in”
obtained from the TIMIT database is plotted in Figure (d) along with the SFF filtered signal
(in Figure (e)) and its energy (in Figure (f)). The speech signal contains different types of

sonorant and obstruent sounds containing different proportion of periodic and aperiodic components.
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The energy of the filtered signal is high for the obstruent regions and the energy is approximately zero
in the sonorant regions for most of the time. In some cases, due to adjacent obstruent region, some
portion of the sonorant region have high energy at the output signal. Aperiodic components present
in the burst region of stop consonants (/d/, /k/ and /t/) are strong and hence, the filtered output
have high energy in those regions. There are two unvoiced fricatives, namely, /sh/ and /s/, and one
voiced fricative /hh/ in the signal. It can be seen that the energy of the filtered signal for fricatives /s/
and /hh/ are high, and it should be possible to detect those regions. However, for the fricative /sh/,
the energy is gradually tapering off towards left which may lead to some regions going undetected.
To detect such missed regions, specially in case of fricatives, some vocal tract system information
is explored. The features related to vocal tract information are described in the next subsection.
Moreover, similar to some random noise region in the synthetic signal, energy of the filtered output is
fluctuating in case of the fricative /s/. The energy fluctuation will lead to detection of two DARs for

the same sound. In this case, use of VLR information may help merging the two DARs.

5.2.2 Dominant resonant frequency (DRF) and high to low frequency components

ratio (HLFR)

For all sonorant sounds, most of the signal energy is present in the low frequency region. On the
other hand, in obstruents, which have frication noise as the source of aperiodic component, the high
frequency components energy is much more than the low frequency components. Hence, a ratio of high
to low frequency components can be helpful in detecting such regions. Another spectral information
called DRF is also a distinguishing parameter for the frication noise. DRF is the frequency which is
resonated most by the vocal tract |[145]. It was shown that DRF computed from the HNGD spectrum
is high for the frication region than other regions [76], |[48]. The DRF value for fricatives is more
than 2.5 kHz and this information can be used to detect some DARs present in the fricatives and
affricates. Aspirations may not be detected by this method, as their energy is distributed over the
whole frequency range.

Parameters computation

DRF and HLFR parameters are computed by estimating the HNGD spectrum. The HNGD spec-
trum is estimated by multiplying the speech signal with a highly decaying window function to get

good time resolution. The loss in frequency resolution due to windowing operation is restored by
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using group delay function followed by successive differencing in the frequency domain [48]. There-
fore, the use of HNGD spectrum provides a good time and frequency resolution. The procedure for
estimation of HNGD spectrum is described in appendix I.

The frequency corresponding to the maximum value in the spectrum (h[f]) is considered as the

DRF.

DRF = arg max h[f] (5.2)
f

The HLFR parameter is computed as the ratio of the sum of high frequency component amplitudes

to the sum of low frequency component amplitudes by using the following formula.

4000

> hlf]

f=3001
1000

> hlf]
=1

HLFR = (5.3)

Speech signal is down sampled to 8 kHz sampling frequency. High frequency components are
considered between 3-4 kHz and low frequency components are considered between 1-1000 Hz.

Analysis of the parameters in speech signal

Figure [5.3] illustrates the effectiveness of the DRF and HLFR parameters in detection of the
DARs. Figure (a) shows the same speech signal as shown in Figure (d). Figure (b) shows
its normalized DRF contour. It is seen that the DRF values are high for the frication and the burst
regions compared to the voiced regions. The regions containing DRF value more than 2.5 kHz are
shown as detected DARs in Figure (c). Unvoiced fricatives, some portion of the voiced fricatives
and the burst regions present in the stop consonants are detected by the DRF parameter. Similarly,
Figure (d) shows the normalized HLFR contour. It is seen that the unvoiced fricatives have higher
HLFR values than other sounds. Figure (e) shows the regions having absolute HLFR value greater
than one. The unvoiced fricatives and some burst regions are detected by the HLFR parameter.

The SFF filtered signal is further enhanced and processed to derive the DARs. Detected DARs are
refined using VLR information and the refined DARs are combined with the DARs obtained from the
DRF and the HLFR information. Figure[5.4shows the procedure for DAR detection. The blocks in the
first column, i.e., SFF filtering, DRF extraction and HLFR computation are already discussed. Other

post processing, such as, enhancement of the evidence obtained from the SFF filtering, refinement of
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Figure 5.3: (a) Speech signal, (b) Normalized DRF contour, (c) Detected DARs using DRF (the regions with
DRF > 2.5 Hz), (d) Normalized HLFR contour and (e) Detected DARs using HLFR (the regions with HLFR
> 1).
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Figure 5.4: Block diagram for the proposed DARs detection.

DARs using VLR information and combination of the three outputs are discussed in the subsequent

subsections.

5.2.3 Evidence enhancement

The output of the SFF filter needs further processing to detect the end points of the DARs. The
steps involved in the enhancement process are explained with the help of Figure (a)-(d). The
speech signal shown in Figure (d) is used for the illustration and is plotted in Figure (a). The
filtered signal is processed in blocks of 5 ms to compute the short term energy. The energy signal is
shown in Figure (b). To smooth the evidence, the peaks in the energy signal are extracted and
their amplitudes are repeated until the next peak is reached. The smoothed evidence is shown in
Figure (¢). Now, to detect the starting and end points of the DARs, the smoothed evidence is
convolved with a Gaussian differentiator of 100 ms window length and variance equal to one fourth
of the window length. The convolved output is the final evidence and is shown in Figure (d).
The peaks and dips in the final evidence denote the starting and end points, respectively. The region
between the starting and end points are declared as the detected DARs. The DARs are shown in
Figure (d) using dark rectangles.
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Figure 5.5: (a) Speech signal. (b) Energy of the SFF filtered output. (c) Signal obtained after smoothing the
energy signal. (d) Final evidence obtained by convolving a first order Gaussian differentiator with the smoothed
signal. The rectangles show the detected DARs. (e) Dark rectangles show the merged DARs obtained after
using the VLR information (the dotted rectangles show the detected VLRs). (f) Dark rectangles show the
DARs obtained after removing the spurious detections using the VLR information. (g) DARs detected using
DRF and HLFR. (h) Final DARs obtained after combining all three outputs followed by smoothing.

5.2.4 Refinement using VLR information

Energy of the SFF filtered signal may not be uniform in some frication regions. Such energy
fluctuations may lead to detection of multiple DARs. In Figure (d), the fricative /s/ around 1.2
sec is an example of such a case where three different DARs are detected. Using knowledge of the
VLRs these three DARs can be merged. VLRs are detected using the SP method as described in
Chapter [3] and all DARs between two successive VLLRs are merged to form one DAR. Dark rectangles
in Figure (e) show the DARs after merging, along with the VLRs in dotted rectangles.

In CV transition, if the energy of the signal changes sharply, the SFF method detects such aperi-
odicity and as a result, some transition regions are also included as DARs. To remove those spurious
DARs, all VLRs detected by the SP method are removed from the detected DARs. In Figure (e),
we can see some transition regions (in the fourth, fifth and sixth CV unit) detected as DARs. These

regions are removed in Figure (f) with the help of the VLRs.
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5.2.5 Combining three outputs and smoothing

DRF and HLFR parameters are computed from HNGD spectrum estimated from 5 ms segment
of speech with every sample shift. The regions where DRF value is more than 2.5 kHz and HLFR
value is more than one are the hypothesized DARs. The detected regions are assigned a value one
at every sample points and the regions detected by the various methods are combined by performing
an OR operation. DARs detected by DRF and HLFR are sometimes discontinuous. To remove the
discontinuities, a smoothing is done in the combined output by averaging over a 2.5 ms window followed
by a DAR/ non-DAR decision by fixing a small threshold. We have considered a threshold value of
two. The value of the threshold is not very critical; small variations does not change the output of
the system. The regions detected after the smoothing operation are the final DARs detected by the
proposed method. Figure (h) shows the final DARs detected for the sample speech signal.

5.3 Prediction of duration of transition region (DTR)

The shape of the vocal tract differs in the production of different sounds. In case of voice bars,
nasals etc, the vocal tract is completely closed, whereas, it is wide open for vowels. The fricatives,
semivowels and high vowels are produced with a high or moderate constriction in the vocal tract.
A method for estimating an approximate measure of the amount of vocal tract constriction was
proposed in Chapter ] The method is based on the estimation of relative amount of low frequency
component present in the speech signal. Figure [5.6| shows distribution of VT'C evidence for different
vowel categories (low, mid and high vowels) for Hindi broadcast news database (used in [53]). It is

seen that the distribution shifts towards right as the vowel height increases.

ol ; ; ; T T s high vowels [i], [il, [u], [uud]
-------- mid vowels [e], [0], [a]
—— |OW vowel [aa]

0.1

Relative Frequency

. . . .
0.1 0.2 0.3 0.4 0.5 0.6
VTC Evidence value

Figure 5.6: Distribution of VIT'C evidence for different vowels. Test set of Hindi broadcast news database is
used for obtaining the distributions.

The DTR is not the same for all CV units; it depends on the vowel quality [54], [160]. The stop
TH-1618 11610209
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consonants are produced with a complete closure followed by a burst or release. If there is a low
vowel in the CV unit, the vocal tract has to change its position from a complete closure to a wide
open configuration i.e., from closure to no constriction in the vocal tract. On the other hand, high
vowels are produced with a moderate constriction in the vocal tract. When a consonant is followed
by a high vowel, the vocal tract has to change its configuration form closure to moderate constriction.
Therefore, a longer transition time is required in case of low vowels than high vowels.

The effectiveness of the VI'C evidence as vowel height feature was demonstrated in Chapter
Therefore, DTR can be predicted using the VTC evidence. For prediction of DTR in a CV unit,
average VTC value (Vj,) in the vowel region is computed and this value is mapped to a particular
time duration. Low VTC values are mapped to longer time duration and vice-versa. The mapping is

done by using a linear relation given by

Tdr = (1 - Vav)Tmm (54)

where Ty, is the predicted DTR of a particular CV unit and T}, is the maximum allowable duration

in the prediction.

