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Abstract

The objective of this thesis is to analyze the stress information in the spectral
features of stressed speech. The analysis of stress is focused in the frequency domain,
with specific emphasis on various sub-areas in representing this structure-spectrum,
subband, and cepstrum. The investigation of stress information includes recognition
of speech under stressed condition. In this thesis, four problems of stressed speech
recognition are dealt. The first problem deals with the development and evaluation
of a stressed speech database. The stress and speech information present in the
database are validated by evaluating the stress class and speech information present
in the utterances. The stress and speech information are evaluated perceptually as
well as by using automatic methods for stress classification and speech recognition,

respectively.

Under stressed condition, migration of spectral energy takes place from the lower
frequency to the higher frequency. The migration of spectral energy effects the
spectral tilt and the subband energy of the speech signal. This has been reported
in the literature. Compared to the source, the formants are less affected due to
stress. As a part of the second problem, this has been revisited. The conventional
method for computation of spectral tilt captures the gross spectral energy informa-
tion of the speech signal. In the present work, relative formant peak displacement
(RFD) is proposed to quantify this variation in formant peaks. The RFD values of
second, third and fourth formant peaks are computed as relative displacements of
these formant peaks from the first formant peak. A stress classifier is developed to

investigate the stress information in the RFD feature.
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The migration of spectral energies effects not only the features of the spectrum,
but also the energies of subbands. Here, the subband energies are the output of
filterbanks placed in the spectrum [I]. Therefore, the third problem deals with the
analysis of subband energy of the speech signal. The statistical characteristics such
as mean, variance and divergence of subband energy are investigated for different
stressed conditions. Mean energy values of subbands for stressed speech are ob-
served to be deviated from that for neutral speech. This deviation is more at higher
subbands. The difference energy are proposed across subbands using backward dif-
ference of consecutive subbands. It is observed that difference energy of subband
is less effected due to stress compared to the other statistical characteristics of the
subband energy. Three stress compensation techniques are proposed based on sta-
tistical and difference energy based analyses. These techniques are weighted mean,
smoothed K LD, and differences of subband energies. The effectiveness of these
techniques is evaluated by incorporating these techniques in speech recognition ap-
plication. From this study, it is observed that these stress compensation techniques
require additional stress class information during the recognition, which increases
the complexity of the system. Therefore, the performance of speech recognition
is dependent on the classification rate of stress classifier. Hence, the fourth prob-
lem deals with the development of a stress compensation technique which does not
require the stress class information. A subspace projection based approach is pro-
posed to separate the speech and stress information from the stressed speech signal.
In this approach, the speech and stress information are assumed to be orthogo-
nal. Orthogonality assumption between speech and stress information is verified

experimentally. The contributions of this thesis are as follows:

1. A stressed speech database is developed.

2. Relative formant peak displacement is proposed as a measure for spectral tilt

and it is proposed for stress classification.
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3. Difference energy is evaluated for stress compensation.

4. A subspace projection based approach is proposed and evaluated for stress

compensation.

Keywords: Stressed speech recognition, relative formant peak displacement, dif-
ference energy of subband, subspace projection, orthogonality, stress classifier and

stress compensation.
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Synopsis

The speech recognition system recognizes the spoken words present in an utterance
[2]. In the development of conventional speech recognition system, it is assumed
that the speech used for recognition is collected from a controlled environment
where there is no background noise and reverberation, and also the speakers are
not under stressed condition. However, in practice, the environment is uncontrolled
in nature [2]. The speech is termed as Stressed Speech, if the predominant factor
is stress [3]. Stress is defined as the psychological state of the speaker induced
due to the emotional, physiological and external reasons [3]. The stress leads to
the change in the dynamics of the vocal tract and the excitation source. As a
result, the speech characteristics vary from the neutral condition. The features
extracted from stressed speech vary from that of neutral speech and this variation
leads to the degradation in the recognition performance. State-of-the-art features
for speech recognition such as mel frequency cepstral coefficients (M FCC) and
linear prediction cepstral coefficients (LPCC') capture spectral information of the
speech signal [4]. The spectral features of the speech signal include formant location,
formant peaks, spectral slope, spectral shape and auditory spectral density [5] [6].
This thesis documents the analysis of stress information in three levels, namely,
spectrum, subband and cepstral levels. This thesis also proposes methods to model
these information and uses these information for the development of robust speech

recognition system.

There are four major contributions made in this work. The first one is the develop-
ment and evaluation of a stressed speech database. First, stressed speech database

is developed to analyze the stress information in speech features and the stress
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information are evaluated to make this database usable for speech recognition un-
der stressed condition. The migration of spectral energy takes place when speech
is stressed. Due to this migration, the spectral features vary as compared to the
neutral condition. In the second, the stress information is analyzed on spectrum
using gross spectral tilt and local spectral tilt which is termed as relative formant
peak displacement (RF'D). The stress information in RF'D is evaluated using stress
classifier where RF'D and gross spectral tilt are together considered as feature for
stress classification. The migration of spectral energy effects the subband ener-
gies. As a third contribution, the stress information is analyzed on subbands using
backward differences of subband energy as a feature. The fourth contribution deals
with the analysis of stress in cepstral feature using subspace projection approach.
A subspace projection based compensation technique is developed for the speech
recognition which does not require explicit knowledge of stress classes.
Motivation of the Work

There were four approaches explored in the literature to analyze the stress infor-
mation in the speech features and use these information to increase the robustness
of recognition system. These approaches are multistyle training, classification of
stressed speech, robust feature extraction technique and stress compensation tech-
nique. In the multistyle training, the speech recognition system is trained using
features from the different stressed conditions that may occur during testing [7].
The objective of stress classifier is to recognize the type of stress present in the
speech signal and it is used as a prior knowledge for speech recognizer [§] [9] [3].
Robust feature extraction approach was explored to extract features which are im-
mune to the stress and more sensitive to the message present in speech [10]. Ghazale
and Hansen [I0] observed shifts in spectral energies, and have shown that the high-
est recognition rate occurred near second formant region rather than first formant
region. In this study, the mel filterbank is modified such that the maximum reso-

lution is given near second formant region. In stress compensation approach, the
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stressed speech feature vectors are transformed to neutral speech feature vectors.
Therefore, neutral speech models can be used for recognition. The adaptive cepstral
mean normalization [111[12] and formant location and bandwidth based compensa-

tion techniques were proposed.

The speech recognition system mostly uses cepstral features such as M FCC and
LPCC'. Under stressed condition, the means of cepstral coefficients are shifted from
those under the neutral condition [IT]. The shift in the means of cepstral coefficients
are observed due to the variation in spectral tilt. It is observed that, the migration
of spectral energy and variation in vocal loudness take place as a consequence of
variations in the glottal parameters [I3]. The variation in migration of spectral
energy introduces shift in the spectral tilt and variations in spectral energies. The
spectral energy contains phonetically relevant information of speech whereas, spec-
tral tilt contains information about speaker such as stress [0] [14]. Alternatively,
the variation in vocal loudness is reflected from the formant peaks which also con-
tains stress specific information [15]. These observations inferred that the stress
information can be analyzed from spectrum, subband energy and cepstral features.
A detail analysis of spectral and cepstral features under stressed condition may
provide useful information in the development of robust speech recognizer. The
performances of existing approaches for stressed speech recognition are evaluated
using speech under simulated and actual stress condition (SUSAS) database. This
database has less number of utterances for training and testing which may not give
the effectiveness of the proposed techniques. Hence, there is need for the develop-
ment of a stressed speech database.

Stressed Speech Database: Development and Evaluation

In this study, the development and evaluation of a stressed speech database are
presented. A simulated stressed speech database is collected in Hindi, an Indian
language from fifteen non-professional speakers. A database of one hundred nine-

teen words is recorded for neutral, angry, sad, Lombard conditions in two separate
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sessions. The database is evaluated to understand the level of stress present in
utterance and ability of listeners and automatic stress classifier to classify the ut-
terances according to the stress classes. The perceptual validity of this database
is evaluated in the similar way in which the SUSAS database is evaluated [16].
The confusion patterns of listeners and an automatic stress classifier are observed
to be similar. The listeners are able to identify 63.10% stress classes (in average
sense) and the M FCC based stress classifier using V@ and HM M classifiers iden-
tify 60.81% and 59.43% stress classes, respectively. The perceptual validity of stress
for SUSAS database is evaluated in [16]. Listeners are able to identify angry, loud,
neutral and slow speech approximately 52.83%. The M FCC based stress classifier
identify approximately 63.25% stress classes. This study infers that perceptually
and automatic stress classifier perform approximately similar stress classification in
both of the databases. Hence, simulated stressed speech database can be useful for
evaluation of speech recognition under stressed condition. The content of utterance
of this database is evaluated by listeners and automatic speech recognition method.
It is observed that the human perception is not affected by stress condition. For
automatic speech recognition, performance of the system under stressed condition
is not at par with its own performance when speech is produced under neutral con-
dition.

Analysis of Relative Displacement of Formant Peak

This study focuses on analysis of stress on the spectrum using spectral tilt as fea-
ture. Spectral tilt can be defined as the relative distribution of spectral energies
from lower frequency to higher frequency [17]. A linear regression line is fitted to
the spectrum using least square error method [17,[18]. The slope of the regression
line is taken as a measure for spectral tilt. This spectral tilt gives gross energy
variation across spectrum, therefore, it is named as gross spectral tilt. The gross
spectral tilt is analyzed for different stressed conditions and it is observed that the

gross spectral tilt varies under stress conditions. This study infers that gross spec-
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tral tilt has ability to characterize the stress classes. This study also inferred that
the variation in the spectral tilt is not only due to migration of spectral energy, but
also due to the variation in formant peaks that is introduced as a consequence of
migration of spectral energy as well as vocal loudness. The effect of stress is also
studied on the formant peaks by proposing local spectral tilt as a measure. Here,
local spectral tilt refers to the relative variation between formant peaks and it is

named as Relative Formant Peak Displacement (RF D) given as
RFD; = ———' 2<i<4 (1)

where, A; is the log magnitude at i formant location. The REF D values are com-
puted from the LP spectrum and cepstrally smoothed spectrum. Under stressed
condition, the RF'D features show significant variation and found that the effect of
stress is more at higher formant region. The stress information in this feature is
evaluated by considering classification of stressed speech. Conventional M FCC' fea-
ture contains spectral energy information. Both information are extracted from the
spectrum. In order to investigate the stress information in RF' D feature, the perfor-
mance of this feature is compared with the performance of M FCC feature. The per-
formance of stress classification using M FCC feature is 53.15%. Alternatively, the
performances of RF' D features derived from LP spectrum and cepstrally smoothed
spectrum are 51.67% and 52.40%, respectively. Results show that RF D feature has
approximately same discrimination capability for stress as M FCC. M FCC feature
captures spectral energies of the speech signal where formant peak information are
normalized. On the other hand, RF' D feature captures formant peak information.
The analysis shows that the information present in the M FCC and RF D are dif-
ferent and hence, they may capture different aspects of stress information. The
MFCC and RF D features are combined at feature level, at score level and at rank

level. The stress classification performances of all these combination techniques
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show improvement from their individual feature performances. From these studies,
it can be concluded that the RF'D feature contains additional information of stress
which is not present in the M F'C'C feature.

Evaluation of Subband Energies

The migration of spectral energies not only effects the features of the spectrum, but
also energies of subbands where the subband energies are the output of filterbanks
placed in the spectrum [I]. This study inferred that the statistical characteristics of
subband energies (SBFE) vary under stressed conditions. Thus, statistical parame-
ters, namely, mean and Kullback Leibler divergence (K LD) of SBE are considered
to investigate the stress information in individual subband. Analyses show that the
means of SBFE under angry and Lombard conditions are shifted to the higher level
and means of SBE of sad speech is shifted to the lower level. Further, higher sub-
bands are deviated more from that of neutral speech than lower subbands. From this
analysis, it is also observed that the variation patterns of means of energies across
subbands are observed to be same under stressed conditions. In this study, this
variation patterns of SBFE is estimated using backward difference between consec-
utive subbands. This may contain the dynamic information of the subbands which
might give the information of rate of migration of energies across frequency scale.
In this study, the backward differences of subband energies is proposed (BDSBE)

and it is given in Eq.

AEX(k) = EX(k) — EX(k — 1) 2)

where, k: Subband number, E: Subband energies, AEX: Differences of subband
energies (DSBE) of X stress class. It is observed that up to 10 subbands, DSBE
of stressed speech vary from neutral speech and after 10" subbands, the variation is
approximately same for stressed conditions. In mel-scale, 10 subbands correspond

to the 1000 Hz (approximately) frequency region which may contain 1 and 2"
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formant information. This observation infers that the migration of energy from 1%
formant to the 2" formant introduces modulation in higher formants due to stress.
Therefore, the energies of higher subbands under stressed condition are more devi-
ated from those under neutral condition. From this study, it is also observed that
the variation of means of DSBE are negligible across stressed conditions compared
to those of means of SBE. This study inferred that the DSBFE may contain stress
robust information of the speech signal. In order to investigate the effectiveness
of these analyses, stress compensation technique is proposed. The objective of this
compensation technique is to eliminate the effect of stress from the subbands. In this
study, compensation techniques are proposed to transform the energies of subbands
i.e. EX(k) of given stress X to energies of subbands £ (k) which is approximately

close to neutral speech using weighting factor W= (k) as given in Eq.

EX (k) = W (k) EX (k) (3)

From analysis of means of SBE under different stress conditions, weighted mean

based stressed compensation technique is proposed

Wi (k) = —5—— @)

where, X: Stress condition, E;*: Energy of k' subband for stress X, M; and My:
Number of frames for neutral and stress class, respectively, W;*: Weighting factor
for proposed mean normalization of SBE for a given stress. K LD information of

subband energies is also used to compensate the effect of stress from the speech
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signal as given below

(1+ maf(ka)) for sad speech

WK (k) = 1 (5)
—_— for angry and Lombard speech

(1+maac(ka))

where, D;: Divergence value of stress speech from neutral speech of k' subband.
The DSBE is used as mapping function for SBE of stressed speech to neutral
speech. The recursive approach is proposed to map the subbands of stressed speech

to neutral speech.

1. Initialization

(1) = pp(1) (6)
2. Recursive
g (k+1) = AEY (k) + jig (k) (7)
3. Weighting factor
Wi = 220 ®)

The effectiveness of compensation techniques is evaluated for stressed speech recog-
nition. The performances of these proposed compensation techniques are evaluated
under the assumption that the recognition system has prior knowledge of stress
classes and their performances are compared with M FCC' feature based speech
recognition. The performances of weighted mean, smoothed K LD and DS BE based
compensation techniques are 64.89%, 63.19%, and 65.31%, respectively, which are
5.07%, 3.37% and 5.49%, respectively higher than M FCC feature. However, the
stress information is not known to the recognizer in a practical scenario. The per-
formances of these compensation techniques are evaluated using rank level combina-
tion of M FFC'C with RF'D features. The performances of weighted mean, smoothed
KLD and DSBE based compensation techniques are 62.63%, 61.14%, and 63.34%,

respectively. These results infer that the performance of the recognizer depends on
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the classification of the stress classifier. Any failure of the stress classifier reduces
the performance of the system.

Stress Analysis using Subspace Projection

This chapter proposes a stress compensation technique which does not require the
explicit knowledge of the stress class. The subspace projection based technique is
proposed to separate the speech information from stressed speech signal. In this
technique, an orthogonal relation is assumed between speech and stress compo-
nents. The projections of stressed speech vectors onto the neutral speech subspace
form speech subspace and the stress subspace which is orthogonal to the neutral
speech subspace. In this study, the codevectors of the speech, A = {aj,ay,...,ay}
are assumed as neutral speech vectors. Under stressed condition, the speech vector
contains additional stress information. This vector can be termed as stressed speech
vector. The stressed speech vector (y) can be represented as a function ( f) of speech
(s) and stress (x) information. Under stressed condition, the stressed speech vector
deviates from neutral speech vector. In this study, this deviation is assumed due to
stress. Let, P, be the projection matrix required to project a vector onto a,,. Then
P, is given by

T

a}faz 1<n<N 9)

a,a

P, =

The projection of y onto {a,} which can be represented as p = {P,y} where, p
is the component of y in the neutral speech subspace. The set of projections of
stressed speech vector, y, onto the set of codevectors {a,}, 1 < n < N, can be
seen as projection of y onto neutral speech subspace. These components contain
speech specific information of stressed speech vector. The error between y and
P,y is orthogonal to the neutral speech subspace which can be represented as
e = y—P,y. Due to orthogonal assumption between speech and stress information,

the orthogonal vectors will contain stress information of stressed speech vectors.

The projection of y onto the set of {a,}, produces N projected vectors in neutral
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speech subspace and corresponding N orthogonal vectors in the orthogonal sub-
space. The stressed speech subspace can be decomposed into the speech (S) and
the stress (X) subspaces. In this work, the stress vector x is decided by the or-
thogonal vector which has minimum length as given in Eq. and Eq. The
projected vector corresponding to that orthogonal vector is considered as speech

vector as given in EqlG.8

i = argmin((y — Pry)" (y — Pry)) (10)
x = (y — Pay) (11)
S = Pﬁy (12>

According to orthogonal assumption, the speech information should be present in
speech subspace and stress subspace should contain stress information. The speech
information in stress subspace (X) should be negligible and similarly little stress
information may be present in speech subspace (S). This assumption is verified ex-
perimentally by using speech and stress recognition techniques. The performances of
speech recognition using stressed speech vectors and their corresponding estimated
speech and stress vectors are evaluated. This study show that the recognition per-
formances of estimated speech vectors under stressed conditions are increased from
those of stressed speech vectors. The speech recognition performances of estimated
stress vectors under stressed conditions are less than those of stressed speech vectors
and estimated speech vectors. Alternatively, the classification rate of stress classifier
is evaluated using stressed speech vectors and their corresponding estimated speech
and stress vectors. This study show that the stress classification rates of estimated
speech vectors under stressed conditions are less than those of estimated stress vec-
tors and the classification rates of estimated stress vectors under stressed conditions

are increased from those of estimated speech vectors. The speech and stress recog-
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nition experiments concluded that the speech and stress specific information are

present in their respective subspaces.