5.4 Experimental evaluation

In this section, we will evaluate the proposed DAR detection and DTR prediction methods as

follows.

5.4.1 Evaluation of the DARs detection method

The detected DARs are compared with the ground truth DARs. TIMIT database contains tran-
scription with phone level boundaries [24], [25]. Therefore, TIMIT database is used for extracting the
ground truth DARs. Unvoiced fricatives contain very few periodic components and burst region in
the stop consonants are dominantly aperiodic. Hence, these regions are considered as ground truth
DARs. On the other hand, voiced fricatives may or may not contain dominant aperiodicity. Strength
of aperiodicity for different fricatives were estimated in the literature [158]. It was found that fricatives
/v/ and /dh/ have very less aperiodicity strength compared to their unvoiced counterpart. All other

voiced fricatives have an aperiodicity strength that is comparable to the unvoiced fricatives. This
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information is used to include all voiced fricatives except /v/ and /dh/ as the ground truth DARs.
All other regions which are not DARs are considered as ground truth non-DARs.

The performance is evaluated in terms of identification rate (IR) and spurious rate (SR). Iden-
tification rate is the percentage of DARs detected out of total ground truth DARs and spurious rate
is the percentage of spurious DARs detected out of total ground truth non-DARs. Table shows
the performance of DARs detection. TIMIT test set is used to calculate the results. To provide more
details about the performance, identification rate for different sound categories are shown along with
overall identification rate. Spurious rate is also separately shown for speech and non-speech regions.
From the table it can be seen that SFF based method gives better detection rate for the stops than
the fricatives. This is in accordance with the observations made in section 5.2l The SFF methods
sometimes fail to detect the entire regions of a fricative sound. On the other hand, DRF and HLFR
mostly detect the fricatives and give poor performance for stop consonants, which is reflected in the
table. Combination of the two methods gave improved performances for both stops and fricatives
compared to the individual performances. In all the methods, detection rate of unvoiced sounds are
found to be higher than their voiced counterparts. This is explainable because the unvoiced sounds
contain relatively more aperiodic components than the voiced sounds. Spurious rate is less in case
of DRF and HLFR. However, SFF based method shows a high spurious rate specially in the speech
region. The spurious detections are mostly at the boundaries, where some VLR are also included along
with the aperiodic discontinuities like burst or transition from obstruent to sonorant etc. To reduce
the spurious rate, VLRs are removed from the detected DARs. VLR removal operation reduces the
spurious rate by around 10% in both SFF based and combined method. It is noted that VLR removal
operation not only reduces the spurious rate but also the overall detection rate which is reduced by
around 5%. Therefore depending upon the application, the VLR removal operation can be either
performed or skipped. In section we will not perform the VLR removal operation, as this does not

have much effect on the consonant onset refinement.

5.4.2 Evaluation of the DTR prediction method

Similar to the evaluation of DAR detection, the predicted DTRs are also evaluated against man-
ually marked transition regions. There is no database available in public domain containing labeled

ground truth transition regions. Therefore, some ground truth transition regions are prepared by
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Table 5.1: Performance of DARs detection on TIMIT test set.

IR (%) SR(%)
Methods Unvoiced | Voiced | Unvoiced Voiced Overall | Speech Non Overall

stop stop fricative fricative -speech
SFF 74.74 68.86 64.46 48.05 63.87 18.58 3.31 21.89
SFF+4+ VLR removal 60.81 52.57 54.74 41.33 53.26 8.79 3.23 12.02
DRF+HLFR 29.16 10.39 72.88 53.64 54.88 0.65 1.05 1.70
Combined 85.75 73.53 92.72 78.47 87.02 19.60 4.45 24.05
Combined+ VLR removal 76.84 59.94 90.38 75.89 82.19 9.74 4.39 14.13

manually marking the boundaries. In CV units, transition region starts at the VOP and ends at the
onset of the steady state vowel. The manual marking involves marking of these two points. Marking
of onset of the steady state vowel is relatively difficult compared to marking of the VOP. Therefore,
instead of performing manual marking by a single person, multiple subjects are involved in marking
the same set of transition regions. The evaluation is performed by comparing the detected DTRs with
the manual markings done by different subjects.

A test set is prepared from the Hindi broadcast news database [53]. The test set contains 75
examples of CV units. Each CV unit contains one of the five vowels (/a/, /i/, /u/, /e/ and /o/)
combined with a consonant belonging to one of the three places of articulation (bilabial, alveolar and
velar). It is ensured that each place of articulation has 25 examples and each vowel occurs at least
10 times in the test set. For this study, four subjects are used for the manual marking process. The
subjects are from phonetics and phonology laboratory of Indian Institute of Technology Guwahati.
They have adequate knowledge to label the transition regions. First, the VOPs were marked by one
subject and then, all four subjects were separately involved in marking the onset of the steady state
vowels. The subjects were asked to perform the manual marking by loading the speech signal in the

PRAAT software and closely observing the spectrogram, formant contours, etc.

Table 5.2: Performance of DTR prediction on the prepared test set.Four subjects (S1-S4) were involved in
manually marking the transition regions.

Subjects Proposed Fixed duration
DR (%) Ter DR (%) Ter

S1 62.66 11.01 24.66 18.91
S2 63.51 10.48 33.78 14.25
S3 72.00 10.37 28.00 16.40
S4 66.66 8.58 10.6 20.27
Average 66.20 10.11 24.26 17.45
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Performance is evaluated in terms of detection rate, prediction time error. The detection rate
(DR) is the percentage of transition region end points predicted within 10 ms of the manually marked
boundaries. Prediction time error (7,) is the average deviation of the end points of the predicted
transition region from the manually marked boundaries. Table [5.2] shows the performance in terms of
these four parameters for different sets of ground truth transition regions prepared by four different
subjects. The proposed method has to be compared with a baseline method. In literature, a 40 ms
region starting from the VOP was considered as transition region for CV unit recognition [12], [53],
[121]. The proposed DTR prediction method is compared with the fixed duration (40 ms) transition
region. In case of fixed duration, the transition region end points are marked at the end of 40 ms from
the VOP. It is seen from the table that the predicted transition regions are significantly better than
the fixed duration transition regions in terms of both DR and T,,. This is because the fixed duration
case assumes same duration of transition region for all the vowels. On the other hand, in the proposed
method the duration is predicted according to the amount of constriction in the vowel region. The

VTC information in case of the proposed method leads to improved DTR prediction.

5.5 Application of DARs and DTRs in consonant-vowel (CV) unit

recognition system

Most of the syllables in Indian languages are CV units [12], [53]. There are many studies in
literature pertaining to the recognition of CV units. All the existing CV unit recognition methods
are based on VOP detection. The task of recognition of non-VLRs present at the onset of the VLRs
by detecting the VLROPs is similar to the CV unit recognition task. Therefore, we try to improve
recognition accuracy of obstruent consonants present in CV unit using the knowledge of detected
DARs and DTRs. In this chapter, isolated CV units are used for demonstrating the usefulness of
DARs and DTRs. In the next chapter, their effectiveness will be shown in the proposed framework

for recognition of non-VLRs and VLRs present in continuous speech.

5.5.1 Database

Hindi broadcast news database is used for the study [53]. Duration of the speech corpus is about
4 hours, consisting of read speech data from 19 news bulletins. Among 19 bulletins, 15 are used for

training the CV recognition models and rest are used for testing the system. The database contains
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transcription with manually marked syllable boundaries which are used to obtain the isolated CV
utterances. Due to unavailability of manually marked VOPs in the database, forced-alignment and
automatic VOP detection methods are used for obtaining the VOPs. A total of 145 CV units (29
consonants, 5 vowels) is available in the database. However, we attempt to improve the recognition
accuracy of obstruent consonants. Therefore, the CV units (consonant-vowel as well as consonant-
diphthong unit) containing an obstruent consonant are considered for this study. 112 such CV units
containing 17 obstruent consonants, 5 vowels and 2 diphthongs are used, as listed in Table [5.3] The
total number of CV utterances considered is 25,324, of which 20,839 are used for training and 4485

are used for testing.

Table 5.3: List of vowels and obstruent consonants considered in the study

Vowels Obstruent consonants
/al, [if, [u/, /e/ /p/, %/, %/, /b/, [d/, [8/
/o/, [au/, /ai/ | /ph/, /th/, /kh/, /bh/, /db/, /gh/
/s/, [sh/, /t], [eb/, [h/, [2/

5.5.2 Two-stage CV recognition system

In CV unit recognition, first VOPs are detected and then, features are extracted from the region
around the VOPs for both training and decoding. Main issue in CV unit recognition is the large number
and similar nature of CV classes. Due to this reason, multilevel acoustic modeling was preferred over
single level acoustic modeling [121]. In the first level, vowels are recognized and consonants are
recognized in the second level. Figure shows the basic block diagram for CV unit recognition.
After detecting the VOP, features extracted from the VOP to the end of the CV segment are used for
vowel recognition and features extracted from 40 ms of the speech signal on either side of the VOP
are used for consonant recognition.

In literature, HMM and SVM have been used for CV recognition which explore the advantages of
sequential and distribution capturing nature of HMM and discriminative nature of SVM. It was found
that HMM works better for vowel recognition and SVM works better for consonant recognition [121].
The performance of the system was improved by combining the complementary evidences from both
HMM and SVM models with appropriate weights |16]. In this work, we use some of the recent
techniques, such as, subspace Gaussian mixture models (SGMM) and deep neural networks (DNN)

for acoustic modeling of the baseline system.

TH-1618_11610209

109



5. Analysis of Dominant Aperiodic and Transition Regions
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Figure 5.7: Block diagram of two-stage CV units recognition system

5.5.3 VOP detection

Ground truth VOPs are not available in the database. They are obtained through automatic
detection. Only those isolated CV units which contain an obstruent are considered for the study. Due
to non-involvement of the semivowels, VOPs and VLROPs are the same events in the current study.
Therefore, VLROP detection methods described in Chapter [3| can be used for VOP detection. In
Chapter [3] two methods were discussed for VLR detection. One is the signal processing (SP) based
method and the other is the statistical method. The SP based method can be directly used, but the
statistical method requires a labeled database for training the SVM models. Due to unavailability
of phone labels, VOPs are obtained by force-aligning the available phone transcription using trained
HMM models. The forced-alignment based method is more accurate as it uses the phone transcriptions
as well as the trained models. A brief overview of the two methods are presented below.

Forced-alignment (FA) based method: To obtain the VOPs using this method, HMM phone
models are built. The details of Gaussian mixture model (GMM)-HMM system is described in the
next subsection. Phone models are then used to time align the available phone sequence to the
speech signal. HMM toolkit (HTK) provides a forced-alignment method for automatically aligning a
transcript to the sound file [26]. Phone level transcripts are used to get the phone boundaries. The
starting time labels of the vowels are considered as the detected VOPs.

Signal processing (SP) based method: SP based method extracts three evidences. First
two evidences use excitation source information. One is obtained from Hilbert envelope of linear
prediction residual of speech and another is obtained from strength of excitation computed from

ZFFS. The third evidence uses vocal tract information. The evidence is obtained from the amplitude
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envelope of the vowel enhanced signal which is obtained using Bessel expansion and AM-FM model.

All three evidences are added and the final evidence is processed to detect the VOPs.

5.5.4 Acoustic modeling

Three different acoustic modeling techniques, namely, GMM-HMM, SGMM-HMM and DNN-HMM
are used. In GMM-HMM system, GMM parameters are estimated directly. On the other hand, in
SGMM-HMM system, the model parameters are estimated from a globally shared model subspace.
These lower-dimension subspaces are able to capture phonetic content as well as speaker variability.
The subspaces can be shared across HMM states resulting in a more compact representation. This
enables to train the system with very limited data. It was shown that SGMMs outperforms GMMs
when acoustic modeling was performed with limited training data [98]. The database used in this work
is small and this gives us motivation to use SGMMs which should perform better than conventional
GMMs. DNN is another acoustic modeling technique that has been widely used in the last few
years [9]. DNN allows to train models in a discriminative way. DNN and SGMM based systems are
built and compared with the GMM based system and finally, these baseline systems are refined using
the knowledge of the detected DARs and DTRs.

GMM-HMM system: To build the acoustic models, features for vowels and consonants are
extracted from the region around the VOP as described in the previous subsection. Conventional 13
dimensional MFCCs and their first and second order derivatives (delta and delta-delta) are extracted
from 20 ms segment of speech for every 5 ms interval. GMM-HMM system is built using context
independent monophone HMMs [2]. To model each of the classes, a 3-state left to right HMM model
with a 16 mixture continuous density diagonal covariance GMMSs per state is used. Model parameters’
re-estimation is carried out using embedded Baum Welch training for five iterations. HTK toolkit is
used to build the system.

SGMM-HMM system: In SGMM-HMM system the 13 dimensional MFCC features are spliced
over 4 frames to the left and to the right and resulting 117 dimensional feature is subjected to linear
discriminant analysis (LDA) for reducing the dimension to 40. Maximum likelihood linear transfor-
mation (MLLT) is used to perform further decorrelation. Finally, feature-space maximum-likelihood
linear regression (fMLLR) is used for speaker normalization. This 40 dimensional feature is used to

train the system. For training the universal background model, 400 number of Gaussians are used.
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Number of leaves and Gaussians in the SGMM is considered to be 9000 and 7000, respectively. Sub-
space dimension and feature dimension are considered to be equal. Kaldi toolkit is used for building
the system [133].

DNN-HMM system: DNN-HMM system is also built using Kaldi toolkit. Same 40 dimensional
time-spliced LDA+ MLLT+ fMLLR transformed features are used for training the DNN system. Since
the size of the training data is small, number of hidden layers is selected to be 2. An initial learning
rate of 0.015 is selected which is reduced to 0.002 in 20 epochs. Extra 10 epochs are employed after
reducing the learning rate to 0.002. To reduce the learning rate in dimensions where the derivatives
have a high variance, a matrix-valued learning rate is used in the preconditioned form of stochastic
gradient descent employed by Kaldi. This approach, in turn, is to control instability and stop the
parameters moving too fast in any one direction. The minibatch size of 512 is used for neural net

training.

5.5.5 Improved consonant recognition using DARs and DTRs

Detected DARs and predicted DTRs are used to refine the consonant recognition. In the baseline
system, features from a fixed duration (80 ms) of speech segment around the VOP were used for
consonant recognition. The 80 ms speech segment consists of 40 ms segment from consonant region
present before the VOP and 40 ms segment from transition region present after the VOP. However,
consonant region can be longer than 40 ms as in case of the aspirated consonants and duration of
transition region also differ according to the nature of the vowel. Instead of using a fixed duration
transition region, the predicted DTRs are used and consonant onsets are refined using the knowledge
of the DARs. Figure shows the refinement procedure. The refinement is basically done in the
feature selection process.

Consonant onset refinement (CoR): In section DAR detection process was described
using SFF, DRF and HLFR information. If a DAR onset is found within 40-100 ms region before the
VOP, then, the consonant onset is modified to this DAR onset. If more than one DAR onset is found,
then the first onset is considered.

Variable duration transition region (VTR): After computing the average VT'C value in the
vowel region, DTR is predicted by mapping this value to a time duration. In section[5.3] the mapping

was done by a linear relation. For consonant recognition, the mapping function is slightly modified,

TH-1618_11610209

112



5.5 Application of DARs and DTRs in consonant-vowel (CV) unit recognition system

N VTCE . > DTR§ . \ -
computation prediction
Map
VOP
detection
Speech
—>

el T S R
I Features for consonant |
| v |
| Consonant region + Transition region !
I selection selection |
| A l
__________ ‘l__________l
DARs Consonant

”| detection Recognition

Figure 5.8: Block diagram showing use of DAR and DTR knowledge in refining recognition of consonant in
CV unit.

still retaining the fundamental idea, i.e., to map the high VTC values to shorter time duration and
the low VTC values to longer time duration. The modification is done because of the following region.
Consonant recognition is done by block processing, considering 20 ms frame size and 5 ms frame
shift. However, in the linear relation, the high VT'C values are mapped to a very short duration, say,
5-10 ms. Transition region information obtained from such a small duration may not be sufficient for
recognition. Similarly, when already sufficient transition region is available, addition of some more
region due to a very low VTC value may be redundant. Taking these facts into consideration, the

following non-linear relation is used to predict DTR for the consonant recognition task.

e9Vav

Tdr = me(l - ) (55)

ed

where ¢ is a factor which can be varied to change the shape of the non-linear mapping. Figure[5.9
shows the non-linear mapping for different values of ¢ and T},,, = 40 ms. The mapping curve in the

figure is steeper in the high VTC region. Hence, the value of predicted DTR (y axis) varies faster in
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this region for a change in the VT'C value (x axis). On the other hand, for low VTC value, sufficient
transition region is already available, and further increasing the transition region duration may not
provide additional information. Therefore, for the same change in a lower VT'C value, the value of

predicted transition region duration will vary by a lesser amount.

. . . . . . . . .
(] 0.1 0.2 03 0.4 0.5 06 0.7 0.8 0.9 1
Vave

Figure 5.9: Non-linear mapping between V,, and Ty,..

5.6 Evaluation of the CV recognition system

5.6.1 Consonant recognition

Initially, evaluation of the obstruent consonant recognition is performed using HMM-GMM models
to study the performances for different obstruent sound categories, such as, unaspirated stops, aspi-
rated stops, fricatives and affricates. Then, performances in other systems are shown using DNN-based
and SGMM-based acoustic models.

Results using VTR and CoR: VOPs are detected using the FA based method and features are
extracted in three different ways 1) 80 ms fixed duration, 2) with CoR and 3) with VTR, as described
in the previous section. Phone models are built for these three sets of features using HMM-GMM
acoustic modeling technique and performances are evaluated in terms of phone recognition accuracies.

Figure [5.10]shows performances of unaspirated stops using VTR and fixed duration features. Non-
linear mapping function used in VIR depends on two parameters, ¢ and T5,,, respectively. Different
combination of these two parameters are used and the best recognition rate is found for ¢=6.5 and
Tns=50 ms. Recognition accuracy for different obstruent sound categories are shown in Table [5.4]
When VTR is used, performance of both unaspirated and aspirated stops increases, but performance
of fricatives and affricates decreases. However, there is a small overall improvement. When evaluated

with CoR, performance of all sound categories are significantly improved with a little decrement in
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Table 5.4: Recognition accuracy (% Acc) of consonants in CV units using consonant onset refinement (CoR)
and variable transition region (VIR) duration for ¢=6.5 and T}, = 50 ms. Cond. refers to the conditional use
of VTR and CoR.

Method Unaspirated Aspirated | Fricatives & | Overall
stops stops Affricates
Fixed duration 61.19 39.82 63.06 59.69
VTR 62.04 40.95 62.78 60.20
CoR 62.50 46.15 71.95 63.95
VTR and CoR 62.62 43.44 70.43 63.26
Cond. VTR and CoR 64.16 50.90 70.64 64.95

case of unaspirated stops. Overall, a 4.26 % absolute improvement is achieved. Both VIR and CR is
performed together and absolute improvement is reduced to 3.57 % (VTR and CoR in Table .
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Figure 5.10: Unaspirated stop consonant recognition performance (% Acc) comparison between fixed and
variable duration transition region with different ¢ and T}, The arrow shows the maximum performance.

Results with conditional use of VTR and CoR: From Table[5.4]it is observed that although
the use of CoR improves the performance of all obstruent sounds, the improvement is very less in
case of unaspirated stops compared to other obstruents. This can be justified by the following fact.
Unaspirated stops have shorter burst region and VOT, sometimes 5 - 10 ms only. Thus, the VOT is
included in the 40 ms region and no additional refinement is required to capture the VOT. On the
other hand, VOT in aspirated stops are longer, sometimes 90-100 ms in duration. Typical duration of
fricative and affricate is also longer than 40 ms. Therefore, 40 ms region present before the VOP does
not include the entire consonant region and a consonant onset refinement is required. Similarly, use
of VTR is improving performance of all stops, but not the fricatives and affricates. Since consonant
region is longer, useful information is present in the consonant region rather than the transition region.
Even though transition region contains information, that seems to become redundant for automatic
recognition.