Table 1: Performances of proposed techniques for stressed speech recognition

MFCC | Multistyle | Adaptive | RF D(log) | Difference | Subspace

training CMN +MFCC | Energy | Approach
Neutral 81.10 80.42 73.54 72.62 76.73 80.96
Angry 42.58 64.82 39.86 69.72 52.11 44.05
Sad 59.89 63.64 53.43 63.99 58.87 63.91
Lombard 55.69 75.14 52.14 75.19 65.63 56.49
Avg. Perform | 59.82 71.14 54.74 70.38 63.34 61.35

The estimated speech and stress vectors are used for speech recognition. The per-
formances of proposed techniques developed based on the analysis of stress are
evaluated for speech recognition and they are shown in Table 310l These perfor-
mances are compared with the performances of M FCC' feature, existing techniques
such as multistyle training and adaptive CMN. Different columns indicates dif-
ferent features or techniques of speech recognition under stressed condition. The
proposed rank level combination of M FCC and RF D feature is evaluated for stress
directed speech recognition and it is named as RF D(log)-M FCC. By comparing
the performances of multistyle training and RF D(log)-M FCC, it is observed that
the performances of RF'D(log)-MFCC technique under stress conditions improve
from the multistyle training. The subspace projection and difference energy based
compensation techniques provide better performance compared to adaptive CM N
techniques. Also, the proposed subspace projection based compensation technique
does not require additional stress information during recognition. Therefore, this
technique is computationally easier to deploy for speech recognition under stressed

condition.
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1. Introduction

The speech recognition system recognizes the spoken words present in an utterance [2]. In the
development of conventional speech recognition system, it is assumed that the speech used for
recognition is collected from a controlled environment where there is no background noise and
reverberation, and also the speakers are not under stressed condition. However, in practice,
the environment is uncontrolled in nature [2]. The speech is termed as Stressed Speech, if the
predominant factor is stress [3]. Stress is defined as the psychological state of the speaker
induced due to the emotional, physiological and external reasons [3]. The stress leads to
the change in the dynamics of the vocal tract and the excitation source. As a result, the
speech characteristics vary from the neutral condition. The features extracted from stressed
speech vary from that of neutral speech and this variation leads to the degradation in the
recognition performance. Four stages are considered in stressed speech processing to improve
the robustness of speech recognition for stressed speech [3]. These are stress analysis, stress
classification, stress compensation and robust speech recognition. In stress analysis stage,
the stress information is investigated in speech features for identifying their robustness or
sensitiveness towards stress. In stress classification stage, stress class is identified using stress
sensitive speech features. In stress compensation stage, the effect of stress is removed from
the speech signal using stress robust features. Finally, in robust speech recognition stage, the
robustness of speech recognition is increased under stressed condition by exploring new feature
for recognition or by incorporating stress classification or stress compensation techniques in the
speech recognition system. Exploring each of these stages is the objective of the present work.

The first objective of the work will be to develop and evaluate a stressed speech database.
The second objective of the work will be to analyze the effect of the stress information at
different levels, namely, spectrum, subbands and cepstral levels. The third objective of the
work will be to develop methods to model the stress information, that can be used in stress
classification or in stress compensation. Finally, the fourth objective of the work will be to

incorporate these modeling techniques into the speech recognition system.
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1.1 Overview of Automatic Speech Recognition System

1.1 Overview of Automatic Speech Recognition System

Speech is the primary mode of conveying message in human-human communication. An auto-
matic speech recognition (ASR) system is developed to use speech as a mode for human-machine
communication. The ASR system recognizes the spoken words present in an utterance [2].
Speech recognition is deployed in several areas such as commercial mobile communication,
where it handles voice dialing, command and control, voice enabled short messaging service
(SMS), email, and mobile search [19]. In military services, it handles several tasks like setting
radio frequencies, commanding an autopilot system, setting steerpoint coordinates and weapons
release parameters [20-22]. There are some other areas where speech recognition is used such
as voice enabled form filling, personal data assistants, car navigation, online ticketing systems,
customer care management systems for call center purposes and development of vocoder in
speech communication [23].

The speech production system consists of vocal cords and vocal tract system [2]. The
vocal tract system consists of various articulators such as jaws, tongue, velum, lips and mouth.
From the speech production point of view, speech is produced as a sequence of sounds that
depends on variation of the state of vocal cords as well as shapes, positions and sizes of various
articulators with respect to time [2]. Speech can be classified as voiced speech and unvoiced
speech depending on the state of vocal cords [2,24]. Speech is called as a voiced speech,
when the vocal cords are tensed and vibrate periodically, as air flows from the lungs. The
nature of voiced speech is quasi-periodic. Alternatively, the unvoiced speech is produced when
the vocal cords are relaxed and not vibrating when air flows from the lungs. The resulting
speech is aperiodic in nature. From the signal point of view, speech is a time varying signal
whose characteristics are approximatively stationary over short period of time (10-30 msec).
The characteristics of the signal change over long period of time (> 100 msec) which reflect
the different speech sounds being spoken. The speech signal can be characterized via spectral
representation of the model of speech production system. Human vocal tract is a concatenation

of the vocal tubes, of varying cross-sectional areas, that is excited by the vocal cords. According
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to the acoustic theory, the transfer function of energy from the excitation source to the output
produces resonances of the vocal tube, where the most of the acoustic energy passes from the
source to the output [2]. These resonances are called formants of speech. In the speech signal,
five formants are present which characterize the content of the speech signal.

In speech recognition research, several issues have been addressed to make speech recogni-
tion system more sophisticated, intelligible and robust to the environmental conditions. Ini-
tially, the research was more focused toward exploiting the fundamental ideas of acoustic-
phonetic [25] [26]. Speech specific information is mainly captured by the vocal tract parameters
such as formant locations and their bandwidths, spectral shapes and auditory spectral density.
Therefore, the research was carried out to extract features which capture the vocal tract param-
eters more accurately. These features are formant locations and their bandwidths, filterbank
based mel frequency cepstral coefficients (M FCC) [4], linear prediction cepstral coefficients
(LPCC) [27], and perceptual linear prediction cepstral coefficients (PLPCC) [28]. The speech
recognition using these features perform well for a single speaker and for a small vocabulary [29].
However, the acoustic properties of phonetic units are highly variable for speakers and neigh-
boring phonetic units due to the coarticulation of sounds. To overcome these limitations, the
pattern classification approach was explored for speech recognition [29] [30]. In this approach,
the speech knowledge is brought into the system via the training procedure, where the ma-
chine learns which acoustic properties of the speech class are reliable and repeatable across all
training patterns. To develop a speaker independent system and to handle a large vocabulary
size, several pattern classification and pattern matching techniques have been explored such
as dynamic time warping (DTW) [31], vector quantization (V@) [29], hidden Markov model
(HMM) [30] [2] and artificial neutral network (ANN) [32].

The speech recognition system is developed with the assumption that it should be deployed
in a controlled environment, where the noises and distortions are negligible [33]. However, the
performance of speech recognition rapidly degrades in presence of noises and distortions [34] [35]
and other mismatches between training and testing conditions, which include microphone mis-
match [36], transmission channel mismatch. Some noises are additive in nature. While record-
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ing, noises are added with the speech signal. Mostly, these types of noises are ambient noises
such as in office environment. The source of noises include typewriter, printer, telephone
ringing, sound of fans and background conversation of other people. Some noises are con-
voluted with the speech such as reverberation [37]. The microphone transducer, depending
on its type and mounting position, also introduces distortion in the speech spectrum [36].
Several normalization techniques were explored to enhance the speech signal characteristics
such as parallel model composition [35], model decomposition [34], and spectral subtraction
methods. These techniques were used for speech enhancement and noisy speech recognition.
Codeword-dependent cepstral normalization (CDCN) technique was proposed for microphone
mismatching [36]. The development of speaker independent continuous speech recognition was
also considered as serious problem in the research [38]. The speaker variability introduces vari-
ation in the feature which is difficult to handle with statistical models. Therefore, speaker
independent models are less effective compared to the speaker dependent models for speech
recognition. Further, the development of large number of speaker model is also computation-
ally expensive. To handle this issue, the speech recognizer was developed using small number of
speakers and new speaker’s speech was used for tuning the model for new speakers. This tech-
nique is termed as speaker adaptation. Recent speech recognition research is mostly focused on
the robustness from the natural or unconstrained human-human speech of the broadcasts [39],
telephone conversational speech [40] and spontaneous speech [41]42].

The general block diagram of automatic speech recognition system is shown in Figure [Tl
Speech recognition consists of two phases, training and testing. In the training phase, the
recognizer is able to characterize the acoustic properties of the speech pattern that can be
sound, word or phrase by using adequate training set of that pattern. On the other hand,
in the testing phase, the unknown patterns are compared with each possible pattern learned
during the training phase and classifies the unknown patterns according to the goodness of
match of the patterns. The training phase includes feature extraction and modeling blocks.

The testing phase includes feature extraction, pattern similarity and decision.
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Traming Phase

Reference Feature Feature , Reference
_— Extracti Modeling =
Speech xtraction Vectors Models

Testing Phase

Pattern .
Testing Feature Feature Comparison Recognized

—_— . %
Speech Extraction Vectors aﬂd Message
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o
Reference
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Figure 1.1: Block diagram of automatic speech recognition system

1.1.1 Feature Extraction

Feature is the compact representation of the acoustic properties manifested in the speech signal
[2]. The speech recognition system uses features which represent the vocal tract information
adequately. Various signal processing techniques have been explored to extract the vocal tract
characteristics more effectively.

Davis et al. [25] considered formant frequencies for a speaker dependent isolated digit recog-
nition. The formant frequencies are distinct for different sounds, therefore, formant frequencies
were measured for vowel regions and the trajectories of the first and second formant frequencies
were plotted in a two dimensional space. The formant trajectories were observed to be distinct
for each digit. Forgie and Forgie [26] developed speech recognizer to recognize vowels. In this

study, spectral patterns of steady vowel region were determined using filterbank energy con-
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cept. The filterbank energy is influenced by variations in the pitch frequency. To tackle this,
Ichikawa and Nakata [43] introduced linear prediction (LP) analysis in the speech recognition
field. The LP analysis estimates linear, time varying system which is closely matched with the
speech production model. Here, vocal tract system is characterized by linear and time-varying
system [2]. Davis and Mermelstein [4] evaluated M FCC, linear frequency cepstrum, linear
prediction cepstrum, a linear prediction spectrum, and a set of reflection coefficients features
for large vocabulary continuous speech recognition. It was observed that the M FCC feature
performs better than other features. M FCC' is a perceptually motivated feature, which gives
linear frequency resolution up to 1000 Hz and logarithmic resolution at higher frequencies [2].
As a result, it suppresses the insignificant spectral variations in the higher frequency bands and
provides a better representation of lower frequency bands, which is important from the speech
recognition point of view. Furui [44] proposed combination of instantaneous and dynamic fea-
tures of the speech spectrum for isolated word recognition. It was found that, the concatenation
of static and dynamic features perform better for speaker independent scenario. Hermansky [2§]
estimated auditory spectrum using three concepts of psychophysics of hearing: (1) the critical-
band spectral resolution, (2) the equal loudness curve, and (3) the intensity-loudness power
law. In comparison to LP spectrum, this technique is more effective to suppress the speaker
dependent details from the auditory spectrum and also more consistent with human hearing.
For convolution noise, the cepstral coefficients computed from this auditory spectrum derived
from perceptual linear prediction analysis gives comparable performance to the conventional

spectral subtraction method [45].

1.1.2 Modeling

The pattern recognition approach has two stages namely, training of speech patterns and recog-
nition of speech patterns via pattern comparison [2]. In pattern training, one or more patterns
corresponding to speech sounds of the same class are used to create a pattern, which is a rep-
resentative of that class. Here, pattern refers to the feature vectors of sound. The resulting

pattern is called a reference pattern. It can be derived through some averaging techniques or it
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can be a model that characterizes the statistical characteristics of the reference pattern. The
modeling techniques are K-nearest neighbor (K NN) decision, vector quantization (V Q) [46],
hidden Markov model (HM M) and artificial neural network (ANN) [32].

Rosenberg and Soong [46] introduced V'@ technique in speech recognition area, to model the
reference patterns of words. In the V@) technique, acoustically similar features formed clusters
and the centroid of each cluster is termed as a codevector. Lippmann [32] introduced self-
organizing ANN technique in the speech recognition field. Neural network basically consists
of neurons that are connected via weights that are adapted according to the speech specific
information during training. Rabiner [30] applied stochastic process based HM M for speaker
independent isolated word recognition. In this experiment, multiple codebook based H M M
i.e. discrete HMM and continuous HM M, where observation sequences are assumed to be
Gaussian distributed, were developed. It was observed that continuous H MM models the
feature vectors more accurately than discrete HM M. The discrete and continuous H M M

methods were found to be suitable for handling speaker independent isolated word recognition

[21.
1.1.3 Pattern Comparison and Decision

In pattern comparison approach, the unknown test pattern is compared with the reference
pattern of each class and the similarity is measured between the test pattern and each of the
reference patterns. Usually, the test pattern and reference pattern of same sound units (word/
sentence) may not have same duration. The fluctuation in duration may be due to variation
in the speaking rate. To eliminate the nonlinear durational fluctuation between these two
patterns and to measure the similarity between two patterns, dynamic time warping (DT'W)
was developed by Vintsyuk [47]. In this technique, the duration of unknown patterns was
normalized with respect to the reference pattern. Element-by-element recognition takes place
ensuing best match between elements of unknown and reference patterns. Weighted cepstral

distance based similarity measure has been proposed in speech recognition area. The weighted
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cepstral distance from test pattern, ¢; to the reference pattern, ¢, can be represented as
d(cy,c) = (¢, — ¢,)C ey — )" (1.1)

where, C is positive definite matrix. The Euclidean distance is widely used as a distance
measure technique for V() technique. For Euclidean distance measure, C is considered as an
identity matrix, whereas, for Mahalanobis distance, C is considered as a covariance matrix of
the feature vectors [48]. For LP coefficients based spectral feature, Itakura-Saito distance was
proposed [44149]. For large vocabulary speech recognition system, probabilistic model of speech
production is used [50)]. Using Bayes rule, the probability that an observation sequence o was

produced by the model A, is given as

P(o|A\y) P(Aw)

P()\wlO) = P(O)

(1.2)

where, P(o|(A\,)P()\,) is the probability of a sequence of observations from the model A,.
P(\y) is the probability associated with a postulated sequence of word model.

The decision stage decides which reference model matches most closely with the unknown
test speech [4]. For a V@ based classifier, the average Euclidean distance of test speech with the
closest reference model must be minimum compared to the other reference models. Similarly,
for probabilistic model, the maximum a posteriori probability (M AP) decoding rule is used
for decision. The average P(Ay,|o) of test speech with the closest reference model must be
maximum compared to the other reference models, which is given in Eq. [L.3l

w = arg max[P(\|o)] (1.3)
1<w<W
The closest reference model is then finally decided as the basic unit information (message)

present in the testing feature vectors.
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1.2 Speech Recognition under Stressed Condition

In the development of conventional speech recognition system, it is assumed that the speech
used for recognition is collected from a controlled environment. Controlled environment refers
to the case where there is no background noise and reverberation, there is no speech from
other speakers and also the speakers are not under stressed condition. However, in practice,
the environment is uncontrolled in nature, where the speech is affected by one or more of
the above mentioned factors. The speech is termed as Stressed Speech, if the predominant
factor is stress [3]. Stress is defined as the psychological state of the speaker induced due
to the internal factor, external factor or both [3]. The emotional and physiological aspects
represent the internal factor. The surrounding environmental aspect represents the external
factor. Emotionally induced stress includes those due to anger, happiness, fear, anxiety, sorrow
and compassion. Physiologically induced stress includes those due to sickness, cough and
drug interaction. Externally induced stress includes those due to Lombard, fastness, slowness,
question, loudness and softness. The speaker is said to be stressed, if the speaker is affected
by one or more of these mentioned conditions. Otherwise, the speaker is said to be normal
or neutral. Stress leads to variation in the constriction of speech production organs, which in
turn changes the dynamics of the vocal tract and the excitation source. Further, the variation
may also be unique for each of the stressed condition resulting in unique variation of speech
characteristics from the so called neutral condition. Therefore, the features extracted from
stressed speech are different as compared to the features from neutral speech and this variation
leads to the degradation in the performance.

Lippmann et al. [5I] demonstrated the effect of stress on speech recognition system. A
speaker dependent isolated word recognition was developed, which gave approximately 92%
recognition performance under neutral condition [5I]. However, the performance of the same
system degraded to 61% under noisy and stressed condition. This study inferred that the stress
information influences the characteristics of speech, which may also interfere with the speech

information. As a result, the recognition performance degrades. A detailed investigation of

TH-1325_07610203

10



1.2 Speech Recognition under Stressed Condition

stressed speech may provide information of stress, expected to be useful for the development

of a robust speech recognition system.

1.2.1 Stages Involved in Stressed Speech Recognition

Stressed speech recognition deals with the recognition of speech produced under stressed con-
dition. The objective of stressed speech recognition system is to provide knowledge of stress
specific information to the speech recognition system for improving the performance under
stressed condition. In general, four broad stages are considered in stressed speech recognition.

Brief descriptions of these tasks are given below.

(i) Stressed Speech Analysis: This is the first and fundamental stage in the stressed speech
recognition, which deals with the investigation of stress information in speech features.
The stress information in speech features is in turn reflected from the changes in the
characteristics of different features. Stress discriminating capability of different features

is also studied to learn about their robustness or sensitiveness towards stress.

(i) Stress Classification: This stage deals with the identification of stress present in the
speech signal. This is useful in two areas: objective stress assessment and improving
speech processing tasks [3]. Objective stress assessment detects speaker stress class which
may be useful in emergency telephone message sorting and aircraft voice communications
monitoring and call centers [52]. Stress classification also gives stress specific information
to speech processing applications that can be used to improve the performance of the

system.

(iii) Stress Compensation: This stage deals with the removal of stress present in the speech
signal. This is useful for improving the performance of different speech processing ap-
plications. For instance, the features of a particular stressed condition may have unique
distribution characteristic. These can be estimated in terms of distribution parameters
using training data and can later be used for compensation. Such a compensation may

result in a modified distribution, which is closer to the neutral speech.

TH-1325_07610203

11
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(iv) Stressed Speech Recognition: This stage deals with speech recognition under stressed
condition. The objective of this stage is to increase the robustness of speech recognition

under stressed condition.

1.2.2 Approaches for Stressed Speech Recognition

Based on the tasks associated with the stressed speech recognition, there are four approaches
available in the literature. These approaches are namely, multistyle training, stress classifica-

tion, robust feature extraction and stress compensation.
1.2.2.1 Multistyle Training

The multistyle training focuses on increasing the robustness with respect to the variability
present in the speech during the training. The speech recognition system is trained using
features from the different stressed conditions that may occur during the testing. Since the
speech recognition system has exposure to the different stressed conditions during the training,
it is expected to provide improved performance. Lippmann et al. [51] proposed multi-style
training using simulated stressed speech utterances. A speaker dependent speech recognition
system of 35 word vocabulary was developed. The system was trained using five types of stresses
namely, anger, fastness, slowness, soft and loudness, along with the neutral speech. The speech
recognition was developed using M FCC' as a feature extraction technique and word models
were developed using HM M classifier. The average error rate of neutral trained system was
observed to be 20.7%. Alternatively, the average error rate of multi-style trained system was
9.8%. This result shows that the multi-style trained system reduces the error rate by a factor
of 2.

In another study, Hansen and Ghazale [53] trained the system using artificially generated
stressed speech rather than considering original simulated stressed speech. The stressed speech
was generated by exploiting the spectral content (i.e. mel cepstral parameters) and duration
of voiced and unvoiced segments of speech. Spectral and duration models for each phoneme
under stressed condition were developed, and according to the stressed condition the spectral

content and the duration of neutral speech were modified. This artificial stressed speech was
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1.2 Speech Recognition under Stressed Condition

then considered for training of the speech recognition system. In this study, a thirty five word
vocabulary speaker independent H M M based speech recognizer was developed. The system
was trained using four types of stresses namely, Lombard, loud, slow and neutral. The neutral
speech trained system gave 57.33% average recognition rate, whereas, 72.67% average recogni-
tion rate was obtained from artificial stressed speech trained system. These results show that
15% improvement in the recognition performance was achieved from artificial stressed speech
based multistyle training. The same authors also generated artificial stressed speech using
five separate perturbation models, namely, voiced duration variation, pitch contour perturba-
tion, derivative of pitch contour perturbation, explicit state occupancy for pitch perturbation
HMM and average spectral mismatch [54]. Each of the statistically generated perturbation
model was considered for the modification of neutral speech parameters. In this study, a thirty
five word vocabulary speaker independent H M M based speech recognizer was developed us-
ing three types of stresses namely, Lombard, loud and neutral. Average recognition rate of
artificial stressed speech trained model under stressed condition was 84.34%. Alternatively,
the average recognition rate of neutral trained system under stressed condition was 77.31%.
The relative improvement of 7.5% in performance was achieved as compared to neutral speech

trained model.
1.2.2.2 Recognition Using Stress Classification

The objective of stress classifier is to recognize the type of stress present in the speech signal
[55]. This may be useful for improving the performance of speech recognition under stressed
condition. The output of stress classification system can be used in two ways for improving the

speech recognition system performance [8] [9].

(i) Stress dependent speech processing: In this approach, during the training, one model is
trained for each basic unit (phoneme, syllable, word) per stress. During the testing, the
stress classifier identifies the stress present in the speech signal and the feature of the
speech signal is tested using only the trained basic unit models for the corresponding
stress. For each stress class, variation among the features is due to the different basic
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units and hence, an improved performance is expected during speech recognition.

(ii) Stress compensation: During training, basic unit models are trained using neutral speech.
During testing, the stress classification system identifies the stress present in the speech
signal and the stress information from the speech feature is removed using the correspond-
ing stress compensation. The compensated features of speech are tested with the neutral
trained models. After compensation, the compensated features of speech are close to that

of the neutral speech and hence an improved performance is expected.

Womack and Hansen [3] developed a speaker and text independent stress classifier. In
this study, the stress information were analyzed on vocal tract, excitation and cepstral based
features. Only a subset of features which had the capability of distinguishing more than two
stressed conditions was considered for stress classification. Articulatory cross-sectional area
ratio feature of the vocal tract was found to be sensitive for stress. Pitch, duration and intensity
features from excitation and autocorrelation of mel cepstral coefficients and their mean and
standard deviation features were considered for stress classification. The set of these features
was trained with neural network to estimate the stress score, which measures the degree of
stress present in the unknown speech signal. Thirty five word vocabulary and neutral, angry,
Lombard, loud, slow, soft and fast stressed conditions were considered for the study. Average
classification rate for the stress classifier was 91.01%. This stress classifier was further used in
the speech recognition task under the stressed condition. An average recognition rate for all
the stressed conditions was found to be 80.6%. In case of neutral trained system, the average
recognition rate was 69.5%.

Cairns and Hansen [§] found that nonlinear energy of speech signal is mainly produced
due to the creation of vortices, when the glottal air flows from true vocal folds to the false
vocal folds. Teager energy operator (T'EO) was used to measure the nonlinear energy of the
speech signal [8]. In this study, it was found that within a pitch period, the nonlinear energy
of the speech signal varies under different stressed conditions. This feature was therefore,

considered as a feature for stress classification. The classification rate of neutral speech was
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1.2 Speech Recognition under Stressed Condition

97%, loud speech was 98%, angry speech was 99% and Lombard speech was 86%. Ramamohan
and Dandapat [9] found that the frequency, amplitude and phase of the speech signal varies
under stressed conditions. The sinusoidal model based features were therefore considered for
stress classification. The classification performance was evaluated for one Indian language
(Telugu) and English language. The average classification rate of stress for Telugu speech was
92.3% and 89% for frequency and amplitude features, respectively. For English speech, it was
87.1% and 76% for frequency and amplitude features, respectively. Casale et al. [56] proposed
genetic algorithm based criteria for selection of a set of features for stress classification. These
features are autocorrelation of M FCC', fundamental frequency, formant frequencies, log area
ratio, log energy, LPC, LPCC, LSF, MFCC, real cepstrum based coefficients, reflection
coefficients, the variance of the Linear Prediction Error, and TEQO. These features were used
for classification of neutral, angry, loud and Lombard speech. Average classification rate for
the stress classifier was 98.56%. Véayrynen et al. [57] proposed multiple K NN classifier based
decision level fusion technique for classification of stressed speech. The classification system was
developed using Finnish emotional speech database. Average classification rate for the stress
classifier was 43.5%. Xiao et al. [58] investigated physical parameters based on a two-mass
vocal fold model. This model estimates the stiffness of vocal folds, vocal fold viscosity loss, and

subglottal pressure coming from the lungs. This parameter is used for classification of stress.
1.2.2.3 Recognition Using Robust Features

The objective of this approach is to extract the feature which is immune to the stress and
sensitive to the message present in the speech. Ghazale and Hansen [10] found the highest
recognition rate of neutral speech around the region of first formant frequency. On the other
hand, the highest recognition rate was observed around the region of second formant frequency
for angry speech. The shift in the recognition performance was observed due to the variation
in slope of the spectrum. The existing mel scale gives more resolution up to 1000 Hz and
less resolution at frequencies greater than 1000 Hz. Therefore, the feature warped by mel

scale can model first formant frequency more correctly as compared to the second formant
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frequency. In this study, the mel scale was modified in such a way that it gives more emphasis
near 2" formant region rather than 1% formant region. Two new scales, namely, modified
mel scale and expolog scale were proposed, which gave more emphasis to the second formant
frequency. A speaker independent H M M based speech recognition system was developed using
30 word vocabulary. The performance of the system was evaluated using neutral, loud, Lombard
and angry speech. The recognition rate of mel scale based cepstral coefficients under neutral
condition was 85.37% and average recognition rate under the stressed condition was 63.89%.
For modified mel scale based cepstral coefficients, the recognition rate for neutral condition was
86.30% and the average recognition rate under stressed condition was 67.04%. For ExpoLog
scale based cepstral coefficients, the recognition rate for neutral condition was 83.33% and

average recognition rate under stressed condition was 68.66%.
1.2.2.4 Recognition Using Stress Compensation

This approach is used to eliminate the variability present in the speech due to stress during
the testing phase. Under stressed condition, feature vectors contain speech information and
additional stress information. Chen [11] assumed this stress information as deterministic and
additive to the speech information in cepstral domain. The means of cepstral values of stressed
speech are shifted from those of neutral speech due to variation in the spectral tilt [LI]. Variation
in the spectral tilt occurred due to the additional stress information present in the speech
signal. An adaptive mean cepstral subtraction technique was proposed, which subtracts the
means of estimated cepstral vectors of the stress from those of stressed speech vectors. This
compensation technique brings the modified cepstral vectors near to the cepstral vectors of
neutral speech. The modified cepstral vectors were considered as input feature for recognition.
A speaker independent H M M based isolated word recognizer was developed for 105 isolated
words vocabulary. System was trained using neutral speech and during the testing, speech
under neutral, fast, loud, Lombard, soft and shout conditions were considered. Average error
rate of proposed stress compensation based speech recognition was 9.0%, whereas, the error

rate of speech recognizer without compensation was 10.4%. In this study, the stress information
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1.2 Speech Recognition under Stressed Condition

was assumed unchanged at the word level. However, Hansen [12] observed that the effect of
stress was uniformly distributed at phoneme level. In this study, the same stress compensation
technique was developed for noisy and Lombard speech recognition at the phoneme level. A
speaker independent H M M based speech recognizer was developed using 35 word vocabulary.
The average recognition rate of noisy Lombard speech was improved from 36.7% to 74.7%
using this stress compensation technique. Afify et al. [59] assumed the stress component as
additive random bias at the state level in continuous density hidden Markov model framework.
In addition, the speech and the stress components are assumed as statistically independent.
Maximum likelihood state based additive bias model compensation technique is proposed. In
this technique, the independent bias model and the polynomial trend model are used. A speaker
independent H M M based speech recognizer was developed using 21 words vocabulary.
Hansen and Clements [60] developed spectral domain stress compensator. In this study, four
formant locations and their bandwidth features were considered for stress compensation. Each
feature was assumed to have Gaussian distribution and a stress transformation based unique
codebook was developed for each phoneme under stressed condition. The stress transformation
factor is computed as ratio of sample mean of feature under neutral condition to the sample
mean of the same feature under stressed condition. According to stress transformation factor,
stressed input speech features transformed into neutral speech features. In this study, a 30
vocabulary speaker independent H M M based isolated word recognizer was developed. The
performance of recognizer was evaluated for neutral, angry, Lombard, loud, soft, slow and fast
speech. Average recognition rate of this compensation technique based speech recognition was
observed to be 57%, whereas, the baseline performance of the recognizer was 30.3%. Here,
baseline refers to the system trained with neutral speech and tested with all the stressed speech
without considering any compensation technique.

Raja [62] explored four compensation techniques for speaker recognition under stressed con-
dition namely, speaker and stress information based compensation(SSIC'), compensation by
removal of stress vectors (CRSV'), combination of M F'CC and sinusoidal amplitude (CMSA)

features and cepstral mean normalization (CM N). The speaker recognition performance was
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Table 1.1: Summary of existing approaches for stressed speech recognition. In the table the abbreviations ER represents error rate and RR
represents recognition rate. In case of ER and RR, the values inside the bracket indicate performance without using corresponding approach
for speech recognition

Approach Feature Database Performance Limitation
Multistyle Cepstral (35 words) Performance degrades
training [51] Neutral, Angry, ER: 9.8% if test conditions
Lombard, Loud, (20.7%) drift from the
Soft,Slow and Fast original trained data
Classification | Excitation: Duration,intensity,pitch, cepstral: (35 words) Recognition rate
of Stressed MFCC, AC MFCC [3] Neutral, Angry, RR: 80.6% linked to
Speech Spectral:Slope,formant location,bandwidth Lombard, Loud, (69.5%) performance of
[15], subband energies [61] Soft,Slow and Fast stress classifier
Robust Feature Modified Mel scale and (30 words) Mod.Mel scale Applicable for
Extraction ExpoLog scale [10] Loud, angry RR: 67.04% specific stressed
Technique and Lombard ExpoLog: condition
RR: 68.66%
(63.89%)
Compensation Formant locations and (20 words) Effective only for
Technique bandwidths [60] Neutral, Angry, RR: 57.3% certain stress
Cepstral mean Lombard, Loud, (30.3%) conditions
normalization [11] [12] Soft, Slow and Fast
g
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=
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£
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1.2 Speech Recognition under Stressed Condition

evaluated for neutral, angry, question and Lombard conditions. SSTC technique was based on
F-ratio test of M FCC coefficient for speaker as well as stress. Higher F-ratio of a coefficient
between the speakers per the stress classes represents high variability. Only those M FCC' co-
efficients were considered, which had high F-ratio between the speaker and low F-ratio between
stress classes. The average speaker identification rate was improved to 56.34% from a baseline
system performance of 53.96%. In C RSV technique, the effect of stress was evaluated by mea-
suring the distance between stressed speech and neutral speech with a predefined threshold.
This threshold was decided based on distance between average neutral speech feature vectors
and common neutral codebook (training feature vectors from all speakers). Only those feature
vectors were considered which crossed the threshold value. The average speaker identification
was improved to 54.76% from 53.96%. In CM S A technique the spectral peak was observed to
contain speaker specific information that may be suppressed in case of M FCC. Therefore a
compensation technique using a combination of M FC'C' and sinusoidal features was developed.
The average speaker identification was improved to 54.74% from 53.96%. For a particular
stress, the cepstral vectors of stressed speech were normalized with its mean cepstral vector to
make it close to the neutral speech cepstral vectors. The average speaker identification was
found to be 52.38%. This result showed that the performance does not improve from baseline
performance after cepstral mean normalization.

A summary of existing approaches and their techniques is shown in Table[[.Tl All mentioned
techniques are employed in speaker independent speech recognition except the first work i.e.
simulated speech token. In the first case, different utterances of the same speaker were used for
training and testing. In most of the cases, either SUSAS database or data collected in their own
laboratory are used. Types of stress are also mentioned in the third column. The performance of
each approach demonstrates the effectiveness of this techniques under stressed condition. These
techniques perform well for certain conditions and for some other conditions, the effectiveness
of these techniques are limited. The limitations of these techniques are mentioned in the fourth
column. It was observed that the speech recognition performance is related to the classification

rate of the stress and it is applicable for limited stressed conditions only.
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1.3 Scope of the Present Work

In most of the cases studied in the literature, SUSAS database of 35 words vocabulary is used.
In some cases, either a subset of SUSAS database or database collected in their own laboratory
environment are used. Since, the databases are different; the performances of these approaches
cannot be compared directly. Also, the databases have small vocabulary size and the system
is trained and tested with small number of utterances which may not justify the effectiveness
of the proposed techniques. A stressed speech database therefore needs to be collected, which
have at least moderate size of vocabulary and sufficient utterances for training and testing.
The performances of these approaches should be then reevaluated using this database under
different stressed conditions.

Literature shows that the M FC'C feature performs better than other existing speech fea-
tures for speech recognition. It is also observed that the recognition rate of M FCC' feature is
not at par with its own performance under neutral condition, when the recognizer is subjected
to the stressed condition. The M FCC feature is derived from the spectral energy of the speech
signal, which depends on the spectral features such as spectral tilt [10], formant locations and
bandwidths of the spectrum. The variations in these features due to stress influence the spec-
tral energies as well as cepstral coefficients of the speech signal [60]. Hence, a detailed analysis
of spectral and cepstral features under stressed condition may provide better insight into the
cause of degradation in the recognition performance.

Under stressed condition, the speech signal contains additional stress information. In liter-
ature, this stress information is assumed as deterministic and additive at word and at broad
phonemes levels. The stress information is also assumed as statistically independent of the
speech information. The relation between speech and stress information can also be evaluated

for separation of stress from the speech signal.

1.4 Organization of the Thesis

The contents of the thesis are organized as follows
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1.4 Organization of the Thesis

Chapter [2] presents review of analysis of stress using different speech features for stressed
speech recognition. Section 2] presents first a review of stressed speech databases. Section
describes the brief review of features and classifier used for speech recognition. This section
also discusses the speech recognition performance under stressed condition. The analysis of
stress on different features is described in Section 2.3 The motivation of the work is discussed
in Section 2.4

Chapter [3l describes the development and evaluation of stressed speech database. The stress
and speech information present in the database are validated by evaluating the stress class and
speech information present in the recorded utterances. The stress and speech information are
evaluated perceptually as well as by using automatic methods for stress classification and speech
recognition, respectively. Section [B.I] describes the recording and development of simulated
stressed speech database. Section describes the evaluation of stress and speech information
of the database using stress classifier and speech recognizer. The performances of existing
approaches of stressed speech recognition are described in Section

Chapter [ describes the analysis of stress using spectral tilt. Two methods of computation
of spectral tilt such as conventional method and relative formant peak displacement RF'D
are used to evaluate the stress information. Analysis of stress using conventional method of
computation of spectral tilt is studied in Section A1l The analysis of stress using the RF D
feature is studied in Section .2l Section [4.3] presents the evaluation of stress classification using
RF D feature. Section [£.4] describes stressed speech recognition using proposed stress classifier.

Chapter [l presents the analysis of stress using subband energy. The statistical character-
istics such as mean, variance and divergence of subband energy are investigated for stressed
condition. The difference energy information of subband energy is also investigated for stressed
condition. The statistical analyses of the subbands under stressed condition are described in
Section 5.l Techniques to compensate the effect of stress from the subbands are described in
Section The effectiveness of these compensation techniques are evaluated in Section [5.3]
The performance of stress compensation based speech recognition are evaluated in Section [5.4l

Chapter 6 presents analysis of stress using the subspace projection. A subspace projection
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based approach is used to separate the speech and stress information from the stressed speech
signal. In this approach, the speech and stress information are assumed to be orthogonal. Or-
thogonality assumption between speech and stress information is verified experimentally. The
principle of subspace projection based approach is described in Section The orthogonal
relation between speech and stress information is verified in Section [6.2l The subspace projec-
tion based speech recognition is described in Section The proposed techniques for speech
recognition application are evaluated in Section [6.4l

Chapter 7 concludes the thesis by summarizing contributions and identifying future scope

of the present work.
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2. Analysis of Stressed Speech for Speech Recognition-A Review

Features based on spectral information are widely used for speech recognition. The most
successful state-of-the-art features, mel frequency cepstral coefficient (M FCC') and linear pre-
diction cepstral coefficients (LPCC'), mainly capture spectral information of speech signal [4].
The speech recognition system using these features performs well when speech is produced
under neutral condition [51]. However, the spectral information of the speech signal varies
under stressed conditions which leads to the variations in M FCC and LPCC features from
those under the neutral condition. The variation in these features causes degradation in the
performance of speech recognition system.

This chapter presents reviews of three broad areas of speech recognition system under
stressed condition. First, the review of different stressed speech databases is discussed. The
stressed speech database is required to judge the effectiveness of any technique for stressed
speech recognition. The second one presents the review of speech recognition system which
includes speech features and classifiers used for speech recognition. Then a review of analysis
of stress using different speech features is presented. A review of stressed speech database is
presented in Section Il Section describes the brief review of speech recognition under
stressed condition. The analysis of stress on different features is described in Section 2.3l The

motivation of this work is discussed in Section [2.4]

2.1 Review of Stressed Speech Databases

Stressed speech database plays an important role for speech processing areas under stressed
condition. It provides scope to the researchers to investigate the effect of stress on speech
waveform and to use this investigation for the development of robust approach for speech
processing applications. Several stressed speech databases are collected for analysis of stress on
speech signal. These databases are developed depending on the nature of application, types of
stresses, languages and the manner of stress expression [63,/64]. The stressed speech databases
are collected for different speech processing purposes such as speech and speaker recognitions,
stress classification and stressed speech synthesis [64]. Most of the databases are collected

in speaker’s own languages such as the English, the German, the Spanish and the Japanese
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languages [64]. The most common stresses used for recording are anger, sadness, happiness,
fear, disgust, boredom, surprise and joy.