Based on these observations, it can be concluded that a conditional use of CoR and VTR infor-
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5. Analysis of Dominant Aperiodic and Transition Regions

Table 5.5:  Recognition accuracy (% Acc) of obstruents in CV units for fixed duration method and the
proposed method using different VOP detection and acoustic modeling techniques

Acoustic FA based VOP SP based VOP
Models Fixed duration Proposed | Fixed duration | Proposed
HMM-GMM 59.69 64.95 55.30 61.23
HMM-DNN 65.95 70.73 61.27 64.34
HMM-SGMM 72.62 76.85 68.36 72.26

Table 5.6: CV unit recognition performance (% Acc) for fixed duration method and the proposed method
using different VOP detection and acoustic modeling techniques. Results are shown for CV units containing an

obstruent.

Acoustic Models FA based VOP SP based VOP
for obstruents Fixed duration Proposed | Fixed duration | Proposed
HMM-GMM 46.02 49.86 43.03 47.60
HMM-DNN 51.19 54.21 47.31 49.92
HMM-SGMM 56.42 59.43 52.58 56.26

mation may be more helpful to get benefits from both the methods. If an obstruent onset is detected
within 40 - 100 ms region before the VOP, then CoR is performed, otherwise, VIR is performed.
The conditional combination provides further improvements in all obstruent sound categories. Overall
absolute improvement increases to 5.26 % (Cond. VTR, CoR in Table.

Table shows the obstruent recognition performance using two different VOP detection and
three different acoustic modeling techniques. HMM-SGMM system performs the best among the
three modeling approaches and FA based VOP detection is found to give better consonant recognition

than the SP based method. In all the cases, the proposed method with conditional use of CoR and

VTR gives improved performance than the baseline method using the fixed duration features.

5.6.2 CV unit recognition

To see the effect of improved obstruent recognition in the CV unit recognition performance, vowels
are separately recognized. Vowel features are extracted from the region between the VOP and the
end of the CV segment. It is found that HMM-GMM acoustic model gives the best performance
(with phone error rate of 23.5%) among the three modeling techniques when 40 dimensional time-
spliced LDA+ MLLT+ fMLLR transformed features are used for building the systems. CV unit

recognition performance with vowels decoded with HMM-GMM system and consonants decoded with

all three systems are shown in Table Baseline CV unit recognition (with fixed duration) system is
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compared with the proposed system. In each case, an approximate 3% improvement is achieved with

the proposed method over the baseline system.

5.7 Summary

In this chapter, a method is proposed to use the knowledge of dominant aperiodic and transition
regions in CV unit recognition task. An attempt has been made to detect the DARs using source and
vocal tract information. Duration of transition regions are predicted using vocal tract constriction
information. Both DAR detection and DTR, prediction methods are evaluated by comparing with
manually marked boundaries. Finally, an improved feature selection is performed for the obstruent
recognition using DARs and DTRs. Refined system is found to give significant improvement in ob-
struent recognition over the baseline systems with different acoustic modeling and VOP detection
techniques.

In the next chapter, VLR detection based phone recognition system will be demonstrated. DARs

and DTRs will be used as obstruent specific information for recognition of non-VLR sounds.
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6. Vowel-like Region Detection Based Phone Recognition Framework

Objective

The objective of this chapter is to perform an event-based phone recognition. The phone recog-
nition framework is vowel-like region (VLR) segmentation based and uses different acoustic-phonetic
information by separately treating the VLRs and non-VLRs. VLRs are segmented and decoded first,
and then the non-VLRs around the VLRs are decoded. Different types of acoustic-phonetic informa-
tion explored in the previous chapters are used at different levels of the framework. For non-VLR
recognition, initially non- VLR specific information is used. After the first level of decoding, the nasals
are separated from the obstruents and a second level decoding is done for the obstruents. In this level,

obstruents specific knowledge is inserted into the system for reevaluating the non-VLRs.

6.1 Introduction

In the previous chapters, the focus of different studies has been on the analysis of different acoustic-
phonetic features. Effectiveness of the features are shown in phone recognition by considering isolated
utterances of the phones. In Chapter [4], vocal tract constrictions are analyzed and a feature is derived.
The usefulness of the feature is shown in the recognition of non-VLRs. In Chapter dominant
aperiodic component and transition regions are analyzed and a method to use variable duration
transition and consonant region is proposed for recognition of obtruent units. The proposed techniques
have been demonstrated in isolated CV units assuming that CV units are already segmented. VLR
specific acoustic- phonetic features related to vowel height, vowel roundedness and frontness are also
analyzed in Chapter ] and their effectiveness is shown in isolated vowel recognition under limited
data condition. In this chapter, we propose a framework addressing the issues of utilizing all the
acoustic-phonetic knowledge in a single system for recognition of vowel-like and non-vowel-like sounds
in continuous speech. In this direction, a framework is proposed which can utilize different types
of knowledge at different stages of the framework. Identification of a proper framework and issues
involved in realizing the identified framework are the key focused areas of this chapter.

The rest of the chapter is organized as follows. Section describes the issues of using acoustic
phonetic knowledge for recognition of continuous speech. Section describes the proposed archi-
tecture of the VLR based phone recognition. The proposed framework is evaluated in section

Section [6.5] summarizes the work and concludes.
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6.2 Phone recognition framework based on VLR segmentation

The primary issue in acoustic-phonetic based speech recognition is to identify a proper framework
for effectively utilizing different types of acoustic-phonetic information. In literature, acoustic-phonetic
knowledge is used in both statistical and segmentation based frameworks. In statistical framework,
the speech is processed frame by frame and acoustic-phonetic features are extracted from each frame
similar to the conventional MFCC features. Then, acoustic-phonetic features are appended to the
MFCCs and used as additional features for speech recognition. However, this procedure is not suitable
because of the following reasons: Different sound units contain different acoustic-phonetic cues. All
acoustic-phonetic cues may not be suitable for all kinds of sounds. For example, burst is present only
in obstruents. So burst onset and vowel onset time (VOT) information are useful for obstruents, but
not for nasals. Transition region may play a significant role in recognition of the unaspirated stops,
whereas, it may not have any information for other sounds. Rather, the information in the transition
region may increase confusion among other phonetic classes. Similarly, use of vowel specific acoustic
features for non-VLRs will result in poor recognition performance for the non-VLRs. Therefore, before
using a set of acoustic-phonetic features, the speech must be segmented suitably.

Speech segmentation can be done in various ways. One can start with a sonorant-obstruent clas-
sification. The sonorant sounds can be further classified into vowels, semivowels and nasals. The
obstruents can be further classified into fricatives and stops. Alternatively, one can have a vowel-
consonant classification first and then further classify the vowel and consonants. Identification of a
suitable segmentation procedure is another issue in acoustic-phonetic-based speech/ phone recogni-
tion. After segmentation, features from the segmented regions are extracted and used for recognition
task. Segmentation based speech recognition was a very primitive method of speech recognition which
was later modified to landmark based approach. In landmark based approach, instead of extracting
features from a region between some segmented boundaries, certain landmarks were identified in the
speech signal and acoustic-phonetic features around those landmarks were used for speech recogni-
tion. Issues in landmark based approach are 1) to automatically detect the landmarks, 2) to use the
knowledge of these landmarks for extraction of the acoustic-phonetic features from those regions and
3) to use the extracted features in a probabilistic framework.

In this work, we have proposed a framework which uses benefits of all these methods. Speech

segmentation is done by detecting some landmarks and finally, the extracted features are used in a
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statistical framework. The segmentation process is started by detecting the VLR and the two events,
VLR onset point (VLROP) and VLR end point (VLREP). VLR specific acoustic-phonetic features are
extracted from the region between the two events and non-VLRs specific acoustic-phonetic features
are extracted from the regions around the events. Features are then used in a statistical framework for
automatic recognition. Motivation for using VLR segmentation based framework is already described
in Chapter [I} The method is a modification of the CV unit recognition system for Indian languages
where vowel onset point (VOP) is detected and consonant and vowel is recognized by taking features
from the region around the VOP. The segmentation is based on the basic signal characteristics. VLRs
are comparatively high energy region, whereas, non-VLRs contain low energy. VLRs are produced
either with a moderate constriction or with open vocal tract configuration. On the other hand, non-
VLRs are produced with complete closure or high constriction in the vocal tract. VLRs are longer
in duration and signal characteristics vary slowly. In non-VLRs, signal characteristics vary in very
short span of time. Therefore, from this basic signal characteristics, it may be suitable to start the
segmentation process at VLR and non-VLR level. Moreover, most of the message part is present in
the non-VLRs and the VLRs act like the carriers of the message. Human speech communication at
distance is possible due to the VLRs acting as carriers to convey message by placing one or more non-
VLRs at the beginning and at the end. As a result, due to high signal-to-noise ratio in VLRs, human
communication is possible even in degraded condition also. The objective of VLR segmentation-based
framework is to mimic this activity by detecting and recognizing the VLRs and then using their
knowledge for recognizing non-VLRs supporting around them. Extracting VLRs is easier compared
to non-VLRs. Once VLRs are detected, non-VLRs can be searched around the VLRs. Moreover,
VLRs are syllable nuclei most of the time and non-VLRs are the onsets and codas of the syllable-like
unit. In Indian languages, orthographic representation of a sound unit is syllabic in nature [124].
Therefore, searching a non-VLR unit at the beginning and at the end of VLR is suitable for speech

to text conversion in Indian languages.

6.3 Architecture of the proposed phone recognition framework

The basic block diagram of the proposed VLR based framework is shown in Figure [6.1] The
framework makes use of both landmarks as well as statistical models. Figure (a) shows the block

diagram related to the training process. At the time of training, VLRs are detected and models for
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vowels, diphthongs and semivowels are trained using VLR specific acoustic-phonetic features. Non-
VLR specific features are extracted from 40 ms region on either side of the VLROP and VLREP events
for training. Models for onset and coda of the syllable-like unit are trained separately. Another set
of training model is prepared for the non-VLRs using obstruent specific information. Similar models
using only sonorant specific information can also be prepared. However, in this work we are not using
any sonorant specific acoustic-phonetic information.