Databases are mainly recorded by three ways to express the stress namely, spontaneous
stressed speech, elicit stressed speech and simulated (read) or acted stressed speech [64]. The
spontaneous speech is collected, where speakers speak unknowingly in uncontrolled environment
such as in real-life situations [65]. Although, this type of speech reflects authentic stresses,
the collection of this speech is difficult. For example, the adjustment of microphone from
the speaker and the recording environment condition cannot be controlled due to which, the
acoustic properties of this speech signal are weak and distorted. Hence, the acoustic analysis
on this speech is difficult. An alternative way to collect the stressed speech database is to
have a number of speakers elicit stresses while reading prompted texts. The content of text
depends on the type of stress to be elicited. From the stress authenticity point of view, these
speech contain appropriate stress content. However, the collection of speech with varying study
materials may not be an appropriate strategy for content based retrieval application such as
speech recognition. The simulation of stress with non-varying lexical content may give useful
information to such retrieval applications. Normally, the simulation of stressed speech is done
with semantically neutral text speech material collected under controlled environment. In this
type of simulation of stress, speakers are aware of vocal expression of stress and language.
Although, the simulated stressed speech may not contain authentic stress, the speech can be
considered usable for analysis and investigation of stress. Further, the research using such

database may give useful information to the content based retrieval application.

2.1.1 Speech Under Simulated and Actual Stress (SUSAS) Database

SUSAS database was collected for analysis of stress for speech recognition, which is an ap-
plication of content based retrieval [66]. The simulated portion of this database was collected
to provide scope to the researcher for the development of robust speech recognition system.
The database consists of normal, angry, soft, loud, slow, fast, clear, cond50, cond70 and Lom-

bard speech [67]. The cond50 and cond70 speech were recorded where speakers were asked to
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engage themselves in tracking tasks under different levels of workload. Lombard speech was
obtained by playing 85 dB SPL pink noise to the speaker through headphones, while speaking
(i.e., recordings are noisefree). The database was recorded at 8 kHz sampling frequency and
16 bits per sample resolution. Thirty five aircraft communication English words were used for
database collection from nine American speakers. Database consists of twelve utterances of
each word under neutral condition and two utterances per word for each stressed condition.
The complete database comprises of 8820 utterances. The perceptual validity of stress for
SUSAS database was evaluated in [16]. Listeners perceived 52.83% of the (in average sense)
angry, loud, neutral and slow speech correctly. The M FCC based automatic stress classifier

identifies approximately 63.25% stress classes [55].

2.1.2 Berlin Emotional Speech Database

The German database was collected for 10 semantically neutral texts from 10 professional
speakers (5 males and 5 females) [68]. The database was recorded in neutral, angry, sad,
boredom, joy, fear, and disgust emotions. The complete database comprises 800 utterances.
The database was recorded at 48 kHz sampling frequency and 16 bits per sample resolution.
This database is mainly used for analysis, classification and synthesis of stressed speech. The
perceptual and automatic stress identifications were evaluated for this database. It shows
67.3% and 74.5% stress identifications from listening test and stress classification technique,

respectively.

2.1.3 Speech Under Simulated Emotion (SUSF)

The SUSFE database was collected in two languages namely, the English and Telugu, an Indian
language [9]. The database contains two texts, one in English and other in Telugu, spoken
from 32 Telugu native speakers. The database was recorded in angry, compassion, happy and
neutral conditions. The database was recorded at 16 kHz sampling frequency and 16 bits
per sample resolution. The complete database comprises of 600 utterances. This database is

mainly used for analysis and classification of stressed speech. The listening test and automatic
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stress classification were evaluated for this database. Results showed that listeners are able
to identify 80% and 70% stresses in Telugu and English databases, respectively. Similarly,
automatic stress classifier is able to identify 55.4% and 56.8% stresses in Telugu and English
databases, respectively.

The above mentioned databases can be used for investigation of stress on vocal parameters
and these investigations can be used for stress classification and synthesis purposes. However,
due to their limited number of utterances for training and testing, the effectiveness of any stress
specific analysis cannot be judged for speech recognition application. Hence, a stressed speech

database is required for analysis of stress on the speech signal for speech recognition purpose.

2.2 Review of Speech Recognition System

This section presents a brief review of speech recognition system. The basic blocks required
for any speech recognition system are the feature extraction, pattern classification and pattern

comparison. This section presents a review of each of the basic blocks.
2.2.0.1 Preemphasis

Speech signal contains vocal tract system and excitation source information. Along with these
information, the speech signal also contains glottal source and radiation effect information [2].
Glottal source and radiation effect information normally interfere during estimation of vocal
tract and excitation source information. Preemphasis suppresses glottal source and radiation
effect from the speech signal. Preemphasis filter is high pass filter which emphasizes the high
frequency contents. This filter reduces the dynamic range of the frequency content by flattening
the spectral tilt which, improves linear modeling of the formant structure [69]. The most widely

used preemphasis filter is a fixed first order system whose transfer function H(z) is given by,
H(z)=1—az", (2.1)

Typical value of a varies from .9 to 1. In this thesis work, the value of a is kept to be 0.97.
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2.2.1 Feature Extraction

In this section, some feature to extract the acoustic properties of the speech signal are
reviewed. A detail review of MFCC, LPCC and Delta cepstral features are presented in this

section.
2.2.1.1 Mel-frequency Cepstral Coefficients (M FCC)

MFCC feature is estimated using critical filters which are based on human perception [4].
These filters are warped on a nonlinear mel-frequency scale which is linearly spaced in low
frequency region i.e. below 1000 Hz and it is logarithmically spaced above 1000 Hz [2]. As
a result, the modified filterbanks suppress the insignificant spectral variations of the higher
frequency bands and capture phonetically important information of speech by giving more
importance to the lower frequency bands. For M FC'C computation, the speech signal is framed
into blocks of samples of speech and the frames of speech signal are processed using window
to minimize the effect of discontinuity occurred at the beginning and ending of the frame [2].
In this thesis work, 20 msec frame size and 10 msec frame rate are considered for the speech
signal. The discrete Fourier transform (DFT') of windowed frame is taken to convert the time
domain signal into frequency domain signal. The frequency domain representation of the signal
is termed as spectrum of speech. According to the psychophysical studies, human perception of
the frequency content of sounds does not follow linear scale. The subjective pitch is measured
for a tone with an actual frequency, fg., on a scale called “mel” scale. The relation of actual

measured frequency [y, and subjective pitch (f,e;) is given as [2]

fHZ

=2 log(1
fmel 595 x log( +700

) (2.2)

The subjective nonlinear perception of frequency is used to convert a measured spectrum of
given sound into a perceptual spectrum. The perceptual spectrum uses filterbanks which are
uniformly spaced on nonlinear warped mel scale. Each filter in filterbanks has a triangular
bandpass frequency response. These filters are termed as critical filters. This thesis work

considered 24 filterbanks. The modified spectrum, Sy where k = 1,2, .... K, consists of output
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powers of K filters. The discrete cosine transform (DCT) of log magnitude of Sy gives the
cepstral coefficients of length L as given below
K 1.7

o= ;(logSk)cos[l(k: - §)E]’ l=1,2,...L (2.3)

In this thesis work, thirteen cepstral coefficients are computed from each frame of the
speech signal. The set of M F'C'C features of these frames is considered as feature vectors of an

utterance.
2.2.1.2 Linear Prediction Cepstral Coefficients (LPCC(C)

Linear prediction coding based features are widely used in speech recognition application [27].
It provides good approximation of vocal tract spectral envelope. In linear prediction (LP)
model, a given speech sample s(n) at time n can be approximated as a linear combination of

the past p speech samples,

p
s(n) = Z ags(n — k) (2.4)
k=1

where, ay, is the prediction coefficient. The LP coefficients are computed from autocorrela-
tion method. p 4+ 1 autocorrelation values of each frame are converted to LP coefficients using
Levinson-Durbin’s method. In this thesis work, ten LP coefficients are computed from each of
the frames of the speech signal. The Fourier transform of the log magnitude spectrum gives
the cepstral coefficients of the corresponding LP coefficients. The conversion of LP coefficients

to LPCC is done using recursion method as given below [2]

co = Ino? (2.5)
-1 k
c =a;+ Z(j)ckal,k, 1 S ) S P (26)
k=1
-1 k
Cc; = Z(j)ckal,k, ) Z P (27)
k=1

where, o2 is the gain of LP coefficients. The cepstral coefficients were observed to be more

TH-1325_07610203

29



2. Analysis of Stressed Speech for Speech Recognition-A Review

robust and reliable feature for speech recognition application as compared to LP coefficients
A, 2.

2.2.1.3 Delta Cepstral Features

The cepstral feature provides good representation of local spectral properties of the speech
signal [4], [2]. The first and second derivatives of cepstral feature were observed to perform
better for speech recognition as compared to cepstral feature [44]. The delta cepstral features
capture dynamic information of the cepstral feature [44]. The delta cepstral feature of ™"

coefficient at time index n can be defined as

Agn] = Z me[n + m| (2.8)

m=—M
where, M is the number of frames over which the delta cepstral feature is computed. In
this thesis work, M is kept to be 2. Similarly, delta-delta cepstral feature can be defined as
delta operation on delta cepstral features. In case of M FCC' feature of 13 coefficients, the
combination of static and dynamic cepstral features become M FCC + A + AA feature of 39
coefficients. This feature shows good recognition accuracy in case of noisy speech recognition

).
2.2.2 Classifiers for Speech Recognition

Various modeling techniques were explored in the literature to model features for speech recog-
nition. Mostly used classifiers include V@Q [70], HMM [30] and ANN [32]. Among these,
HMM is considered as most successful classifier for speech recognition [30]. In this thesis

work, HM M based classifier is used to evaluate the effectiveness of these features.
2.2.2.1 Hidden Markov Model (HMM)

Hidden Markov model approach is widely used as a statistical method to characterize the spec-
tral properties of a pattern. This technique is applicable for those signals and processes which
are stochastic in nature, that is, their statistical characteristics vary with time. HMM is a

doubly stochastic process with an underlying stochastic process, which is hidden. It can only
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be observed through another set of stochastic process, that generates the sequence of observed
symbols [71]. HMM can be characterized by its number of states in the model, number of
distinct observation symbols per state, the state transition probability distribution, the obser-
vation symbol probability distribution, and the initial state distribution. H M M deals with the
observations, which are characterized either by discrete or continuous signals. The discrete sig-
nal is modeled using discrete probability density within each state. The continuous observation
can also be characterized using discrete density model by converting the continuous signal into
discrete observation sequence by using any quantization technique. The continuous signal can
be modeled using continuous observation density. The continuous observation density can also
be modeled using probability density function reliably. The observation symbol probability,

(b;(0)), can be written as

M
b;(0) = > citN (0, pjy, Cin), 1<j<N (2.9)

k=1
where, o is the observation vector, cj; is the mixture coefficients of k" mixture in the j™ state.
In speech recognition, A is assumed as Gaussian with mean vector K and covariance matrix
C;. for the k™ mixture component in state j.

The HM M can be classified by the structure of the transition matrix, T, of Markov chain.
One type of HM M is based on ergodic model that has property to reach every state from
any other state in a finite but aperiodic number of steps. The other type of HMM is left to
right or Bakis model. It has property that as time increases, the state index increases, that
is, the system state proceeds from left to right. This type of model is useful for those signals
whose signal properties change over time in a successive manner. In speech recognition, left to
right model is widely used. In this model, the state transition probability has property that no

transition is allowed to those states whose indices are lower than that of the current state.
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The initial transition probability has property that state sequence must begin in state 1, i.e.,

0 i#1
m = 7 (2.11)
1 i=1

2.2.3 Speech Recognition System

In this section, isolated word recognizer is demonstrated using H M M classifier. The objective of
speech recognizer is to identify the spoken message present in an utterance. The model is char-
acterized by N number of states and M number of distinct observation symbols, vy, vs, ..., vy
per state. The initial state distribution « = {m;}, in which m;, 1 <14 < N is the probability of
occupying state ¢, at time ¢ = 1. The transition matrix, T = [¢;;] is the probability of occupying
state j at time ¢ + 1 from state i at time ¢. B = [b;;] is the probability of symbol v in the
state j. Thus, the model of a word is defined by the three parameters, A = (&, T,B). The
model parameter is obtained by optimizing the likelihood of observation vectors of the training
set for the w™ word. A set of word models, {\;, Xo, ..., Ay} can be developed for W words
vocabulary using this procedure.

The utterance, o of a word consists of a sequence of T' observations, o = 01,09,...,07
obtained via feature analysis of the speech. The recognition task determines among W word
models, which model is the most likely to have produced o as given below

w = argmax|P(o|\,)] (2.12)
1<w<W
The probability computation is done using Viterbi algorithm, where maximum likelihood path
is considered. The Viterbi algorithm reduces the computational complexity.

In the present work, SUSAS database is used to demonstrate the isolated word recognition.
Table 2.1] shows speech recognition results for SUSAS database [66]. In this database, twelve
utterances of each word are considered for training and two utterances per word are considered
for testing. The word model is developed using continuous density HM M. Ten states are
considered to model a word and each state has two mixture components. Speech recognition

system is developed using M FCC and LPCC features and the recognition performances of
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Table 2.1: Performance of speech recognition of SUSAS database for different features (in%)

Speech features Recognition rate
MFCC 74.92
LPCC 73.02

M FCC+Preemphasis 77.94
LPCC+Preemphasis 75.71
MFCC+ A+ AA 94.07
LPCC+ A+ AA 93.15

these features are given in Table 2.1l The recognition performances of M FCC and LPCC
features, without using preemphasis, are observed to be 74.92% and 73.02%, respectively. This
result infers that in comparison to LPCC feature, the M FCC feature captures speech infor-
mation more accurately. The performances of MFCC and LPCC features are improved to
77.94% and 75.71%, respectively, when preemphasis filter is applied to the speech signal. The
performances of M FCC and LPCC features, along with their derivatives are further improved
to 94.07% and 93.15%, respectively. These results show that M FCC' feature performs better
than LPCC feature when speech is neutral. In order to verify the effectiveness of these features
for recognition of speech under stressed condition, the performances of these features are evalu-

ated under stressed condition and their performances are shown in Table[2.2] The performances

Table 2.2: Performance of speech recognition of SUSAS database for different stressed conditions

(in%)

Speech features | Neutral | Angry | Slow | Loud | Lombard
MFCC 77.94 | 39.72 | 65.24 | 51.66 51.77
LPCC 75.71 | 33.39 | 59.37 | 44.60 34.55

of MFCC feature under angry, slow, loud and Lombard conditions are observed to be 39.72%,
65.24%, 51.66% and 51.77%, respectively. Similar observation can be made for LPCC feature.
These results infer that the performances of these features under stressed conditions are not at
par with their own performances under neutral condition. These results also supported that

the characteristics of the speech signal vary under stressed condition, due to which, the feature
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of stressed speech are different from that of neutral speech. Hence, a detailed analysis of stress
on different characteristics of speech may give useful insight of stress information, which may

be useful to increase the robustness of speech recognition system.

2.3 Analysis of Stress Using Different Speech Features

This section gives a review of stress analysis on three speech features:
(i) Temporal feature

(ii) Spectral feature

(iii) Cepstral feature

2.3.1 Temporal Features

The typical temporal parameters used for stress analysis are duration, intensity, fundamental
frequency (Fp), and glottal parameters [67]. Duration of an utterance or sound units such as
phonemes, syllables or words, can be defined as the time taken to complete utterance or sound
units. Fairbank and Hoaglin [72] analyzed duration of speech for anger, fear, indifference,
contempt and grief. According to this study, the duration of utterance depends on speaking
rate (number of words per minute), length of pause and ratio of pause duration to the total
phonation time [72], [73]. The duration of utterances spoken under angry, fear, indifference
conditions were observed to be shorter whereas, the duration of utterances under contempt and
grief conditions were observed to be longer. Williams and Stevens [74] analyzed duration of
the utterance for angry, fear and sorrow conditions. According to this study, the duration of
an utterance depends on the respiration rate. Increased respiration rate may lead to shorter
duration of utterance. The duration of utterances spoken under fear condition were observed to
be longer than those under angry condition. Hansen and Patil [75] analyzed stress on duration
of words and subwords such as vowels, consonants, semivowels and diphthongs. The duration

of consonants, semivowels and diphthongs were observed to be approximately constant for
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slow and loud speech, whereas vowel duration of soft speech decreased and it was increased
significantly for angry and loud speech.

The intensity of speech is the root mean square (RM.S) energy of the speech signal. Williams
and Stevens [74] observed higher intensity for angry speech compared to the neutral speech.
Heulf et al. [76] and Iida et al. [77] observed that the mean intensity of speech under angry,
fear and joy was higher than those under disgust, sad and neutral conditions. Hansen and
Patil [74] analyzed intensity of words, consonants and vowels under different stressed conditions.
The overall intensity were observed to remain constant for vowels under slow and Lombard
conditions, whereas, intensity of consonants increase for soft and angry conditions.

Fy can be defined as average rate of vibration of vocal cords. Williams and Stevens [74]
analyzed Fomeq (median of Fy) and Fi,qnge of utterance for angry, fear and sorrow conditions.
According to this study, the Fjy of an utterance depends on subglottal pressure, which depends
on the respiration rate. The increased subglottal pressure may lead to increase Fj of utterance.
It was observed that the F,eq and Fopgnge of utterance under angry condition increased whereas,
Fomea and Fopgnge of utterance under sorrow condition reduced. In another study, Murry and
Aunott [78] analyzed Fo,,, (average of Fy) and Fy,ange Of speech under angry, sad, happy, fear
and disgust conditions. In this study, Fye,y was observed as highest for angry speech and lowest
for disgust speech. Fy,qnge Was observed to be shorter for sad speech.

The glottal parameters also contain stress information [79,80]. These parameters are open-
ing slope, closing slope, opening duration, top duration, closing duration, and closed dura-
tion [79,81]. These parameters control glottal air flow. The slopes of glottal opening and
closing provide control over the amount of acoustic energy produced and the durations of glot-
tal closure decide the length of pitch period. Cummings and Clements [79] analyzed ratios of
closing to opening slopes and closing to opening durations for normal, angry, loud, soft, slow,
fast, clear, question and Lombard speech. Study showed that most of the stress information
are present in the opening slope, closing slope and closed duration. For example, the ratio of
closing to opening slope of speech significantly varied for angry, fast, loud, question, and soft
stresses. Similarly, angry, loud, and soft speech showed different closing to opening duration
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ratios.