Figure (b) shows the block diagram related to the testing process. First step in the decoding
process is to detect the VLRs. After detecting the VLRs, VLR specific acoustic-phonetic features
are extracted from those regions and VLRs are decoded. Similar to training, non-VLRs are decoded
by extracting features from the region around the VLROPs and the VLREPs. Onset and coda are
decoded separately using corresponding trained models. Once first level of non-VLR decoding is over,
the nasals are separated from the obstruents. These obstruents detected at the output of the first
level are further decoded in the second level using non-VLR models containing obstruent specific
information. Detailed description of the framework shown in Figure (a) and (b) is presented in

the following subsections.

6.3.1 VLR detection in continuous speech

A detailed illustration of the VLRs detection methods were given in Chapter In this chapter
we will give a brief description of the methods. Three VLRs detection methods are used. Two of
them are fully automatic and one is semi-automatic. The automatic detection methods are, signal
processing method and statistical method. The signal processing method is a threshold based method,
where certain thresholds are applied on some evidences derived from excitation source and vocal tract
information. Three evidences are used in the signal processing method. Among them two evidences
contain source information and one contain vocal tract information. The peaks in the combined
evidence represent the VLROP and VLREP events. The region between the two events are considered
as VLRs.

The three evidences used in the signal processing method are z-score normalized and used as
features. Conventional 13 dimensional MFCCs contain vocal tract information and are useful for
VLRs segmentation as vocal tract shapes are different for VLRs and non-VLRs. Another feature

capturing vocal tract constriction information is also used because all the non-VLRs are produced
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with a complete closure or narrow constriction, whereas, VLRs are produced with moderate or no
constriction. Thus, a 17 dimensional feature set is used for the VLR segmentation task. SVMs
are used as classifier, because they are well suited for binary classification tasks and have shown
considerable success in a variety of domains [140]. LibSVM [141] toolkit is used for the study. All
experiments are carried out with a radial-basis function (RBF) kernel. Detected VLR frames are
combined to get the VLRs and end points of the VLRs are marked as VLROPs and VLREPs.

The semi-automatic method is the forced-alignment (FA) based method. It is also a statistical
method, however, a separate description is presented because of the following reasons. FA based
method is not fully automatic like other methods. It requires transcription or the text corresponding
to the speech. Preparing transcription is comparatively easier than marking boundaries, so this
method is preferred over manual marking. In speech recognition, the objective is to decode the phone
sequence and the transcription is not available. But FA based method detects all VLRs with better
detection rate than the fully automatic methods and allows us to evaluate other aspects of proposed
framework. Other aspects include use of different acoustic-phonetic features, modeling techniques etc.
Since, VLRs detection is performed at the first, it should be accurate for proper evaluation of the
subsequent recognition steps. To obtain the VOPs using this method, HMM phone models are built.
The details of GMM-HMM system is described in Chapter Phone models are then used to time
align the available phone sequence to the speech signal. VLRs boundaries are obtained by merging the

adjacent vowels and semivowels. End points of the VLRs are considered as VLROPs and VLREPs.

6.3.2 Selection of VLRs and non-VLRs

The second step in both training and testing is to select the regions from where the features are
to be extracted. Non-VLRs are not explicitly detected, so it becomes difficult to select the non-VLRs.
Only available information regarding the non-VLRs is that they are present near the VLROP and
VLREP events. The region preceding the VLROP and following the VLREP may contain a non-VLR
unit. In the CV recognition task in literature, features for consonants were extracted from 40 ms
region on either side of VOP [53|. The region before the VOP is the consonant region and the region
after the VOP is the transition region. The region for extracting features from transition region was
that it contains information related to place of articulation of the adjacent consonant. Motivating from

this, we also select 40 ms region on either side of VLROP and VLREP events for feature extraction.
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Non-VLR specific features are extracted from these regions and models for onset and coda (Model 1
and Model 2 in Figure are built. In the testing phase, these models are used at the time of first
level decoding of the non-VLRs.

In Chapter [5, dominant aperiodic and transition regions were analyzed. It was shown that instead
of considering fixed 40 ms region, a variable duration consonant and transition region can be more
useful for recognition of obstruent sounds. Therefore, another set of models are created (Model 3 and
Model 4 in Figure using variable consonant and transition regions. These models are used for

second level decoding of non-VLRs in the testing phase.

6.3.3 Non-VLR specific acoustic-phonetic information

Vocal tract constriction evidence approximately represents the amount of constriction in the vocal
tract. Among the voiced non-VLRs, voice bars are produced with complete closure and voiced fricatives
are produced with a narrow constriction in the vocal tract. It was shown that the VT'C evidence gives
a high value for complete closure and low value for voiced fricatives. Similarly, for unvoiced non-VLRs,
the VTC evidence shows high value for burst region and low value for unvoiced fricatives. It was also
noticed that for the same amount of constriction, voiced and unvoiced sound show different distribution
capturing some source information as well. Therefore, VIT'C evidence is used as an acoustic-phonetic

feature for non-VLRs.

6.3.4 Obstruent specific acoustic-phonetic information

Some acoustic-phonetic features are useful only for obstruents, for example, the obstruent onset in-
formation and duration of transition region information. Nasals may not require such information and
are separated from the obstreunts after first level of decoding. Transition region contain information
of place of articulation of the stop consonants and hence, proper estimation is important instead of
using a fixed duration. A method was proposed in Chapter [5| for predicting the duration of transition
region using vocal tract constriction information. Variable duration transition region (VTR) is used
for stop consonants recognition. For predicting the transition regions, parameters ¢=6.5 and 7;,,=50
ms are used in the mapping function shown in 5.5.

A consonant region may be longer than 40 ms. Burst and frication onsets contain useful information

about the phone. Most of the obstruents are dominant aperiodic component regions. A method was
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proposed to detect dominant aperiodic regions (DARs) in Chapter The consonant onsets were
refined using the detected DARs instead of using fixed duration consonant region. A conditional use
of variable duration transition region and consonant onset refinement was found to be an improved one
for obstruent recognition. The same method is used at the time of second level decoding of non-VLRs

in the testing phase.

6.3.5 Features for VLRs

The idea is to use acoustic-phonetic knowledge for non-VLRs and VLRs separately. Acoustic-
phonetic features for non-VLRs are already described. Some vowel specific acoustic-phonetic features
were discussed in Chapter 4l However, those are applicable to vowel recognition under limited data

only. So, for VLRs recognition we will use conventional MFCC features in different systems.

6.3.6 Acoustic models

Three different acoustic modeling techniques are used, namely, GMM-HMM, SGMM-HMM and
DNN-HMM acoustic models. A brief overview of each type was presented in Chapter All three
acoustic modeling techniques are used for building the models for VLRs and non-VLRs. GMM-HMM
system is built using HTK and 39 dimensional MFCCs are used for making the baseline system.
Features are extracted from 20 ms segment of speech for every 5 ms interval. SGMM-HMM and
DNN-HMM systems are built using Kaldi toolkit, where 40 dimensional time-spliced LDA+ MLLT+

fMLLR transformed features are used for making the baseline systems.

6.4 Evaluation of the proposed framework

Before the evaluation process, we will discuss some issues related to the proposed framework. First
issue is the requirement of accurate VLR detection. This is because any error in the VLR detection
propagates to the recognition stage. A spurious VLR detection will result in insertion error and a miss
detection will lead to deletion error. Therefore, VLR detection performance has direct impact on the
final phone recognition performance. The second issue is the absence of an explicit non-VLRs detection
method. In the proposed method, it is assumed non-VLR units are present at every onset and coda.
However, this may not be the case always. Sometimes, a non-VLR around the VLREP may not be

the coda of the current syllable-like unit. Instead, it may be the onset of the next unit. In such cases,
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the same non-VLR will be recognized twice which will result in a lot of insertion errors. These issues
must be addressed in future for making a complete VLR-based phone recognition system. To address
the first issue, high performance VLR detection algorithms will be required. For the second issue,
there can be two solutions. One is explicit detection of the non-VLRs and the other is elimination of
the non-VLRs which are decoded more than once, using some post processing.

In the current study, evaluation is carried out in two different ways. First, we will assume that
these two above mentioned problems are not available, i.e., VLRs are detected with high detection rate
and information about the presence of non-VLR unit is known. The evaluation is carried out using FA
based VLR detection. FA based VLR detection is a semi-automatic method and detection of all VLRs
is possible using this method. Next, evaluation is carried out using automatic VLR detection methods.
In this case, the information about the presence of non-VLR unit is unknown. Fully automatic VLRs

detection methods cannot detect all VLRs. Therefore, different VLR detection techniques are used.

6.4.1 Databases

Hindi broadcast news database [53] and Assamese telephone speech database [163] are used for
evaluating the proposed framework. Hindi and Assamese are two Indian languages. Hindi is an Indo-
Aryan language and is the fourth-most natively spoken language in the world. We already discussed
about the Hindi broadcast news database in the previous chapter. Duration of the speech corpus is
about 4 hours, consisting of read speech data from 19 news bulletins. Among the 19 bulletins, 15 are
used for training the VLRs and non-VLRs models and rest are used for testing the system. A total
of 34,659 non-VLR units are available at syllable onset, of which 28,527 units are used for training
and rest are used for testing. Similarly, 12,533 non-VLR units are available at syllable coda, of which
10,948 units are used for training and rest are used for testing. Number of phones available in VLR
is 63,425 and 51,844 units are used for training the VLRs models.