2.3.2 Spectral Features

Typical spectral parameters used for stress analysis are formant locations and bandwidths,
strength of formant location, spectral slope and spectral energy [2]. Formants are the quan-
titative representation of vocal tract, which contain the phonetic information of sounds. The
stress modifies the shape and the cross-sectional areas of vocal tract which may be reflected
from formant locations and bandwidths [3], [64]. Yildirim et al. [82] observed that F, is con-
fused with F; for angry and happy speech and F} interferes with Fj under these conditions.
Hansen and Patil [75] observed significant shift in F; for slow, angry, loud and clear speech.
F5 increases in most of the conditions and slight change was observed for F3 and Fj across
all stressed conditions. Formant bandwidths for F; and F5 showed large variation and some
variation was observed for Fj and Fj. The strength of formant location named as formant peak
plays an important role in vowel perception. Seshadri and Yegnanarayana [13] observed abrupt
closing phase of glottal cycle for angry, loud and Lombard conditions which produce variation
in perception of loudness. The variation in the loudness may lead to the variation in formant
peaks.

Glottal parameters influence the spectral energy of speech [79/[81]. Hansen [81] analyzed
glottal parameters under slow, fast, soft, loud, angry, clear, question and Lombard conditions.
Under certain stressed conditions, such as angry, loud and Lombard, glottal pulses have sharp
rise times and sharp corners. As a result, the high frequency content is relatively increased from
that of lower frequency in the spectrum. The relative variation in frequency content produces
migration of spectral energy [I]. The migration of spectral energy influences the spectral tilt
and the energy of subbands, which are the output of filterbanks placed in the spectrum. Tartter
et al. [I7] considered spectral tilt as a measure to investigate the distribution of spectral energy
of Lombard speech from lower formants to higher formants. In this study, spectral tilt was
measured as a slope of a regression line fitted to the spectrum. Klatt and Klatt [83] observed

that the change in spectral tilt gives information about variation in speaker. Hansen [81]
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analyzed spectral tilt for slow, fast, soft, loud, angry, and Lombard conditions and observed
that the spectral tilt varies significantly for angry, loud and Lombard conditions compared to
the soft and the slow conditions. Lu and Cook [84] observed that the intelligibility and the
loudness of the speech are increased due to increase in flatness of spectral slope for Lombard
speech.

Stanton et al. [85] analyzed stress information in energy of uniformly placed filterbanks for
neutral, loud and Lombard speech. For vowels, the energy in the frequency range of 500-4000
Hz increased under loud and Lombard conditions and for frequency ranges 0-500 Hz and 4-
8 kHz, the energy under these conditions decreased. This study showed that the additional
spectral energy moves from low to midbands, which inferred that the migration of spectral
energy takes place [85]. For fricative, the shift in energy takes place at frequencies 4000-8000
Hz. Hansen and Womack [10] analyzed the migration of spectral energy in uniformly placed
subbands for angry, loud and Lombard speech. The maximum recognition performance was
observed near 2" formant region rather than 1% formant region for these speech. Sarikaya and
Gowdy [61] analyzed the stress on individual subbands for slow, fast, soft, loud, angry, question,
Cond50/70, neutral, clear and Lombard conditions. It was observed that the temporal deviation
of subbands across frames contain stress information.

Ramamohan and Dandapat [9] analyzed stress on amplitude, frequency and phase of si-
nusoidal based features for neutral, angry, happy, compassion speech. Study showed that the
mean amplitudes of speech increased under happy and compassion and decreased for angry
speech. On the other hand, frequency of speech increased under angry and happy emotions
and decreased for compassion speech. Phase feature did not show much variation across the

emotions.

2.3.3 Cepstral Features

The cepstral parameters include M FCC, LPCC' and log-frequency power coefficients (LF PC')
features. MFCC feature represents the spectral variation of acoustic speech signal [64].

MFCC feature captures the difference in energy between spectral bands, which is introduced
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as a result of variation in vocal tract structure due to stress. Womack and Hansen [3] ana-
lyzed stress on M FCC, A and AA of MFCC and autocorrelation of MFCC (AC;) features.
These features were investigated for angry, neutral, fast, question, slow, clear, Lombard, soft,
apache and loud speech. A and AA of M FCC provide measure of ‘velocity’ and ‘acceleration’,
respectively, of M FCC' feature. A and AA of MFCC features were found to be robust to
the stress. AC; provide measure of correlation and relative change in spectral energy over an
extended window frame. The mean and standard deviation of AC; were evaluated. It was
shown that mean and standard deviation of AC; feature contain stress information. Nwe et
al. [86] observed that LFPC feature includes pitch information therefore, it contains better
stress information compared to M FCC' feature. The LFPC feature was derived by filtering
the spectrum with bandpass filter having center frequencies corresponding to the critical bands
of the human ear.

Chen [II] analyzed mean cepstral shift for each cepstral coefficient for soft, shout and
average of fast, loud and Lombard speech. The mean cepstral shift was the cepstral mean of
given stressed speech minus the cepstral mean of neutral speech. Study showed that average
shift of the mean values are increased for soft speech and they are decreased for shout and
average of fast, loud and Lombard speech. The shift in mean values of cepstral coefficients was
observed due to the variation in slope of the spectrum (spectral tilt). This study showed that

the migration of spectral energy also effects the cepstral coefficients of the speech signal.

2.4 Motivation for Present Work

The review of stressed speech databases suggests that a stressed speech database is required to
investigate the stress specific analysis on speech waveform. The existing techniques of stressed
speech recognition are mostly evaluated on SUSAS database. This database has 12 utterances
for each word under neutral condition and 2 utterances per word for different stressed conditions.
The database is recorded from 9 speakers. Therefore, the recognition accuracy of a word of
this database can be given as

AcCrecog = !t x 100 (2.13)

(2x9)
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which is approximately 5.56%. Thus, any single correct recognition of the utterance increases
the recognition performance by 5.56%. Therefore, database should have more number of utter-
ances for training and testing. Hence, there is a need to develop a new database with sufficient
amount of data for training as well as for testing.

It has been observed from the literature that the migration of spectral energy takes place
when speech is produced under stressed condition. The migration of spectral energy effects
the spectral tilt, the subband energy and the cepstral coefficients. It was also seen that the
stress produces variation in the vocal loudness which effects the peaks at formant locations. A
detailed investigation of spectral and cepstral features under stressed condition is required for
development of robust speech recognition.

The spectral tilt gives information about variation in the speaker such as stress. The analy-
sis of spectral tilt for stressed speech may give useful information about stress. Conventionally,
spectral tilt was measured as a slope of a regression line fitted to the spectrum. This tech-
nique may capture the gross spectral energy information of the speech signal. Koolagudi and
Krothapalli [15] defined spectral tilt as a positive angle between the line joining the 1% formant
peak and the 2"¢ formant peak with the abscissa. All these studies have shown that spectral
tilt contains not only gross energy information but also the formant peaks information. The
conventional technique for the computation of spectral tilt may not capture the variation in
spectral tilt introduced due to variation in formant peaks. Hence, a new method may be re-
quired to quantify the variation in the spectral tilt introduced only due to variation in formant
peaks.

The spectral energy of the speech signal contains phonetically relevant information of the
speech. The migration of spectral energy effects the subband energy. It has been shown in the
literature that the individual subbands are effected due to stress and the effect is not uniform
across the subbands. It would be interesting to analyze each subband independently when
speech is produced under stressed condition.

The migration of spectral energy also effects the coefficient of cepstral features which causes

degradation occurred in the speech recognition performance. Under the stressed condition, the
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speech signal contains additional stress information. Various stress compensation techniques are
proposed in the literature to remove the stress information from the speech signal [I1], [12], [59].
These techniques assumed the stress information as deterministic and additive at word and
broad phonemes levels [I1], [12]. Also, the stress information was assumed as statistically
independent of the speech information [59]. It would be interesting to explore the relation
between speech and stress information to separate the stress information from the speech signal.

In general, the compensation technique requires prior knowledge of the stress class. Several
stress classification techniques were explored to identify the stress classes [§] [9]. The analysis
of stress on spectral features showed that spectral features may have stress discriminating abil-
ity. Hence, spectral features can be explored for stress classification. The stress classification
technique can be used for speech recognition. Some literatures showed that the speech recog-
nition performance depends on the classification rate of the stress classifier [3]. Hence, there
is a need to explore techniques for stressed speech recognition which does not depend on the
classification rate of the stress classifier and it can be useful for all the stressed conditions. The
proposed investigations of this thesis are as follows:

The first one is the development of a stressed speech database. The speech and stress
information are evaluated using listening test and automatic methods, to validate the speech
and stress information of this database. The performances of different speech features are
evaluated using this database and the relative variation in the performances of speech features
for stressed conditions with respect to neutral condition is evaluated.

The second one is the investigation of the stress information in the spectrum, where spectral
tilt is considered as a feature. The stress discriminating capability is evaluated by conventional
spectral tilt method. This study also evaluates variation between formant peaks by defining
local spectral tilts as a feature. The stress information on local spectral tilts are evaluated by
developing a stress classifier, where local spectral tilt is considered as feature.

The stress information on spectral energy, subband energy of speech is considered as third
investigation. The statistical characteristics of subband energy are investigated for different

stressed conditions. This study also evaluates the variation of energy across the subbands by
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defining difference energy as a feature. All these analyses are used for development of a suitable
stress compensation technique. The effectiveness of stress compensation technique is evaluated
using speech recognition.

In general, stress compensation technique based speech recognition system requires stress
classifier to give explicit knowledge of stress class. The performance of speech recognition
system limits due to the classification rate of stress classifier. Hence, as a fourth investigation,
a stress compensation technique, which does not require the explicit knowledge of the stress
class. A subspace projection based technique, is considered to separate the speech and the
stress information from the stressed speech signal. In this technique, an orthogonal relation
is assumed between the speech and the stress components. This study evaluates orthogonal
assumption using the cepstral feature. The stress compensation technique is developed based on
subspace projection based approach. Finally, the performances of all the proposed techniques

are evaluated and compared for speech recognition.
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In order to develop robust speech recognition system, investigation of stress information on
different speech features is required. Different approaches are required to model the stress
specific information in such a way that it can increase the robustness of the recognizer under
stressed condition. A stressed speech database is required that provides the scope for analysis of
stress. Several databases have been collected for analysis of stress. The most recent database,
SUSAS database, is collected to aid the development of robust speech recognition system [66].
The analysis and modeling of speech under stressed condition using SUSAS database may not
be effective due to its limited number of utterances for training and testing. Hence, there is
need for development of a stressed speech database.

The ultimate goal of developing a stressed speech database is to analyze the stress infor-
mation. This stress specific information can be used for speech recognition application. In this
chapter, the development and evaluation of stressed speech database are presented. Since the
database has to be used for analysis of stress for speech recognition, which is an application
of content based retrieval, therefore, a simulated stressed speech database is required. Nor-
mally, this type of database is collected from professional speakers, where it is assumed that
the speaker can vocally produce the stress. These speakers produce full blown stress that makes
it easier to identify the stress from speech. German and Danish databases are collected using
professional speakers [68,87]. The stress classification system developed using these databases
gives good classification accuracy. However, the same classification system fails miserably when
the speech is produced by nonprofessional speakers [88]. Thus, any speech processing applica-
tion developed for these databases may not be effective in a nonprofessional scenario. FAU
Aibo Emotion Corpus database are collected from nonprofessional speakers [88,[89]. Here,
speakers are children whose ages are below 13 years. From speech technology usability point
of view, adult non-professional speakers are more important. Hence, there is a need to collect
the stressed speech from non-professional adult speakers. This chapter evaluates the stress
information present in the acoustic features such as duration, intensity, fundamental frequency
and formant frequencies of the speech. This chapter also evaluates how well the stress in the

stressed speech is identified by the listeners and the automatic stress classification method using
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this database. Both these studies will validate the stress information of the present database.

Section [B.1] describes the recording and development of simulated stressed speech database.
Section [3.2] describes the evaluation of stress and speech information of the database using stress
classifier and speech recognizer. The performances of existing approaches of stressed speech

recognition are described in Section 3.3l Section [3.4] describes the summary of the chapter.

3.1 Development of Speech under Simulated Stress Con-
dition (SUSSC') Database

The first step to develop a stressed speech database is to select the types of stresses and the
manner of stress expression. In the present work, the database is collected for two psycholog-
ically induced stresses, one external surrounding induced stress and the neutral speech. The
psychologically induced stresses are angry and sad [90]. The external surrounding induced
stress is Lombard speech [I2]. The neutral speech is considered as referent. Among the three
manners to express the stresses as mentioned in the Chapter 2.1], the simulated speech is chosen

for database that would allow controlled analysis of stress on utterance.
3.1.0.1 Selection of Text Corpus

Semantically neutral text is chosen to collect the database, so that the text by itself does not
evoke any stress [91]. The database consists of isolated words and continuous texts of Hindi,
an Indian language. The selection of these texts is based upon the criteria that the database
should contain most of the Hindi language phonemes. In order to study the effect of stress on
the continuous speech, some isolated keywords, short phrases, long phrases and passages are
formed. There are 33 isolated words, 28 short phrases, 29 long phrases and 3 passages present in
the database. The complete text material contains 92 utterances (approximately 730 words) per
speaker per stressed condition. The speaker takes approximately 12 to 15 mins to complete this
text material for a stress class. The vocabulary of this database is 165 words. One hundred
nineteen (119) words are segmented manually from phrases and passages to understand the

effect of stress in continuous speech. These words are shown in Table [3.11
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Table 3.1: List of keywords for stressed speech analysis

angoothi saamaajik jaankari ghatana majduri
darwaaja bataya banaaya videshi pareshaan
shakaahaari | parivartan jaayega lagaataar | saathiyo
puraana dikhaayi bhaavana | tumhaari | mariyaada
namaste kahaani kitane samaachar | nivedan
sahaayata maataaji | parampara | janvari diya
gaya nahi karne tumhe mere
barish bahar uski khane karna
sunaya jaise kiya rakhkar khana
liye rahi raha karke logo
liya mahaaraaja | dakghar tiket nikaalkar
laga garib mile rahe usne
aapse baje ghati samjho bate
Suno sunata pani pahnana sabhi
mera bana rakhunga palan maine
kaha batana aadat karun aapne
aayegi kare karenge sakte warna
milta mila aaya pehli samjha
milna jaane lane ghatne galat
dene laya aane unki wala
ghate hote taki aapko dawra
paisa bheja iske lene gaye
unhe beghar diye raja milegi
suna banega
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3.1 Development of Speech under Simulated Stress Condition (SUSSC) Database

The phonemes covered by this word set are given below.

(i) Vowels: /a/, Je/, i/, Ju/, o/

(ii) Consonants:

Vel [ 747 /57 ] o] 1/5h]
Palatal | /ch/ /i/ | /ih/
Alvelar | /T/ /D/

Dental | /t/ | /th/ | /d/ /n/
Bilabial | /p/ Jb/ | Jbh) | /m/

(iii) Semivowels: /y/, /r/, Jl/, Jv/
(iv) Fricatives: /s/, /sh/, /h/

The database contains single word utterances where words are either isolated or segmented

from the phrases and passages.
3.1.0.2 Recording Setup

Speech under Simulated Stress Condition (SUSSC) Database is collected at semi-anechoic
studio at Electro Medical and Speech Technology Laboratory, Department of Electronics and
Electrical Engineering, IIT Guwahati. During the recording, the speakers are asked to read the
text from printed papers. Speech is recorded from the table top microphone and the microphone
is kept at approximately 10-15 cm distance from the speakers. The gain of the recording phone
is kept constant throughout recording to prevent any intensity variation under different stressed
conditions. Recording is done with a high quality condenser microphone and the whole session
is recorded at 16 kHz sampling rate and 16 bits/sample resolution. The complete database is
recorded in two separate sessions in order to prevent it from influencing other speaking styles.
The database is recorded by 10 male and 8 female non-professional speakers. The ages of the
speakers range from 25 to 40 years. Before recording, a brief introduction of the recording
and the text are given to the speakers and the speakers are asked to use their everyday way

of expression rather than stage performance [92]. Initially, the speakers are asked to speak all
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the utterances in normal mood. Then, the speakers are told to think of a contextual situation,
where respective stressed conditions like angry and sad speech are elicited. All the utterances
are recorded with one stress at a time. Lombard speech is recorded by simulating acoustic
noisy condition. In the beginning of the recording of Lombard speech, the speaker is asked to
adjust the speech to a comfortable level (intensity as same as neutral level of speech). During
recording, a white noise is played through the headphone of the speaker [12]. The speech signal is
stored using wavesurfer software. Each file is coded by its speaker’s number, language, stressed
condition, word taken from keyword/ short phrase/ long phrase and vocabulary number. For

instance, the “/anguthi/” word taken from isolated word under angry condition from the first

speaker can be coded as “01-AHANKWO1.wav”.

3.2 Evaluation of Stressed Speech Database

In the present section, the presence of stress in SUSSC' database is evaluated using acoustic
features. This section also evaluates how well the listeners and the automatic method are able
to classify utterances in this database according to stressed condition. This study will give an
understanding about the level of stress present in the utterance. This section also investigates
the ability of the listeners and the automatic method to recognize the content of speech when
speech is produced under the stressed condition. Both these studies will help validate the stress

and speech information of SUSSC database.

3.2.1 Analysis of Acoustic Characteristics of Stressed Speech

In this section, the presence of stress is evaluated using acoustic features [9,93]. Figure B.]
shows a recorded speech /anguthi/ from a speaker in neutral and angry conditions. This
figure compares the variations introduced in the features due to stress. These features are
fundamental frequency, duration, and intensity of speech under neutral and angry conditions.
From the figure, it is observed that the duration of the speech reduces in angry condition.
The average intensity and the fundamental frequency (Fp) of the speech are higher for angry

condition.
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Figure 3.1: Speech signal /anguthi/ recored from one speaker in two different stressed condition
(a), (b), (c), neutral condition and (d), (e), (f) angry condition

To get the general trend of variations of these features under different stressed conditions,
approximately 1000 utterances per stressed condition are considered. Duration of an utterance
can be defined as time taken to speak that utterance. Therefore, approximately 1000 durations
per stressed condition are computed. In the present study, duration of an utterance (in msec)
is measured as ratio of the number of samples in that utterance to the sampling frequency at
which the speech is recorded. The mean and standard (std.) deviation values of duration under
different stressed conditions are shown in Figure Duration of the utterance depends on
the speaking rate [74]. Under angry condition, the speaking rate is higher and as a result, the
mean of duration of speech is reduced. On the other hand, under sad and Lombard conditions,
the speaking rate is lower, due to which, the mean values of duration of these speech are lower
than that of neutral speech. The std, deviation values of duration are also observed to vary
with stressed condition. For instance, the std. deviation value reduces for angry speech and
increased for sad and Lombard speech.

The fundamental frequency, Fy, of the speech is computed by considering the frame size
of 20 msec and frame rate of 5 msec. The Fj of each frame is estimated by zero-frequency
filtering method [94]. Approximately, 50000 frames per stressed condition are considered for
evaluation of Fy values under stressed condition. Mean and std. deviation values of the Fj

values of the speech signal under different stressed conditions are shown in Figure 3.3l The Fj
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Figure 3.2: Duration of speech under different stressed conditions (a) Mean of duration and (b)
std. deviations of duration

value of speech depends on the rate of vibration of vocal folds [74]. Under angry and Lombard
conditions, the rate of vibration of vocal folds are higher and as a result, the means of Fj values
of speech are observed to be comparatively higher than that of neutral speech. For sad speech,
the rate of vibration of vocal folds is lower and due to which, the mean of Fj are lower than
that of neutral speech. It can also be observed that the std. deviation values of Fy for angry
and Lombard speech are higher and std. deviation value of Iy for sad speech is lower than that

for neutral speech.
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Figure 3.3: Fj of speech under different stressed conditions (a) Mean of Fj and (b) std. deviation
of FQ

The root mean square (RM.S) energy is measured in the frame size of 20 msec and frame rate
of 10 msec. Approximately, 25000 frames per stressed condition are considered for evaluation
of RM S energy values under different stressed conditions. The mean and std. deviation values

of RMS energy of speech under different stressed conditions are shown in Figure B.4l The
TH-1325_07610203

50



3.2 Evaluation of Stressed Speech Database

RMS energy value of the speech depends on the rate of vibration of vocal folds and the vocal
intensity of speech [74]. Figure shows that the mean values of speech under angry and Lombard
conditions are higher than that under the neutral condition. The mean of RM.S energy value
for sad speech is lesser than that for neutral speech. It can also be observed that the std.
deviations of RM .S energy under angry and Lombard conditions are higher and std. deviations

of RMS energy under sad speech is lower than that for neutral speech.
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Figure 3.4: RMS energy of speech under different stressed conditions (a) Mean of energy and (b)
std. deviation of energy

First four formant frequencies namely, Fi, F», F3, and Fj of speech are computed from the
LP spectrum. LP spectrum of each frame is computed using frame size of 20 msec and frame
rate of 10 msec. For vowel region, formant frequencies are more reliable than consonants [2].
Therefore, in the present study, formant frequencies are computed from the vowel regions of
the speech signal. These vowels are /a/, /e/, /i/, /u/. Approximately 5000 frames of each
vowel under stressed condition are considered to compute the formant frequencies. The mean
values of the formant frequencies of vowels under different stressed conditions are shown in
Figure It shows that the formant frequencies under the stressed condition vary from that
of neutral condition. The variations of these frequencies are not uniform for all vowels in
stressed condition. Under angry and Lombard conditions, F; values of all vowels are higher. Fj
and Fj values are higher for vowels /a/ and /e/ and these values are lower for vowels /i/ and
Ju/. Fy values reduce for all vowels under these conditions. For sad speech, F; and F» values

are lower for all vowels. Fj value reduces for vowel /a/ and it is higher for /e/, /i/ and /u/. F,
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value is higher for all vowels under sad condition. In general, the first two formant frequencies
are higher for angry and Lombard conditions and the other two formant frequencies are lower
for these stressed conditions. For sad speech, the first two formant frequencies are lower and
other two formant frequencies are higher than those of neutral speech. Further, the variations
of mean values of F; and Fy are higher across the stressed conditions compared to those of

F3 and Fy. The trend of variation of these features under the stressed conditions using this
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Figure 3.5: Means of formant frequencies of speech under different stressed conditions (a) Fy, (b)
FQ, (C) Fg, and (d) F4

database is observed to be approximately similar as described in Section 2.3l This study infers
that this database contains approximately same stress information as other stressed speech
databases contained. Hence, the analysis of stress using this database will give approximately

the same stress information.

3.2.2 Evaluation of Stress Information

This section presents the evaluation of stress level in the utterance by listening test and au-

tomatic stress classification method. In listening test, listeners have to identify the type of
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stress present in the utterance. The level of stress present in the utterance of this database is
evaluated by the listeners by a method similar to that suggested by Slyh and Bolia [16] and
Ramamohan and Dandapat [9]. Out of 119 words, first 33 words from eighteen speaker’s speech
under four stressed conditions i.e. neutral, angry, sad and Lombard are considered. Each set
contains 126 words (18 speakers x 7 keywords from different stressed conditions). All the files

are coded and arranged in random order so that listeners cannot get prior knowledge of stress.
3.2.2.1 Human Perceptual Evaluation of Stress

Seven males and eight females with ages ranging from 25 to 40 years are considered as listeners
in this experiment. In this experiment, listeners are chosen to be those persons who are fluent
in Hindi language. Fifteen listeners are asked to identify the stress present in the utterance.
The listening test were performed by those listeners who were not considered in the stressed
speech database collection. Listeners listened all the files and judged via four alternative,
forced choice response whether each file is neutral, angry, sad and Lombard. Listener can
listen each file until their decisions are finalized. A response of the listener is called correct if
the listener’s classification matches with its stress label in the SUSSC' database. The average
correct stress classification for the isolated keywords and the segmented keywords are given in
the form of confusion matrix. The correct stress classification of listeners for isolated words
and segmented words are tabulated in Table From this table, it can be observed that the
trend of stress classification of isolated words and segmented words are approximately same.
This observation infers that the listeners are equally able to identify the stress class in the
isolated and segmented words. Therefore, the analysis of stress on segmented words may give
similar stress information as that of isolated words. The listeners are able to perceive correctly
57.02% of the stress classes. In order to find the general trend of confusion, the classification
rate of individual listener is evaluated and it is shown in Figure The individual bar plot
depicts the variation in classification rate with different stress classes. Figure shows that most
of the listeners confused the neutral speech with the sad speech and the angry speech with

the Lombard speech. Sad speech is identified frequently. Further, Lombard speech is confused
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Table 3.2: Performance of listener’s stress classification for isolated keywords and segmented keyword

in bracket
Response Categories
Neutral | Angry Sad | Lombard
Neutral 56.37 6.66 26.27 10.71
(56.10) | (10.01) | (21.25) | (11.83)
Angry 15.61 62.08 2.67 19.45
(10.23) | (60.71) | (3.34) | (25.23)
Sad 12.78 2.07 81.67 3.49
(15.86) | (2.39) | (79.36) | (2.39)
Lombard | 29.60 28.79 6.97 34.64
(34.42) | (32.24) | (7.90) | (25.44)

either with the neutral or the angry speech.

Table 3.3: Average performance of listener’s stress classification

Average of keyword | Good listeners | Good listeners

and segmented word and speakers
Neutral 56.10 58.41 54.98
Angry 61.41 71.46 74.90
Sad 80.51 84.30 88.95
Lombard 30.04 31.52 33.56
Average performance 57.02 61.42 63.10

Figure also shows that some of the listeners are unable to distinguish among distinct
stress classes such as listener 4, 9 and 14. These listeners are not able to discriminate between
distinct stresses such as between sad and Lombard speech, and between neutral and angry
speech. The average stress classification rate is also computed for each listener. It is observed
that the average stress classification of these listeners are below to 50% of average stress clas-
sification rate of all listeners. Hence, these listeners can be removed from the listening test. In
order to prune out such listeners, 50% of the individual average correct classification is consid-
ered as threshold. Only those listeners are chosen for stress classification who has more than
50% of average correct classification performance. The correct stress classification of listeners
with this threshold is tabulated in Table B3l After pruning these bad listeners, the correct
stress classification of listeners is 61.42%. This observation infers that all the listeners are not

equally good at stress classification and some listeners are indeed bad. It may therefore be
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Figure 3.6: Classification rate of stress classification of individual listener
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necessary to eliminate the scores of such listeners.

Table 3.4: Performance of automatic stress classification using V@

Training
Neutral | Angry | Sad | Lombard
Neutral | 49.64 | 11.73 | 19.31 16.28
Angry 19.31 | 60.21 | 2.64 17.79
Sad 26.50 8.32 | 61.36 3.78
Lombard | 15.52 | 23.10 | 1.89 59.46

Testing

Unlike listeners, some of the speakers in non-professional scenario are not able to produce
stressed speech. The listening test sets contain seven utterances from each speaker for listening
test. The classification rate of individual speaker depends on the correct classification of stress
out of seven utterances from the fifteen listeners. The average classification rate for individual
speaker is shown in Figure 8.7l Figure shows that speakers 5, 7, and 10 are not able to produce
stressed speech of average standard. The average stress classification of these speakers are below
50% of average stress classification rate of all speakers. Hence, these speakers can be removed
from the database. In order to prune out such speakers, 50% of the individual average correct
classification is considered as threshold. Only those speakers are considered who has more than
50% of average correct classification. After removing these bad speakers from the database,

the stress classification of speaker is tabulated in Table B3l Now, the stress classification of
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listeners is 63.10%. This result infers that all the speakers are not able to produce stressed

speech effectively. Therefore, listeners may not be able to identify the stress properly.
3.2.2.2 Automatic Stress Classification

This section presents the evaluation of stress level in the utterance of the two test sets by using
automatic stress classification. The purpose is to demonstrate the ability of automatic methods
to identify the stress present in an utterance. In this study, an automatic stress classifier is
developed. Thirteen dimensional mel frequency cepstral coefficient (M FCC') (excluding c¢o)
is considered as a feature for stress classification [4]. The MFCC feature of each frame is
computed using frame size of 20 msec and frame rate of 10 msec. M FCC features are extracted
from approximately 12000 frames per stressed condition. The stress model is developed using
V@) with codebook size of 1024 and by using continuous density H M M of sixteen states, left
to right without skipping [30]. Each state has two mixture components. The performances of
automatic stress classification using V@ and H M M techniques are tabulated in Tables [3.4] and

3.5 respectively.

Table 3.5: Performance of automatic stress classification using H M M

Training
Neutral | Angry | Sad | Lombard
Neutral | 41.66 6.81 | 37.12 14.39
Angry 13.25 | 55.67 | 8.70 22.34
Sad 10.98 6.43 | 77.64 4.92
Lombard | 24.99 | 23.47 | 8.32 43.17

Testing

The average performances of automatic stress classification using V' QQ and H M M are 57.66%
and 54.53%, respectively. After removing bad speakers from the database, as mentioned in
Section B.2.2.7l the performances of automatic stress classification using VQ and HM M are
tabulated in Tables 3.3l The average performances of automatic stress classification using V' Q)
and HMM are 60.81% and 59.43%, respectively. These results infer that in non-professional
scenario, some speakers are not able to produce stressed speech effectively, due to which neither

listeners nor stress classifier method can identify the stress class from their speech. Hence, any
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stress specific analysis on such speaker’s speech may not give reliable information.

Table 3.6: Average performance of automatic stress classification

VQ | HMM | Good speakers | Good speakers
Vo) (HMM)
Neutral 49.64 | 41.66 52.95 43.51
Angry 60.21 | 55.67 65.90 64.50
Sad 61.36 | 77.64 66.50 82.50
Lombard 59.46 | 43.17 57.87 47.21
Average performance | 57.66 | 54.53 60.81 59.43

This section evaluated the level of stress present in the database when speech is recorded
from non-professional speakers. From listening test, it was observed that listeners are able to
perceive correctly 63.10% of the stress classes, whereas, automatic stress classification using
VQ and HMM are able to identify 60.81% and 59.43%, respectively, correct stress classes.
The stress identification rates of listener and automatic methods of this database are approxi-
mately similar to the most widely used SUSAS database, as described in the Section 2.1l This
observation infers that SUSSC database also contains approximately same stress information

as other stressed speech databases.

3.2.3 Evaluation of Speech Content

Section [3.2.2] demonstrates that speech signal contains stress information, which is validated
by listeners and automatic stress classification method. The present section investigates the
speech information in the database. To evaluate this, perceptual evaluation of speech content

and automatic speech recognizer are used.
3.2.3.1 Human Perceptual Evaluation

In this study, a listening test has been done to evaluate the message of speech under different
stressed conditions. Two sets are used for the listening test. Description of these two sets is
same as given in Subsection B.2.2.11 In this study, listeners are asked to identify the content

of the speech under different stressed conditions. The same fifteen listeners are used for this
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experiment. Listeners listened to each file and judged the content of the file. They had to write
their option regarding the content. In this experiment, alternatives and forced choices are not
given to the listeners, since the words have sufficient perceptual distinction from each other.
The speech is considered as correctly identified, if the option of that file is matched with the
content of that labeled file as given in Table[3.1l The listener’s response for speech identification
of isolated and segmented keywords is averaged and it is tabulated in Table 3.7 It is observed
that listeners perceive correctly 99.85% of the content of the speech under the neutral condition.
Under the stressed condition, 99.54% of the content of the speech is perceived correctly. This

observation infers that listeners perception is less affected by the stressed condition.

Table 3.7: Performance of listener’s stressed speech recognition

Listener’s
recognition
Neutral 99.85
Angry 98.77
Sad 100
Lombard 99.53
Average 99.54
performance

3.2.3.2 Automatic Speech Recognition

Generally, the system is trained in controlled environment, where it is assumed that the speaker
is completely stressfree. Therefore, neutral speech is considered to model a keyword for prac-
tical interest. Thirteen dimensional mel frequency cepstral coefficient (M FCC) (including cy)
is considered as feature for speech recognition [4]. During training, approximately 75 utter-
ances per word are considered from neutral speech of 15 session database. M FCC features of
approximately 7000 frames per word are considered. It is observed from the experiments that
to model a word, 128 codebook size is suitable for V() technique and ten states and left to
right model are suitable to model a word for HM M. Each state has two mixture components.
The performances of automatic stressed speech recognizer using V') and HM M are tabulated

in Table B.8 It is observed that the average performances of the recognizer using V(@ and
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HMM are 57.20% and 73.49%, respectively. It is also observed that the speech recognition
performances of neutral speech for V) and HMM are comparatively very high compared to
those of other stressed conditions. This result infers that the performance of the recognizer is
degraded significantly under the stressed conditions. However, listeners have prior knowledge
of stress during speech recognition. Hence, to make a fair comparison to the listeners, knowl-
edge of stress is given to the automatic speech recognition system. The speech from different
stressed conditions of 1%¢ session of database are considered to develop word model. During
training, approximately 75 utterances X 4 stressed conditions per word are considered. Model
is developed using V@) technique with size of each word being 512 codebook. The performances
of automatic stressed speech recognizer using V') and HM M, are tabulated in Table 3.9 It
is observed that, for V@ based recognizer, the average performance of recognizer is 81.05%
whereas, for HMM based recognizer, the average performance is 76.14%. This result infers
that after providing prior knowledge of stress during the training, the recognition system per-
forms comparatively better than the recognition system trained with the neutral speech alone.
However, the performance of speech recognition under the stressed condition is still not at par
with that of neutral speech. Also, the degradation in the recognition performances for different
stress speech from the neutral speech are not the same. This study infers that the character-
istics of speech vary differently under different stressed conditions. As a result, the features
extracted from these speech may also not have same characteristics. Therefore, the relative

degradation of stressed speech is not same for different stressed conditions.

Table 3.8: Performance of stressed speech recognition for neutral speech trained system

VQ | HMM
Neutral 86.37 | 87.88
Angry 39.39 | 65.16
Sad 46.97 | 69.70
Lombard | 56.06 | 71.22
Average 57.20 | 73.49

performance
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Table 3.9: Performance of stressed speech recognition in case of system trained with different stressed
conditions

VQ | HMM
Neutral 89.39 | 84.85
Angry 84.85 | 74.24
Sad 68.15 | 66.67
Lombard | 81.82 | 78.79
Average 81.05 | 76.14

performance

3.2.3.3 Comparison of Speech Recognition for Different Stressed Speech

In this section, a comparison is done between confusion in the recognition for neutral speech and
different stressed conditions. In this study, graphical representation of confusion matrix is used
to compare confusion in the recognition for neutral speech and different stressed speech [12].
It maps confusion matrix onto 255 gray levels. Here, gray level 255 corresponds to 100%
performance. In confusion matrix, higher performance of the system refers to the darkness of
the block. For better visual distinction, only 25% of gray levels are considered to display the
performance of the system.

The confusion matrix of performances of stressed speech recognition under different stressed
conditions in case of a system trained with different stressed conditions using V' () are shown
in Figure 3.8 In this figure, x-axis depicts the word model and y-axis depicts the recognition
performance of stressed speech tested with each word model. By comparing Figure B.8(a) and
Figures B.8((b)-(d)), it is observed that, less off-diagonals are present in case of neutral speech
compared to other stressed conditions. This observation infers that the confusion in neutral
speech is mainly due to the inability of techniques employed for recognition. On the other hand,
under different stressed conditions, off-diagonal elements are more which shows a considerable

confusion due to stress. Hence, new techniques are required to compensate the effect of stress.
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Figure 3.8: Confusion matrix of performance of speech recognition under different stressed condi-
tions. Here, x-axis depicts the word model and y-axis depicts the recognition performance of stressed
speech tested with each word model. (a) neutral condition, (b) angry condition, (c) sad condition and
(d) Lombard condition
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3.3 Performances of Speech Features for Stressed Speech Recognition

3.3 Performances of Speech Features for Stressed Speech
Recognition

It is observed from the Section B.2.3] that the speech recognizer gives poor performance when
speech is stressed. This observation motivates us to evaluate the effectiveness of different
speech features for speech recognition under different stressed conditions and to evaluate the
relative degradation in the recognition performances using these features under different stressed
conditions. In this section, the performances of mel frequency cesptral coefficient (M FCC')
and linear predictive cepstral coefficient (LPCC') features along with their derivatives are re-
evaluated under four stressed conditions [11] [10]. Two existing approaches of stressed speech
recognition namely, multi-style training and adaptive cepstral mean normalization techniques
are also re-evaluated.

Automatic speech recognition is developed for 119 word vocabulary. Speech of only those
speakers are considered who have more than 50% average stress classification rate, as explained
in Section B.2.2.T1 Thus, the speech from fifteen speakers is considered for further analysis.
During the training, approximately 40 speech tokens per word of neutral speech are used from
15t session of database. Thirteen dimensional features are extracted from approximately 5000
frames per word. Word model is developed using HM M classifier. Word model is developed
using ten states and left to right model. Each state has two mixture components. For testing,
approximately 40 speech tokens per word of different stress classes are used from 2"¢ session
of database. Table B.I0] gives the performances of automatic speech recognition using different
features under different stressed condition.