Assamese is an eastern Indo-Aryan language spoken mainly in the state of Assam. The database
was collected from 20 native Assamese speakers. The subjects are asked to read some articles from
Assamese magazines. Recordings are carried out in an office chamber through a telephone channel
having mobile phone sensor which is connected to a voice server via an asterisk telephony interface
card. This data is recorded at 8 kHz sampling frequency and 16 bits/sample resolution. The speech

files are saved in wav format and are split manually into small segment of about 10 seconds length using
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the sound visualization and manipulation software WaveSurfer version 1.8.8p4-win-i386. Chunking is
done at a significant sentence or phrase boundary. Duration of the speech corpus is about 8.5 hours.
Training set contains 6 hours of data from 14 speakers (7 males and 7 females) and test set contains
data from 6 speakers (2 males and 4 females). A total of 1,09,387 non-VLR units are available at
syllable onset, of which 78540 units are used for training and rest are used for testing. Similarly,
16,565 non-VLR units are available at syllable coda, of which 12,018 units are used for training and
rest are used for testing. Number of phones available in VLR is 2,02,862 and 1,45,361 units are used
for training the VLRs models. List of different VLR and non-VLR units are shown in Table [6.1] In
case of Assamese, diphthongs are not transcribed as single unit; instead, they are considered as two

different vowels. IPA notation of these symbols are provided in appendix

Table 6.1: List of phones available in VLR and non-VLR

Hindi Assamese

VLR Non-VLR VLR Non-VLR

/afs [i/, [/, e/ /p/s [t/ %/, /b/s /4], [8/ /al, [ifs [a/, [e/ /®/s [t/ /%[5 /b5 /4] [8/
/o/, Jau/, [ai/ | /ph/, /th/, [kh/, [bh/, [db/, [gh/ /o], [ao/ /ph/, [th/, [kh/, /bh/, [/dh/, [gh/
/el Vsl s )y /s/, [sh/, [T/, [en/, [h/ /) s fwls [y s/, /%/: ]2/, b/

/#/, /m/, /n/, /ng/ /m/, /n/, /ng/

6.4.2 Results using forced alignment (FA) based VLR detection

For evaluating the proposed framework, VLRs are detected using the FA based method and then,
features for VLRs and non-VLRs are extracted. Features for VLRs are extracted from the detected
regions and features for non-VLRs are extracted from the region around the VLROPs and VLREPs.
In this case, it is assumed that the information about the presence of non-VLR units is known at the
time of decoding. Two separate sets of models are built for non-VLRs present at VLR onset and for
non-VLRs present at VLR offset (coda). Decoding is done in two levels as described in the previous
section.

Table[6.2] shows the performance of non-VLR recognition at different stages of the proposed frame-
work. Performance is evaluated in terms of recognition accuracy. The performance is shown for both
Hindi and Assamese databases. The baseline system is built using conventional MFCCs and GMM-
HMM acoustic modeling. Therefore, in spite of having a larger database, The performance of the

Assamese baseline system is less than the Hindi baseline system. The reasons for this are as follows:
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Table 6.2: Performance of non-VLRs recognition at different stages of the proposed framework. Performance
is evaluated in terms of recognition accuracy (% Acc). Acoustic modeling is performed using GMM-HMM
system.

Non-VLRs around VLROPs Non-VLRs around VLREPs
Database Methods Nasals LObstruents Non-VLRs | Nasals | Obstruents | Non-VLRs
MFCCs 71.88 57.42 60.14 56.10 44.75 51.37
MFCCs+ Non-VLR knowledge 71.37 58.61 61.06 57.81 45.25 52.58
(Level 1 output)
MFCCs+ Obstruent knowledge 68.99 61.49 62.93 58.31 43.85 52.29
without nasal separation
Hindi MFCCs+ non-VLR 69.93 63.08 64.40 59.31 46.35 53.91
and Obstruent knowledge
without nasal separation
MFCCs+ Obstruent knowledge 75.12 61.05 63.78 59.88 41.25 52.12
with nasal separation
MFCCs+ non-VLR 75.24 62.78 65.15 61.31 43.55 53.91
and Obstruent knowledge
with nasal separation
(Level 2 output)
MFCCs 62.99 37.47 41.62 46.76 28.72 36.71
MFCCs+ Non-VLR knowledge 61.82 38.62 42.40 47.40 28.43 36.93
(Level 1 output)
MFCCs+ Obstruent knowledge 64.37 42.89 46.39 48.81 29.49 38.03
without nasal separation
Assamese MFCCs+ non-VLR 64.77 43.85 47.26 51.84 30.34 39.76
and Obstruent knowledge
without nasal separation
MFCCs+ Obstruent knowledge 68.77 41.49 45.93 51.79 27.15 37.78
with nasal separation
MFCCs+ non-VLR 68.12 42.64 46.79 51.84 28.95 39.06
and Obstruent knowledge
with nasal separation
(Level 2 output)
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The Assamese database was collected through a telephone channel, whereas, the hindi database was
collected using microphone. Assamese database was collected in an close office room, on the other
hand, the Hindi database was collected in recording studio. Thus Hindi recording was performed in a
more controlled manner when compared to the Assamese database. Moreover, professional news read-
ers were the speakers in Hindi broadcast news database who can speak more fluently in comparison
to the normal speakers in the Assamese database.

In the first level of decoding, non-VLR specific acoustic-phonetic knowledge is used. VTC is used
as the non-VLR specific acoustic-phonetic knowledge. For Hindi database, absolute improvements of
0.92 % and 1.21 % are achieved over conventional MFCCs for non-VLRs present at onset and offset,
respectively. There is a little improvement in case of the Assamese database. Obstruent specific
information is used for better selection of the non-VLRs around the VLROP and VLREP events.
Significant improvement is achieved for both the databases. The performances are further increased
by using both VT'C and obstruent specific information in addition to the MFCCs. For better analysis,
performances for nasals and obstruents are also shown separately. For the Hindi database, it can be
noticed that although overall performance increases with the obstruent information, the performance
of nasals decreases significantly. This may be because the DARs and the DTRs, which are used as
obstruent specific information may not be helpful for nasals. Therefore, in the second level, non-
VLR units which are decoded as nasals in the first level are separated and other units are decoded
again using obstruent specific information in addition to the VT'C information and the MFCCs. The
reevaluated output and nasals decoded at the first level are added to produce a second level output.
The nasal separation increases the performance of the nasals significantly with a little decrement in
the performance of the obstruents. Number of nasal phones (only 3) is very much less than the number
of obstruent phones (more than 15). Therefore, with the nasal separation, a little decrement can be
observed in the overall non-VLR recognition performance for Assamese, although the improvement is
very much significant in case of the nasals. However, the performance is still significantly better than
the baseline system. Finally, for Hindi database, absolute improvements of 5.01 % and 2.54 % are
achieved over baseline system for non-VLRs present at onset and coda, respectively. For Assamese
database, 5.17 % and 3.35 % absolute improvements are achieved for onset and coda, respectively.

Table shows the results for different acoustic modeling techniques. VLRs recognition is per-

formed by extracting the MFCC features. Overall phone (both VLR and non-VLR) recognition
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Table 6.3: Performance of non-VLRs recognition using different modeling techniques. Performance is evaluated
in terms of recognition accuracy (% Acc). Best comb. refers to the performance when the best among the three
modeling methods are combined to compute the overall result.

Non-VLRs Non-VLRs VLRs Overall
Acoustic around VLROPs around VLREPs
Database Models Baseline | Proposed | Baseline | Proposed Baseline | Proposed
GMM-HMM 60.14 65.15 51.37 53.91 62.13 59.76 62.06
Hindi SGMM-HMM 72.26 75.66 58.03 58.65 57.63 62.13 63.25
DNN-HMM 66.60 69.62 47.54 49.87 56.55 58.53 59.71
Best Comb. 72.26 75.66 58.03 58.65 62.13 64.72 66.15
GMM-HMM 41.62 46.79 36.71 39.06 59.94 52.72 54.55
Assamese | SGMM-HMM 52.14 57.41 45.08 45.59 66.67 60.79 62.56
DNN-HMM 47.89 51.07 37.1 39.16 62.54 58.98 60.14

performances are also shown. In case of Hindi, SGMM-HMM-based acoustic modeling gives the best
performance in non-VLR recognition and GMM-HMM-based acoustic modeling gives the best perfor-
mance in VLR recognition. In case of Assamese, SGMM-HMM-based acoustic modeling gives the best
performance for both non-VLR and VLR. In all different modeling techniques the proposed method

overrides the baseline.

6.4.3 Results using automatic VLR detection

It has been already discussed that the VLR detection framework have two major issues. First
issue is the requirement of proper detection of the VLROPs and VLREPs. If some VLRs are missed,
the recognition accuracy also reduces due to deletion error at the output of the recognizer. Similarly,
if some spurious VLRs are detected, these VLRs will introduce some insertion error at the output
of the recognizer. Accuracy of VLROP and VLREP detection is also important, because inaccurate
detection may lead to substitution error. To eliminate error due to miss detection, multiple methods
are used for automatic detection of the VLRs. The signal processing (SP) method and the statistical
method discussed in Chapter |3 are used for VLR detection. Adding different methods may introduce
more spurious errors, but at this point of time spurious errors are ignored and objective is constrained
only to reduce the deletion and substitution errors.

Second issue in VLR-based speech recognition framework is the non-availability of presence of
onset and coda information in a VLR segment. A non-VLR may or may not be present at the onset or

coda of every VLR. Forcefully recognizing a non-VLR may lead to insertion error, if it is not present.
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As most of the syllable like units are CV units, the recognized non-VLR at the coda may actually be
the onset of the next syllable. This leads to a lot of insertion errors at the output of a VLR-based
phone recognition. In the previous subsection, the VLRs detection was done using the FA based
method. Since the FA based method is a semi-automatic method, the detection rate was good and
also it was assumed that the information regarding the presence of a non-VLR unit at the onset or
coda of the VLR is known. In the automatic VLRs detection, due to lack of this information, there
will be insertion error and therefore, the performance will be shown in terms of percentage of correct
recognition or correction percentage (%C) instead of recognition accuracy (% Acc).

For the training set, the phone transcription is available. Therefore, FA based VLR detection
method is used for building the models during training. Whereas, three different VLR detection
methods are used during testing. In the first method, VLRs are detected using the SP method and
then, VLRs and non-VLRs are recognized using the proposed framework. In the second method,
VLRs are detected using the statistical method. In Chapter [3] a statistical method was described
which requires a labeled database for training the SVM models. Hindi and Assamese databases do
not contain the phone boundaries. Therefore phone boundaries are derived using HMM-based forced-
alignment. These phone boundaries are then used for building the VLR and non-VLR models. Apart
from these two methods, another method using HMM based phone recognition is also used for VLR
detection. Vowels and semivowels decoded at the output of the phone recognizer are combined and
end points of the VLRs are obtained. This method is also a statistical method, since it uses the HMM-
based classifier. After detecting the VLRs by all these methods, VLRs and non-VLRs are recognized
using the same proposed framework.

For evaluating the performance, the best phone sequence is traced from the output of different
stages of the three systems. This is done by combining all outputs and computing the correction
percentage. Combination of phones from different outputs is performed based on the relative position
(or time instant) of the VLROP associated with the phone. Table shows the performance of VLR
and non-VLR recognition in terms of correction percentage. Results are shown for both Hindi and
Assamese database. Hindi database contains 812 sentences in the test set. All sentences are used
for evaluating the Hindi system. For evaluating the Assamese system, 400 sentences from the test
set of Assamese database is used. Evaluation is performed using the GMM-HMM-based acoustic

modeling. The performance increases significantly after combining different methods. Performance
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Table 6.4: Recognition performance in terms of correction percentage (%C) using different methods for VLR
detection (Signal processing (SP)-based, statistical and combined.) Overall phone (VLR and non-VLR) recog-
nition performance is compared with the baseline system (using the conventional phone recognizer with MFCC

features).

Non-VLRs VLRs Overall Baseline
Database | SP-based | Statistical | Combined | SP-based | Statistical | Combined | Combined
Hindi 67.95 58.45 75.21 34.22 60.37 66.52 70.16 60.85
Assamese 58.71 55.47 65.38 32.10 54.67 58.94 61.23 54.18

of the combined method is compared with the performance of the conventional phone recognizer. It
is seen that the correction percentage for the VLR framework is better than the conventional phone
recognition.

It is to be noted that, the performance is evaluated in terms of correction percentage, ignoring
the insertion errors. If insertion errors are considered and performance is measured in terms of
percentage accuracy, the conventional phone recognizer will be far better than the proposed VLR-
based framework. However, the improved performance in terms of correction percentage shows the

potential of the proposed framework, if the two issues discussed are addressed properly. A future

study in this regard can be to look into these issues and reduce the insertion errors.

6.5 Summary

In this chapter, a VLR detection based framework is proposed for speech recognition. The proposed
method uses the conventional MFCC features and different types of acoustic-phonetic knowledge
discussed in the previous chapters as additional information at different stages of the recognition
framework. First, VLRs are detected and then, VLRs and non-VLRs are recognized separately. Non-
VLR recognition is carried out in two levels. In the first level, non-VLR specific acoustic-phonetic
knowledge is used and non-VLRs are decoded. After that, nasals decoded at the first level are separated
and the obstruents are reevaluated. In the second level, for the purpose of reevaluation, obstruent
specific information is used in addition to the non-VLR specific information.

The issues present in the proposed framework are discussed in this chapter. The issues are non-
availability of 1) a very high performance VLR detection algorithm and 2) information about the
presence of a non-VLR at the VLR onset and offset. The type of errors produced at the recognition

output due to these issues are discussed. Evaluation of the proposed framework is performed using
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FA based VLR detection and automatic VLR detection. The FA based VLR detection is a semi-
automatic method and this method is able to detect almost all the VLRs which helps to get rid of the
first issue. In this case, we also assume that the information about the presence of non-VLR is known.
Use of acoustic-phonetic knowledge in the proposed framework improves the non-VLRs recognition
performance by around 4.5%.

In the phone recognition using automatic VLR detection, the spurious detections and the misses
introduce lots of insertion and deletion errors. To reduce the deletion error, multiple VLR detection
methods are used which further increases the insertion error. Due to absence of explicit non-VLR de-
tection, the non-VLRs are assumed to be present at every VLR onset and offset. This also introduces
a lot of insertion errors. Due to too many insertions, the performance of the proposed system is evalu-
ated in terms of correction percentage. Improvement in the performance is achieved over conventional
phone recognizer. If the two issues discussed in the chapter are properly addressed and all relevant
acoustic-phonetic information is inserted into the system, then, it may be possible to perform a phone

recognition with very high accuracy.
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7. Summary and Conclusions

In this chapter, we will summarize and conclude the work presented in this thesis towards devel-
oping a vowel-like region (VLR) based phone recognition system. Future research directions made

possible by the present work are also outlined in the final section of the chapter.

7.1 Summary

The objective of this thesis work is to propose a VLR detection based framework for speech analysis
and phone recognition. Apart from automatic detection of the VLRs, extraction of acoustic-phonetic
information through analysis of different cues useful for VLRs and non-VLRs is important in order
to achieve the objective. To make proper use of the acoustic-phonetic information, a framework is

proposed for phone recognition. Summary of different works proposed in the thesis is presented below.

(i) Analysis of VLRs: In the second chapter, a review of different acoustic-phonetic analysis of
speech is presented. Use of acoustic-phonetic knowledge in various speech recognition approaches
is also reviewed. Based on the discussion on merits and demerits of different approaches, a VLR
detection based phone recognition framework is proposed. First step in a VLR based phone
recognition framework is to detect the VLRs. VLRs are detected by detecting the VLR onset
points (VLROPs) and VLR end points (VLREPs). Proper analysis of the VLRs is necessary
for detecting the VLROPs and VLREPs, both manually and automatically. Three main issues
are addressed. First issue is related to manual marking of VLROPs in case of voiced aspirated
sounds of Indian languages. In literature, it was found that manual and automatic detection of
VLROPs in voiced aspirated sounds is difficult. In this thesis, we have proposed a method to
manually mark the VLROPs using EGG signal.

Second issue in VLR detection is accurate detection of VLROPs and VLREPs. A method using
Bessel feature is proposed for improved VLROP and VLREP detection. Amplitude envelope
of vowel enhanced signal using Bessel expansion and AM-FM model is processed to generate
an evidence for VLROPs and VLREPs. The evidence alone gives a higher detection rate and
better time error than the existing methods. However, spurious rate is also found to be higher.
Therefore, instead of independently using the evidence, it is added to the evidence obtained
from the excitation source information. The combined evidence reduces the spurious rate and
gives an improved detection rate and reduced time error when compared to the excitation source

evidence alone.
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Third issue is proper detection of VLRs using excitation source and vocal tract system infor-
mation. Vocal tract information is extracted and added to the source information. To improve
the detection performance, the features are used in a statistical framework. Combining source
and system information and using them for binary classification in a SVM framework gives a

significant improvement over the existing VLRs detection technique.

(ii) Analysis of vocal tract constrictions: Vocal tract constrictions are analyzed and a method
is proposed to approximately measure the amount of constriction in the vocal tract. The evidence
measures the relative amount of low frequency component in the speech segment and predicts
the amount of vocal tract constriction. The evidence is obtained by computing cosine kernel
of speech and ZFFS. The idea is that the sounds with high amount of constriction are low
frequency dominant due to which the speech segment matches the ZFFS which is also low
frequency dominant. The distributions of the evidence are plotted for different sounds. Voice
bars are produced with a complete closure in the vocal tract and the evidence shows very high
value for them. Similarly, low vowels are produced with a wide open vocal tract and the evidence
shows low value for them. Other sounds are produced with a constriction that is in between
these two extreme cases and accordingly, the evidences show intermediate values. For the same
amount of constriction voiced and unvoiced sounds show different distributions. It is observed
that the unvoiced sounds show relatively lower values than the voiced sounds. The evidence
is used as feature in phoneme recognizer and improvement is achieved in recognition of the

constricted phones.

In case of the vowels, the vocal tract constriction evidence is vowel height. So an attempt has
been made to use this feature along with some other vowel specific acoustic phonetic features for
vowel recognition under limited training data condition. Vowel can be described by 3 parameters,
namely, vowel height, frontness and roundedness. Two features related to vowel roundedness and
one feature related to vowel frontness is derived using different spectrum estimation techniques
such as STRAIGHT, HNGD, HFBT etc. These features along with vowel height feature when
added to standard MFCC features, give improved performance in terms of recognition accuracy

of the vowels and diphthongs.

(iii) Analysis of dominant aperiodic and transition regions: Acoustic-phonetic cues such as

transient burst in stop consonants, random noise in fricatives and formant transitions are very
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important for recognition of consonants. Transient burst and random noise are the two forms
of dominant aperiodic component regions in speech. Attempt has been made to detect the
DARs using source and system information. Source information is explored by performing sub
fundamental frequency filtering. The filtered signal is further processed to obtain evidence for
DARs. Some spurious DARs are removed by using VLR information. Vocal tract information
is obtained by using DRF and HLFR. Detected DARs using source and system information are
combined to get the final DARs. Apart from detecting DARs, duration of transition region
is also predicted by using the VT'C evidence. In a consonant-vowel transition the duration of
transition region depends on the type of the vowel. The transition region will be longer in case
of low vowel than high vowel. Therefore vowels with high average VTC value are mapped to
shorter transition region and vice-versa. The detected DARs and predicted DTRs are evaluated

by comparing with manually marked ground truth regions.

Significance of DARs and DTRs is shown by applying them in consonant-vowel unit recognition
system of Indian languages. Traditional method uses 40 ms segment of speech on either side of
the VOP for consonant recognition assuming that duration of consonant region and transition
region is 40 ms. However, in the presence of aspiration and frication, the consonant region may
be longer than 40 ms. Similarly, duration of transition may also vary depending upon the type
of vowel. Detected DARs are used to refine the onset of consonant region and the predicted
DTRs are used instead of using fixed durational transitions. A conditional use of consonant
onset refinement and variable duration transition region provides significant improvement over

baseline method of consonant recognition.

VLR detection based phone recognition:

In the sixth chapter, a VLR detection based framework is proposed for phone recognition. The
proposed method uses different types of acoustic-phonetic knowledge at different stages of the
recognition process. First, VLRs are detected and next, VLRs and non-VLRs are processed sep-
arately. Non-VLR recognition is carried out in two stages. In the first stage, non-VLR specific
acoustic-phonetic knowledge is used and non-VLRs are decoded. In the second stage, nasals are
separated from the obstruents and obstruents specific information is used in addition to the non-
VLR specific information. The proposed method depends on the VLR detection performance.