First, the M FCC feature is extracted from neutral speech to develop a word model during
training. During testing, M FCC feature is tested with speech under different stressed con-
ditions along with neutral speech. The average performance of recognizer under the stressed
condition is 58.40% and that for neutral speech is 79.22%. This result infers that the perfor-
mance of the system degrades significantly under stressed condition. This is mainly due to the

variation in the cepstral coefficient extracted from the stressed speech. In M FCC feature, 10 to
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Table 3.10: Performance of speech recognition using different features under different stressed
conditions

Feature Neutral | Angry | Sad | Lombard | Avg. Performance
MFCC 79.22 | 40.01 | 60.38 | 54.00 58.40
MFCC+A+AA 84.80 | 47.25 | 65.78 | 62.76 65.15
M FCC+Preemphasis 81.13 | 42.58 | 59.89 | 55.69 59.82
MFCC+A+AA 84.87 | 52.15 | 66.87 | 65.61 67.38

+Preemphasis

LPCC+Preemphasis 63.79 | 44.83 | 46.38 | 40.46 48.86
LPCC+preemph+A+AA | 79.41 | 63.04 | 63.47 | 64.29 67.55
Multi-style training 80.42 | 64.82 | 63.64 75.14 71.14
Adaptive CM N 73.54 | 39.86 | 53.43 | 52.14 54.74

15 initial cepstral coefficients are used which contains the slow varying log magnitude spectrum
of the speech [44]. The spectrum under stressed condition varies compared to neutral condition.
Due to this variation in spectrum, the cepstral coefficient of speech under stressed condition
varies from that under neutral condition. Hence, the performance of the recognizer is degraded.
The performance of the recognizer improves from 58.40% to 65.15% after applying A and AA
in M FCC feature, as described in Chapter 2l The phonetic information in speech may get en-
coded in its spectral change over time. Hence, it is expected that the dynamic and acceleration
features will capture this information better as compared to static feature [95]. However, stress
may modify spectral characteristic uniformly over a short period such as phonemes and sylla-
bles of speech. This change in spectral characteristics may affect the static features of speech
but dynamic and acceleration features will remain unchanged under stressed condition [44195].
After applying preemphasis, as described in Chapter [2] the performance of recognizer improves
from 58.40% to 59.82% and from 65.15% to 67.38% for MFCC and M FCC with A and AA,
respectively. Preemphasis filter is used to emphasize the high frequency contents. Preemphasis
filter reduces the dynamic range in the frequency domain by flattening of spectral tilt, which im-
proves linear modeling of the formant structure [69]. In M FCC' computation, the spectrum of
the speech signal contains both vocal tract and excitation source information. The degradation

in the recognition performance is mainly attributed to the variation in slow varying spectrum,
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which may contain vocal tract information. In order to investigate this assumption, the per-
formance of LPCC' feature is evaluated under different stressed conditions. LPCC feature is
derived from the L P spectrum, which eliminates the excitation source information and contains
only the vocal tract information. The thirteen dimension LPC'C feature from neutral speech is
considered for training and testing. The trend of recognition performance of LPCC' feature is
observed to be similar to the M FCC' feature. The average performance of recognizer is 48.86%
and after applying A and AA in LPCC feature, the average performance of recognizer improves
from 48.86% to 67.55%. These results further support that the degradation in the performance
is mainly due to the variation in slow varying spectrum, attributed to the variation in vocal
tract spectrum. In the next study, multi-style training approach is evaluated for stressed speech
recognition. In this approach, stressed utterances under angry, sad and Lombard conditions
along with the neutral speech are used to develop a word model during the training. During
the training, approximately fifty utterances per stressed condition are taken from 1% session
of database. Thus, 40 utterances x 4 stress classes number of utterances are used to develop
a word model. The average performance of this approach is given in Table 3. 10l The average
performance of recognizer is improved from 59.82% to 71.14%. Although, this technique gives
sufficient improvement in the recognition performance, it requires additional stressed speech
during the training, which is practically difficult. The adaptive mean cepstral compensation
(CMN) based stress compensation technique is used for stressed speech recognition [I1]. This
technique assumed stress component as additive to the speech component. Performance of this
approach is also evaluated for SUSSC database and tabulated in Table B.I0. It is observed

that the performance of this technique degrades from the baseline.

3.4 Summary

This chapter demonstrates the development and evaluation of a stressed speech database.
In the study, the stress information is evaluated using listening test and automatic methods for
classification of stress classes. This study showed that perceptual and automatic stress classifier

performs approximately similar stress classification as the SUSAS database. From this study,
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it can be inferred that the analysis of stress using SUSSC' database may give approximately
similar stress information as other stressed speech database. The next study evaluated speech
information using listening test and automatic stressed speech recognition. It is observed that
the listener’s perception of speech is not effected by stress. For automatic speech recognition,
performance of the system trained with neutral speech degrades more than that of a system
trained with different stressed conditions. Compared to neutral speech, confusion is observed to
be more under the stressed conditions. The M FCC and LPCC features with their derivatives
are evaluated for stressed speech recognition performances. The performances of these features
under stressed condition degrade as compared to those of neutral speech. The degradation in
the performance is mainly attributed to the variation in the slow varying vocal tract spectrum.

Hence, there is need to explore robust techniques to improve the performance of the system.
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4. Analysis of Relative Displacement of Formant Peaks

It was observed in Chapter 3] that the conventional mel-frequency cepstral coefficient (M FCC')
and linear predictive cepstral coefficient (LPCC') features provide good recognition perfor-
mances under stressfree or neutral environment. However, these features give poor perfor-
mances when speech is stressed. Chen [11] observed that the degradation in the performance
is mainly due to the average shift of the mean values and average scaling of the variances of
the cepstral coefficients. The shift in mean values of cepstral coefficients was observed due to
the variation in slope of the spectrum (spectral tilt). Hansen [81] observed that the spectral
tilt depends on the glottal parameters. The glottal parameters are opening slope, closing slope,
opening duration, top duration, closing duration, and closed duration [79,81]. The slopes of
glottal opening and closing provide control over the amount of acoustic energies produced. The
duration of glottal closure decides the length of pitch period. Under certain stressed conditions,
such as angry, loud and Lombard, glottal pulses have sharp rise times and sharp corners due
to variations in the glottal parameters. As a result, in the spectrum, the energy of higher
frequency is relatively increased from that of lower frequency [79]. Therefore, slope of the
spectrum becomes more flat under these stressed conditions. Variation in the glottal vibration
effects not only the migration of spectral energy but also the vocal loudness. Seshadri and
Yegnanarayana [13] observed abruptness in the closing phase of glottal cycle under angry, loud
and Lombard conditions, which produces variation in the perception of loudness. The variation
in the loudness produces variation in the formant peaks (amplitudes). Klatt [83] observed that
the change in spectral tilt and bandwidths of the spectrum do not produce any change in the
perception of vowel identity, but it gives information about variation in the speaker. Lu and
Cook [84] observed that the intelligibility and the loudness of the speech are increased due to
increase in flatness of spectral slope for Lombard speech. From all these observations, it can
be concluded that the stress effects the slope or tilt of the spectrum.

This chapter focuses on analysis of stress in the spectrum using spectral tilt as a feature.
Tartter et al. [I7] considered spectral tilt as a measure for the distribution of spectral energy
from the lower formants to the higher formants. The spectral tilt was measured as a slope
of a regression line fit to the short-term power spectrum of high intensity vowel region. This
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4.1 Analysis of Gross Spectral Tilt of Speech Under Stressed Condition

slope gives gross energy variation across the spectrum [I7,[18]. Koolagudi and Krothapalli [15]
defined spectral tilt as a positive angle between the line joining of 1% formant peak and 2"
formant peak with an abscissa. This study showed the effect of stress in the first two formant
peaks. However, all formant peaks may get effected due to the migration of energy from the
lower formants to the higher formants. Hence, it can be inferred that the variation in the
spectral tilt is not only due to migration of spectral energy, but also due to the variation in
formant peaks, which is introduced as a consequence of migration of spectral energy as well as
loudness. In this chapter, the effect of stress on the formant peaks is studied by proposing local
spectral tilt as a measure. Local spectral tilt refers to the relative variation between formant
peaks and it is named as Relative Formant Peak Displacement (RF' D). The effect of stress is
investigated using the local and the gross spectral tilts and they together form a feature termed
as RF'D feature. The stress information in this feature is evaluated by considering this feature
of classification of stressed speech.

Analysis of gross spectral tilt under different stressed conditions is studied in Section (4.1l
The analysis of stress using the proposed RF'D feature is studied in Section 4.2l Section 4.3
presents the evaluation of stress classification using RF' D feature. Section[4.4l describes stressed

speech recognition using proposed stress classifier. Section gives summary of this chapter.

4.1 Analysis of Gross Spectral Tilt of Speech Under Stressed
Condition

The migration of spectral energy depends on the glottal parameters. These parameters may
not be equal for different stressed conditions, due to which, the migration of spectral energy
would be different under different stressed conditions. In the present section, the migrations
of spectral energy under different stressed conditions are analyzed using gross spectral tilt as a
measure. In the present work, gross spectral tilt is considered as a measure to find the spectral
energy distribution of speech. Spectral tilt can be defined as the relative distribution of spectral
energy from the lower frequency to the higher frequency [17]. A linear regression line is fitted

to the spectrum of the segment of vowel region using least square error method [17,18]. The
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4. Analysis of Relative Displacement of Formant Peaks

slope of the regression line is taken as a measure of spectral tilt.

The effect of stress on spectral tilt is analyzed by using four frames, namely, two frames
of neutral speech and other two frames of angry speech. In this analysis, 20 msec segment
of vowel region of speech is considered as a frame. These frames are taken from the same
speaker to avoid speaker variability. For each frame, a 256-point log magnitude spectrum is
computed using 10" order LP coefficient of that frame. A regression line is fitted to that
spectrum and the slope of the line is taken as a spectral tilt of that frame. The log magnitude
spectra of these frames and their spectral tilts for vowels /a/ are shown in Figure 5.1l For each
stress, frames from preemphasized speech and non-preemphasized speech are considered for
comparison. Figure 5.1l (a),(b) and Figure 5.1 (c),(d) represent spectra of two frames of non-
preemphasized neutral speech and two frames of non-preemphasized angry speech, respectively.
It is observed that the spectral energy of angry speech at higher frequencies is more, which
increases the flatness of the spectral tilt compared to that of neutral speech. Angry speech
has the glottal pulse with sharp rise time and sharp corner, due to which the high frequency
content may increase [96]. As a result, the flatness of tilt of the spectrum increases. Figure (5.1]
(e),(f) and Figure 511 (g),(h) represent spectra of two frames of preemphasized neutral speech
and two frames of preemphasized angry speech, respectively. It is observed from these figures
that the energy at higher frequency are enhanced, which reduces the dynamic range in the
frequency domain of the speech signal. Due to this, the slope of spectrum of preemphasized
speech become flatter compared to non-preemphasized speech.

The flatness of spectral tilt under angry condition infers that the spectral tilt contains
stress information of the speech signal. In order to evaluate the relative variation of spectral
tilt under different stressed conditions, PDF' based statistical evaluation is used. The spectral
tilt of vowels, /a/, /e/, /i/, and /u/ under different stressed conditions are considered for
this analysis. In order to estimate the PDF' of the spectral tilt, approximately 250 stressed
frames of a vowel per stressed condition are used for this analysis. Here, stressed frames refer
to those frames where the intensity of vowel is high. As described in Chapter [2, preemphasis

filter suppresses glottal source and radiation effect from the speech signal, due to which, the
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Figure 4.1: Spectrum and its spectral tilt of vowel /a/ for (a),(b) neutral speech without using
preemphasis, (¢),(d) angry speech without using preemphasis, (e),(f) neutral speech using preemphasis,

and (g),(h) angry speech using preemphasis

TH-1325_07610203

40

304

20

10

-10

Magnitude (dB)

-20

-30

40

30

20

10

-10

Magnitude (dB)

-20

-30

40

30

20

10

Magnitude (dB)

-10

-20

-30

40
30

20

Magnitude (dB)

-0.0096 dB/Hz
(b)

0 1000 2000 3000 4000

Frequency (Hz)

-0.0058 dB/Hz
(d)

0 1000 2000 3000 4000

Frequency (Hz)

.0082 dB/Hz
®

0 1000 2000 3000 4000

Frequency (Hz)

-0.0027 dB/Hz
(h)

0 1000 2000 3000 4000

Frequency (Hz)

71



4. Analysis of Relative Displacement of Formant Peaks

0.35 : : 0.35
o Neutral
03 [ ==-Angry 0.3
- --Sad
Z‘0.25— . ' ——Lombard|; ao.zs—
3 02 : 5 02 *
@© ] (a) © (b)
8 0.15 : 8 0.15 1
% o1 % on
005t 0.05
ERMRRET: -5 o 5 0 -10 -5 0 5
Spectral tilt (dB/Hz) %1072 Spectral tilt (dB/Hz) %1072
0.35 : : : : 0.35
0.3F 0.3t
bo.z5f ao.zs—
T 0.2 3 02
8 © g8 @
0015 o 015 ]
Qo1 % o1
0.05¢ 0.05
0 -10 5 0 5 0 _ 0 5
Spectral tilt (dB/Hz) %102 Spectral tilt (dB/Hz) %102

Figure 4.2: Distributions of spectral tilt of vowels under different stressed conditions for (a) /a/,

(b) /e/, (¢) /i) and (d) /u/

formant structure is better estimated. Therefore, in the present study, preemphasized speech
is considered for analysis. The maximum and minimum values of spectral tilt are determined
and the difference between them are divided equally to find the bins of the distribution. The
PDF of spectral tilt of a vowel is then estimated by the histogram method. Figure shows
the distributions of spectral tilt of four vowels under different stressed conditions. Figures show
that the peaks of the distributions of spectral tilt under stressed conditions are not at the
same place. The mean value of spectral tilt varies under stressed conditions for a vowel. Also,
the spectral tilt under different stressed conditions have non-overlapping PDF' characteristics.
This shows that the distributions of spectral tilts under stressed conditions are quite separated

from each other. These observations are made on the basis of visual interpretation of the
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4.1 Analysis of Gross Spectral Tilt of Speech Under Stressed Condition

PDF characteristics. In order to quantify these differences, statistical evaluations such as
mean, variance and divergence values of the spectral tilt are estimated under different stressed
conditions. The mean value of spectral tilt of a vowel under a given stressed condition is
computed as the average of spectral tilt of 250 stressed frames of that vowel. The mean value
of spectral tilt of neutral, angry, sad and Lombard speech are -4.9, -3.4, -6.2 and -2.1 (in 1073),
respectively. It is inferred that the mean values of spectral tilt for angry and Lombard speech
are relatively higher and the mean value of spectral tilt for sad speech is lower than that of
neutral speech. From these observations, it is inferred that the mean of spectral tilt varies
significantly under stressed conditions from that of neutral condition. The variance values of
spectral tilt under different stressed conditions are computed in similar way as described for
mean computation of spectral tilt. The variance of spectral tilt of neutral, angry, sad and
Lombard speech are 3.38, 2, 3.11 and 1.7 (in 107°), respectively. It is observed that, the
variance values of spectral tilt of angry and Lombard speech are less compared to those of
neutral and sad speech. These results infer that the variance of spectral tilt also varies under
stressed conditions. The distribution is uniquely defined by its mean and variance values. From
mean and variance of spectral tilt based analysis, it is observed that the mean and variance of
spectral tilt vary under stressed conditions.

To quantify the deviation in the distribution of tilt of stressed speech from that of neutral
speech, Kullback-Leibler divergence (K LD) is used [97]. K LD is defined as a relative entropy
between two density functions, f(x) and g(z). The KLD is calculated by Eq [£J], where,
x;,1 = 1...N are the N sample from f(z) and g(z), respectively. The relative entropy between
two distributions is null if the two distributions are identical. Thus, the divergence between two
distributions determines how distinct the distribution f(x) is from the distribution g(x). In
this study, the K LD of distribution of spectral tilt of stressed speech g(x) from that of neutral
speech, f(x) determines how distinguishable the distribution, f(x) is from the distribution g(z).
K LD between f(x) and g(x) is given in

N

Du(fllg) = 3 fai)low L 4

(4.1)
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4. Analysis of Relative Displacement of Formant Peaks

where, f(x;) and g(z;) represent the distributions of spectral tilt of neutral and stressed speech,
respectively at i** sample. The divergence of spectral tilt of a vowel under a given stressed con-
dition is computed using distribution of spectral tilt formed by 250 stressed frames of the given
vowel. The average divergence of spectral tilt of stressed speech is computed by considering
average of divergences of spectral tilt of vowels. The divergences of angry, sad and Lombard
speech from the neutral speech are 6.06, 2.15 and 9.67, respectively. It is observed that the
deviations of distributions of spectral tilt for angry and Lombard speech from neutral speech
are comparatively higher than that of sad speech. This observation infers that the spectral tilt
of angry and Lombard speech are more flat. It shows that more spectral energy are shifted to
higher frequency under angry and Lombard conditions compared to the sad condition. This
means that the migration of spectral energy for sad speech is comparatively lesser due to stress
than those of angry and Lombard speech. For sad speech, the glottal closing period is more as
compared to the neutral speech, whereas, the glottal closing period is less for angry and Lom-
bard speech [81]. This may be the reason for migration of less spectral energy for sad speech
and migration of more spectral energy for angry and Lombard speech. This observation also
infers that the distributions of spectral tilt under different stressed conditions are significantly

different from each other and hence, the spectral tilt has ability to discriminate stress.

4.2 Proposed Relative Formant Peak Displacement for
Quantification of Local Spectral Tilt

In the previous section, the effect of stress is analyzed on the gross spectral tilt and it is found
that the spectral tilt has significant discriminating capability for stress. Since, the spectral
tilt includes gross energy information of the spectrum, it may lose the variation in formant
peaks induced due to the loudness of speech. However, the loudness of the signal varies due to
variation in glottal closure. This variation is directly reflected in the formant peaks. It can be
said that the formant peak is a cue factor of stress. Hence, the quantification of this variation
may give stress information. In order to capture the variation in formant peaks due to stress,

spectral tilt is divided into the local spectral tilts. The local spectral tilt can be obtained by
TH-1325_07610203
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Figure 4.3: Spectrum of vowel /u/ for two stressed conditions (a) neutral and (b) angry

considering the relative variations in formant peaks.