In the FA based VLR detection, where VLRs are detected using a semi-automatic method gives
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a good detection rate. Use of acoustic-phonetic knowledge in the proposed framework improves
the non-VLR recognition performance by around 4.5% for both Hindi and Assamese databases.
Detection rate of automatic VLR detection is poorer than the semi-automatic detection. There-
fore, multiple VLR detection methods are used to detect the misses. However, this increases
the spurious VLRs and the insertion errors at the output of the phone recognition. The perfor-
mance is evaluated by tracing the best phone sequence from different methods. Around 7.5 %
absolute improvement is achieved in terms of correction percentage over the conventional phone

recognition system.

7.2 Conclusion

Some conclusions on the work performed in the dissertation are highlighted as follows:

e A signal processing based method is proposed for VLROP and VLREP detection using Bessel
features. Another method is proposed for VLR detection using excitation source and vocal
tract information in a statistical framework. The proposed methods are found to give improved
performances compared to the existing methods. However, much more improvement is required
in the detection process so that they can be effectively used in the proposed phone recognition

framework.

e The vocal tract constrictions are analyzed and a feature is proposed which gives an approximate
measure of the degree of constriction. The significance of the proposed VTC feature is shown in

non-VLR recognition.

e Vowel roundedness and frontness are analyzed deriving two features for vowel roundedness and
one feature for vowel frontness. Features related to vowel height, roundedness and frontness are
found to be effective for vowel recognition under limited training data condition. However, the

features do not show any improvement when sufficient data is used for training.

e Dominant aperiodic component regions are detected using source and vocal tract system informa-
tion and duration of transition regions are predicted using vocal tract constriction information.
A conditional use of DAR and DTR information gives significant improvement in obstruent

recognition.
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e A phone recognition framework is proposed using VLR detection and acoustic-phonetic infor-

7.3

mation. Although a fully automatic phone recognition is not possible at this moment, the
experiments show the potential of the framework if the issues related to the present system are

properly addressed.

Directions for future work

Based on the outcome of this thesis work, this section provides some possible future directions for

research.

(i)

The distributions of the VTC evidence for different sound categories are mostly overlapping.
This is because, the evidence doesn’t give a particular value for the same sound when uttered
by different speakers. This may be due to the effect of vocal tract length which is indirectly
influencing the resonant frequencies of the vocal tract. A future work can be to remove the effect

of vocal tract length to get more accurate measure of the vocal tract constriction.

Degree of constriction is analyzed in this dissertation. Place of constrictions can be explored for

further reducing the confusion among the sound units with different place of constrictions.

In DAR detection, source information is derived from sub-fundamental frequency filtering opera-
tion and vocal tract information is obtained from DRF and HLFR parameters. For improving the
detection rate, some other speech specific knowledge derived from supra segmental information

can be explored.

Transition from complete closure in stops to wide open configuration in vowels depends on
amount of vocal tract constriction (or vowel height), vowel frontness and vowel roundedness.
In this work, duration of transition regions are predicted using only vocal tract constriction

information. The other two aspects can be explored to improve the prediction rate.

The non-linear mapping function used for predicting transition region from the VT'C feature can

be further investigated. Some other mapping function may be more suitable.

In the proposed VLR detection based framework, different types of acoustic-phonetic information
are inserted into the system at different levels. In the first level, non-VLR specific information

is used and in the second level obstruent specific information is used. Vocal tract constriction
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feature, information related to duration of transition region and dominant aperiodic component
region etc. are used as speech specific acoustic-phonetic knowledge. Other features containing
nasal, semivowel, stop and fricative specific knowledge can also be integrated at different levels

of the framework.

(vii) In the proposed framework, to avoid missed detection by a single VLR detection method, two
different methods are used and outputs of the two methods are combined. But this introduces
more spurious VLRs, which in turn, increases the insertion error at the output of the phone
recognizer. Exploration of one improved VLR detection method can be more useful in this

regard.

(viii) To reduce the insertion errors in the proposed method, explicit non-VLR detection may be
performed. Some post processing can also be performed to remove the spurious phones. For
example, some of the spurious phones can be removed by using a threshold in the likelihood

score.
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A. Formants estimation

A.1 HNGD spectrum

The HNGD spectrum is estimated by multiplying the speech signal with a highly decaying window
function to get good time resolution and the loss in frequency resolution due to windowing operation is
restored by using group delay function followed by successive differencing in the frequency domain [48].
Therefore, the use of HNGD spectrum provides a good time and frequency resolution. The procedure

is as follows. Differenced speech signal s[n] is multiplied two times with a zero time window (wi[n]).

wi[n]=0,n=0
r 1
~ 4sin?(mn/2N)

(A1)
n=12.N—-1

where D is window length. Samples equivalent to 5 ms is considered as N. The truncation effect

at the end of the window is reduced by multiplying with a tapering window function ws[n] given by
™

= 4cos*(=—=),n=0,1,..D — 1 A2

wsln] = deos*(55),m = 0,1, (42

Numerator group delay function (g[k]) of the resultant signal is obtained to nullify the loss in
frequency resolution.

Numerator group delay spectrum is subjected to two successive difference operation.
glk] = glk] — 29[k = 1] + g[k — 2| (A-3)

Finally Hilbert envelope of the differenced spectrum g[k] is computed to get the HNGD spectrum

(h(k)).

hik] = |glk] + j.H{g[k}] (A.4)

where, H{j[k]} is the Hilbert transform of §[k].

TH-1618_11610209

146



A.2 FBT spectrum

A.2 FBT spectrum

The series expansion of zeroth-order Bessel function of the first kind of a signal x(t) considered

over an arbitrary interval (0, a) is expressed as ( [49]):
o) = 3 By 22e), (A5)
- a
p:

where, Jo(%t) are the zeroth-order Bessel functions and A, p = 1,2,...,00 are the ascending order
positive roots of Jo(A) = 0. Bessel coefficients B, are computed by using the orthogonality of zeroth-

order Bessel functions Jo(%’t) as:

2 a Ap
By = 07 0T /0 ta(t)Jo( L t)dt (A.6)

with 1 < p < P, where P is the order of Bessel expansion, and J;()\,) are the first-order Bessel
functions.

FBT spectrum (B)s) obtained from hamming windowed 5 ms segment of speech is analyzed to
extract the formants. Fig. |A.1|(a) shows a 5 ms segment of voiced speech and its FBT spectrum in Fig.
(b). It can be seen that the FBT spectrum contains many ripples and it is not possible to extract
the formants directly. To smooth the ripples, Hilbert envelope of the FBT spectrum is computed and
plotted in Fig. m (¢). Smoothed FBT spectrum distinctly gives three peaks corresponding to three
formants.

HFBT spectrum is compared with HNGD and short term magnitude spectrum in Fig. It is
seen from the nature of the HFBT spectrum (Fig. (c)) that the higher formants are emphasized
compared to HNGD (in Fig. (d)) and magnitude spectrum (in Fig. (e)). Amplitudes of
second and third formants relative to the first formant are high for HFBT than for other two spectra.
The second formant (F3) around 2000 Hz and the third formant (F3) around 3000 Hz is enhanced
in case of HFBT compared to HNGD and magnitude spectrum. It can also be observed that the
enhancement in the third formant is higher than the enhancement in the second formant. The reason
for enhancement in case of FBT spectrum is unexplained at this point. In-depth investigation is
required in this regard. From the figure it can also be observed that unlike HNGD, HFBT does not

have a large dynamic range. Dynamic range of HFBT is comparable to that of magnitude spectrum.
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Figure A.1: (a) 5 ms segment of speech signal and its (b) FBT spectrum (c¢) HFBT spectrum (d) HNGD
spectrum (e) Magnitude spectrum.

Apart from these two methods, formants are estimated from the well known STRAIGHT spectrum
as reported in [47] and also from the Fourier spectrum. The evaluation of the estimated formants are

discussed in the next section.

A.3 Formant estimation evaluation

A Gaussian differentiator with 10 ms window is used to pick up the formant peaks from the
spectrum. Database of Vocal Tract Resonance Trajectories is used to evaluate the formant detection
performance [164]. Performance is evaluated in terms of Gross detection rate (GDR). GDR is the
percentage of formants detected within 20 percent deviation from the ground truth or 300 Hz absolute
deviation, whichever is smaller. Performance of different formant detection methods are compared
and are shown in Table Detection performance for STRAIGHT is evaluated using 20 ms segment
of speech with 10 ms shift. Since, HNGD and HFBT are computed at the epoch locations, formants
computed at the epoch locations are averaged over a 20 ms window and then evaluated. Formant
extraction is done only for vowels, semivowels and diphthongs.

From the table it is seen that STRAIGHT method is the best in terms of estimating F; and Fs.
HNGD and HFBT method show similar performance for these two formants. Fj estimation is better

in case of HNGD than STRAIGHT and the performance best in case of HFBT. HNGD and HFBT
TH-1618 11610209
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A.3 Formant estimation evaluation

Table A.1: Performance of formant extraction in terms of Gross detection rate (GDR) using different methods.

|

\ FT \ HNGD | STRAIGHT \ HFBT \

F1 | 60.20 62.30 82.40 65.20
F> | 65.30 69.80 88.80 69.80
F3 | 52.80 56.59 47.60 65.10

are giving improved performance compared to FT in all three formants.
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B. Phone symbols to IPA mapping

Table shows different symbols used as phones of Assamese and Hindi, and their IPA notation.
In some cases various IPA are merged and represented by a single symbol. This is done because of

unavailability of sufficient examples in all phone classes.

Table B.1: Symbols used as phones and their IPA.

Assamese Hindi
IPA\Symbol used|| IPA \Symbol used
b) ao i, 1,1 i
i i , a
a a , e
e, € e ) o
o} o u, u: u
u, U u au au
n n ai ai
m m n n
g ng m m
p D y ng
b b p p
t t b b
d d Gt t
k k d,d d
g g k k
p" ph g g
b bh f, p" ph
th th bh bh
d" dh o th
kP kh dr dh
g" gh k" kh
z ] g" gh
S S Z ]
X X S s
h h h h
w w w w
1 r / sh
j y 1 r
1 1 J y
1 1
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