Figure [L.3] shows LP spectra of a segment of vowel /u/ of neutral and angry speech. From
Figure £3] (a) and (b), it is observed that the amplitude deviation from 1% formant peak (A;)
to 2" formant peak (A;) under angry condition is less than that under neutral condition.
Similarly, the amplitude deviations from 1°¢ formant peak (4;) to 3" formant peak (A3) and
4™ formant peak (A,) are less than those under the neutral condition. Due to the reduction
in amplitude deviation of Ay, A3 and A, from A; in angry speech, the flatness of spectral tilt
increases with respect to the neutral speech. This observation shows that relative deviations
of formant peaks from 1% formant peak may contain stress specific information. The relative
deviation in formant peaks from 1%* formant peak is defined as Relative Formant Peak Dis-
placement (RFD). The RED of i formant peak (4;) is defined as the relative displacement

of the i*" peak from first formant peak (4;) as given in Eq. B2l
RFD; = — 2<i<4 (4.2)

The RF'D values of formant peaks have approximately inverse relation with flatness of
spectral tilt. Less RF'D value for a formant peak will correspond to more flatness in spectral
tilt for that formant peak. For RF D computation, the formant peaks can be obtained from
LP spectrum and cepstrally smoothed log spectrum [2]. In LP spectrum, the formant peaks

are highly influenced by the artifacts of LP analysis [2]. The shift in formant frequency and
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4. Analysis of Relative Displacement of Formant Peaks

the change in formant bandwidth directly influences the intensity of the peak. Therefore, the
spectral peak measurement may not be reliable for LP based analysis. On the other hand,
cepstrally smoothed log spectrum removes the sensitivity of spectral intensity without altering
the formant structure [2]. In this section, RF' D values are estimated from both LP spectrum

and cepstrally smoothed spectrum for comparison. The block diagram for extraction of RF D
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Figure 4.4: Block diagram of extraction of relative formant peak displacement (A4; - Formant peak)

values, derived from LP spectrum and cpestrally smoothed log spectra, are shown in Figure [£.4]
The speech signal is segmented into a number of frames with length of 160 samples and frame
shift of 80 samples. To remove the silence regions from the speech signal, end point detection
is used [2]. Only those frames are considered as speech frames whose energy is higher than
10% of average energy of the signal. Hamming window is applied on those frames to reduce the
discontinuities at the end of the frames. Ten LP coefficients are estimated from each frame and

the magnitude spectrum is computed from these LP coefficients. The formant peaks A;’s are
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Table 4.1: Means and variances of REF'D values for different stress classes for vowels

RFDy | pun | ox [ oA /s 0% [ o7
/a/ 0.4004 | 0.0239 | 0.3247 | 0.0102 | 0.1888 | 0.0331 | 0.0812 | 0.0834
/e/ 0.7185 | 0.7185 | 0.2614 | 0.3593 | 0.8478 | 0.0372 | -0.2259 | 0.6679
Ji/ 0.6139 | 0.6139 | -0.3037 | 0.4037 | 0.5319 | 0.0271 | 0.295 | 0.0025

Ju/ |0.2024 | 0.0075 | 0.019 | 0.0166 | 0.3682 | 0.0428 | 0.0243 | 0.016

RFD3 | py ox fia o4 is 0% fir of

/a/ 0.7369 | 0.0221 | 0.4979 | 0.0087 | 0.6092 | 0.0552 | 0.1815 | 0.1123
/e/ 0.6843 | 0.0287 | -0.0099 | 0.1815 | 0.7345 | 0.0239 | -0.0441 | 0.6899
/i) 0.8475 | 0.0136 | -0.2648 | 0.1649 | 0.3769 | 0.0691 | 0.1405 | 0.0114
Ju/ 1.1341 | 0.0103 | 0.6321 | 0.0568 | 1.1276 | 0.0011 | 0.6469 | 0.0347
RFDy| pn | ok [ oA /s o8 i o7
Ja/ 1.2688 | 0.026 | 0.7162 | 0.0657 | 0.8843 | 0.0479 | 0.4933 | 0.0306
/e/ 0.7044 | 0.0191 | 0.4052 | 0.0644 | 0.6953 | 0.0439 | -0.1597 | 0.5131
/i/ 0.5773 | 0.0257 | -0.0547 | 0.111 | 0.6913 | 0.0721 | 0.5258 | 0.0223
Ju/ 1.0947 | 0.01 0.5972 | 0.0059 | 1.1242 | 0.0024 | 0.5215 | 0.0315

extracted from the spectrum using peak picking algorithm. Relative formant peak displacement
of 274, 34 and 4" formant peaks are computed using Eq. and these values are named as
RF Dy, RFDs and RF Dy, respectively. The RF' D values reflect the relative variation between
formant peaks. In order to evaluate the stress information from these values, probability density
function, as described in Section 1], is considered. These RF' D values are computed for all
stressed frames under different stressed conditions. Approximately, 5000 spectra of vowel /a/
are considered under stressed condition. It gives approximately 5000 RF' D values of vowel /a/.
The distribution of RF Dy, RF D3 and REF D, under different stressed conditions are shown in
Figure Figure shows that the means and variances of RF' D values vary under stressed
conditions. Also, the distributions are observed significantly different from each other. From
the figure, it can be observed that the mean of RF'D, is higher than the mean of RF D3, and
the mean of RF D3 is higher than the mean of RFD,. The distributions of RF'D values vary
with stressed condition. The deviation of distribution of RF' D, value under different stressed
conditions are more than those of RF D3 and RF D, values. This observation shows that the
effect of stress is more at higher frequency than at lower frequency.
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Figure 4.5: Distributions of RF' D values for vowel /a/ under different stressed conditions (a) RF Do
(b) RFD3 and (c) RFDy

The mean and variance values of RF Dy, RF D3 and RF D, for vowels, /a/, /e/, /i/, and
/u/ under different stressed conditions are listed in Table @1l py, pa, ps, i and oy, o4, o,
o are the means and variances of RF'D values for neutral, angry, sad and Lombard speech,
respectively. From this table, it is observed the mean and variance of RF' Dy, RF D3 and RF Dy
values under angry, sad and Lombard conditions are less than that under neutral condition.
Under angry, sad and Lombard conditions, RF' D3 and RF D, values are less compared to RF' Dy
values. However, RF' Dy, RF D3 and RF D, values under the sad conditions are higher than
those under angry and Lombard conditions. These observations infer that RF' D3 and RF D,
values are less under angry and Lombard conditions, due to which, the flatness of spectral tilt
of speech increases under these conditions. On the other hand, RF D3 and RF D, values are
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Table 4.2: Divergences of RF'D values for different stress classes for vowels

Angry Sad Lombard
RFDs | RFDs | RFD, | RFDy | RFD3 | REDy | RFDs | RFDs | RFD,
Ja/ | 3.07 | 1598 | 37.52 | 2.73 6.58 | 25.80 | 5.73 | 20.09 | 38.51
Je/ | 19.47 | 24.73 | 36.37 | 17.86 | 13.92 | 29.90 | 21.80 | 22.20 | 34.06
/i/ | 11.21 | 13.11 | 23.91 Sl 4.86 12.90 | 11.43 | 11.28 | 20.04
Ju/ | 28.28 | 37.44 | 43.62 | 29.56 | 32.44 | 41.42 | 33.33 | 41.72 | 44.27

higher under sad condition, due to which, the flatness of spectral tilt of speech reduces under
this condition.

Due to variations in the means and variances of RF' D values, the distributions of RF'D
values under the stressed condition are separated from those of neutral condition. In order to
quantify this deviation, K L divergence between neutral speech and stressed speech is computed
using Eq. @1l The divergence of RF Dy, RF D3 and RF D, values of vowels, /a/, /e/, /i/, and
/u/ under angry, sad and Lombard conditions are tabulated in Table [£2] From this table, it
can be observed that the divergence of RF' D3 and RF D, for stressed speech are more than
the divergence of RF' Dy. From all these observations, it can be concluded that formant peaks
Az and Ay are more effected due to stress compared to A,. Further, the divergences of RF D
values for sad speech are less than those for angry and Lombard speech. This observation
infers that the formant peaks of sad speech are comparatively less effected from those of angry
and Lombard speech. As described in Section A1) the glottal closing period is more in case of
sad speech and it is less for angry and Lombard speech. The loudness of angry and Lombard
speech are more and it is less for sad speech. From these observations, it is also inferred that the
RF D values have discriminating capability for stress. Hence, these RF' D values are expected

to contain stress information and they can be used to characterize the stress.

4.2.1 Average Stress Relative Formant Peak Displacement

Previous subsection considered relative deviations of formant peaks from 1% formant peak.
These values are derived within the spectrum for a given stress class, therefore, it gives intra
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formant peak deviation information. Intra formant peak deviation information is a relative
information from a spectrum. This section analyzes the inter formant peak deviation informa-
tion. It is described previously in the current section that the formant peaks vary under stressed
conditions due to variation in loudness of speech. Also, it can be observed from Figure [43] (a)
and (b) that the difference between amplitude values of 15 formant peak of neutral speech and
angry speech is approximately 5 dB (25dB-20dB). On the other hand, difference between am-
plitude values of 2"¢ formant peak of neutral speech and angry speech is approximately -7 dB
(18dB-23dB). Stress Relative Formant Displacement (SRE D) is proposed in order to quantify
the degree of deviation of formant peak of stressed speech from that of neutral speech. Stress
relative formant displacement is defined in Eq. A3 where, A;5 and A;s denote formant peaks

of neutral and stressed speech, respectively.

SRFD, = 2 — dix 1<i<4 (4.3)
| Ain|
1 LA A
ASRFD; = — N ZkX 1<i<4 4.4
M ; | Aien| - (44)

M represents the number of frames for a stress class, ¢ denotes formant peaks including 1%
formant peak and X denotes the stress classes (excluding neutral class).

The SRF'D values quantify the relative deviation of formant peaks of stressed speech from
the corresponding formant peaks of neutral speech. In order to investigate the deviation in the
formant peaks due to stress, SRF D values are computed for vowels, /a/, /e/, /i/, and Ju/
under neutral, angry, sad and Lombard conditions. Approximately 5000 frames under stressed
condition are considered. SRF'D values are estimated for vowels for angry, sad and Lombard
speech using Eq. 43l Further, the Average Stressed Relative Formant Peak Displacement is
further computed by averaging of SRFD values of frames for i peak. The average stress
relative formant displacement of four vowels under different stressed conditions are shown in
Figure 6 From Figure L6l(a), it can be observed that the displacement of 1% formant peak
for stressed speech is not as significant as the other three formant peaks. These observations

are alsg observeg for all vowels. The displacement for angry and Lombard speech is negative.
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Hence, the formant peaks for angry and Lombard speech are higher than the formant peaks of
neutral speech. On the other hand, the displacement of sad speech is positive for most of the

peaks. Hence, the formant peaks of sad speech are smaller than the formant peaks of neutral

speech.
1
O,
2
x 1(b)
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Figure 4.6: ASRF D values of vowels under different stressed conditions (a) /a/ (b) /e/ (c) /i/ and
(d) /u/

This study shows that 1°¢ formant peak is less effected by stress whereas the effect of stress
is more on higher formant frequencies. Further, the variation of ASRFD is distinct under
different stressed conditions. This observation shows that the displacement of formant peaks
from the 1%¢ formant peak, as described in previous subsection, carries systematic stress specific

information.
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4.3 Stress Classification Using RF'D Feature

Section [4.1] shows that the gross spectral tilt has ability to characterize the stressed speech.
Similarly, Section shows that the RF' D values contain stress specific information. This
section investigates the stress information in gross spectral tilt and RFE'D values by consider-
ing them as a feature for stress classification. This feature is formed by concatenating three
RFD values and one gross spectral tilt and the combined feature is termed as RF'D feature.
RF D feature contains slope and formant peak information of the spectrum. On the other
hand, conventional M FC'C' feature contains spectral energy information. Both information are
estimated from the spectrum. In order to investigate the stress information in RF'D feature,
the performance of this feature is compared with the performance of M FCC feature. Thirteen
dimension mel frequency cepstral coefficient (M FCC') feature is extracted from the speech.
For evaluation of performance of stress classification, speech is divided into frames of length
160 samples (20 msec) and frame shift of 80 samples (10 msec). Tenth LP coefficients are
calculated for each frame and the LP spectrum is computed. The displacements of 274, 374
and 4" formant peaks from 1% formant peak, as described in Section 2] are computed for
each frame. The LP spectrum of order one gives the overall slope of the spectrum which is
approximately same as the slope of the spectrum computed by regression line method [2]. First
order LP coefficient is concatenated with three REF'D values estimated from LP spectrum.
Hence, each frame is represented by four dimensional feature vector and it is termed as LP
derived RFD feature (LP-RFD). Similarly, the RFD values from cepstral smoothed log
spectra, as described in Section [1.2] are computed for each frame of the speech signal. The first
order LP coefficient is concatenated with RF'D values estimated from cepstrally smoothed
spectrum and the combined feature is termed as log magnitude derived RFD (Log-RF D)
feature. Approximately 4000 utterances (15,0000 frames approximately) taken from all speakers
from 1% session of database are considered for training and approximately 4000 utterances from
2n? session of database are used for testing. The classifier is developed using continuous density

HMM. Left to right (Bakis model) with no skipping in transition probability is considered.
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Table 4.3: Performance of stress classification (%) for four class problem

Neutral | Angry | Sad | Lombard | Avg. Perform
Listening test 51.29 73.86 | 88.25 31.39 61.20
LP-RFD 45.92 42.11 | 73.86 45.12 51.67
Log-RF D 48.53 40.95 | 72.21 47.91 52.40
MFCC 56.77 38.53 | 64.07 53.24 53.15
Feature level combination
(REFD(LP)-MFCC)(17dim) | 59.45 4751 | 66.74 53.02 56.68
(RFD(log)-MFCC)(17dim) | 60.00 50.00 | 66.59 53.95 57.63
Score level combination
RFD(LP)-MFCC 56.33 48.68 | 67.25 55.35 56.90
RFD(log)-MFCC 57.56 47.29 | 64.55 57.67 56.67
Rank level combination
RFD(LP)-MFCC 41.63 63.38 | 76.57 47.91 57.37
RFD(log)-MFCC 43.07 59.73 | 76.37 58.60 59.53

During the testing, Viterbi optimization criterion is used. In this work, 16 states are considered
to model the stress class. Each state has four mixture components. The evaluation of this
feature has been done as a four class problem. In this four class problem, the classifier has to
decide the stress class of a given utterance among four stress classes, namely, neutral, angry,
sad and Lombard. The performances of stress classification using M FCC and RF D features
are tabulated in Table It is observed that the performances of neutral and Lombard
speech using M FCC feature are 56.77% and 53.24%, respectively. The performances of LP-
RF D feature is reduced to 45.92% for neutral speech and 45.12% for Lombard speech. The
performances of LP-RF D feature under angry and sad conditions are better than the M FCC
feature. Under angry and sad conditions, the performances of LP-RF D feature are 42.11%
and 73.86%, respectively, which are 4.42% and 9.79%, respectively higher than the M FCC
feature. Similar results are observed for Log-RF'D feature. The performances of Log-RF D
feature under neutral and Lombard conditions are less by 8.24% and 5.24%, respectively than
the M FCC feature. On the other hand, the performances of Log- RF' D feature under angry and
sad conditions are more by 2.42% and 8.14%, respectively than that of M FCC feature. Further,

the average performance of Log-RF'D feature is observed to be higher than that of LP-RF D
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feature. This result infers that, the formant peak information of speech is more consistent
in the cesptrally smoothed feature than LP based feature. This result also infers that the
performance of four dimensional RF'D feature is approximately similar to the performance of
13 dimensional M F'C'C' feature. This study shows that both the RF' D feature and the M FCC
feature have approximately same stress discrimination capability. MFCC feature captures
spectral energies of the speech signal where formant peaks information are normalized. On the
other hand, RF D feature captures formant peak information. Hence, the information present
in MFCC and RFD features are different and they may be capturing different aspects of
stress information. The combination of these features may provide better improvement in the

classification rate.

4.3.1 Feature Level Combination

As described in the previous section, the information present in the M FCC and RF D features
are different and they may reflect different aspects of stress specific information. Thus, the
combination of these features in feature level may give better classification rate. In this study,
13-dimensional M F'CC feature is concatenated with 4-dimensional LP-RF'D feature and Log-
RFD feature, respectively. The 17-dimensional RF'D — M FCC combined feature is used to
model stress. During the recognition, these 17-dimensional features are also used for stress
classification. The performances of LP and log derived RF' D features combined with M FCC
feature, are shown in Table 3] The performance of RFD(LP)-MFCC feature is higher
than their individual performances for all the stressed conditions except sad speech. Similar
observation is found for RFD(Log)-MFCC feature. The dimension of MFCC feature is
higher than that of RF D feature and the dynamic ranges of RF'D features are significantly
lower than that of M F'C'C feature. Therefore, the contribution of M FC'C' feature in recognition
performance is more than that of RF D feature. Due to this, the performances of combined
feature are more only for those stress conditions where the recognition performance of M FCC

feature is higher than the recognition performance of RF'D feature. The average performances

of RFD(LP)— MFCC and RFD(Log)— M FCC features are 56.68% and 57.63%, respectively
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which are 3.53% and 4.48% higher than baseline performance by the M FCC feature.

4.3.2 Score Level Combination

As described in subsection [4.3.1] the dynamic range of REF'D feature is lower than that of
MFCC feature. The classification level combination may improve the performance of the
combined feature. Two classification level combinations namely, score level and rank level
are used in this work. In case of score level combination, the measurement scores of features
are combined. The stress class with highest combined score is identified as the stress in the
testing utterance. This study considers log likelihood value as a measurement score. The log
likelihood score of each stress class for LP-RF D and Log-RF D features are combined with
log likelihood score of each stress class for M F'CC' feature. The classification performance of
RFD(LP)— MFCC and RFD(Log) — MFCC features are shown in Table 3l Results show
that the performances of RF D(LP)-MFCC and RFD(Log)-MFCC features are higher under
neutral, angry and Lombard conditions as compared to their individual feature performances.
For sad speech, the performances of these features are higher than those of M F'C'C' feature and
they are less than those of RF' D features. The average performance of combined RF D(LP)-
MFCC and RF D(Log)-M FCC features are 56.90% and 56.67%, respectively, which are 3.75%
and 3.52% higher than the baseline M FCC' feature.

4.3.3 Rank Level Combination

In case of rank level combination, a rank is given to the stress class according to its log-likelihood
score. Among, the four stress classes, the highest rank is given to that stress class, which has
highest log likelihood score. Hence, the ranks for four stress classes for RF'D and MFCC
features are decided according to their log likelihood scores. Thus, there are two ranks for each
stress, one using RF' D feature and the other using M F'C'C feature. The two ranks are summed
to get the combined rank. The stress with highest combined rank is identified as the stress
in the testing data. The performances of RED(LP)-MFCC and RFD(Log)-MFCC features
are shown in Table 3 The average performances of RFD(LP)-MFCC and RF D(Log)-
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MFCC features are 57.37% and 59.53%, respectively. From this table, it can be seen that the
performance of RF D(Log)-M FCC feature under angry, sad and Lombard conditions are higher
than their individual performances. On the other hand, the performances of RFD(LP)-MFCC
feature under angry and sad conditions are significantly improved, whereas the performance of
RFD(LP)-MFCC feature under Lombard condition is similar to the performance of LP-RF D
feature. However, the performances of these features under neutral condition degrades from
their individual feature performances. Although, the degradation is observed in the neutral
speech performance, the average performances of RFD(LP)-MFCC and RFD(Log)-MFCC
features improve by 4.22% and 6.38%, respectively from the performance of M FCC feature.
In this section, the RF' D feature is combined with the M FC'C feature at the feature level,
at the score level and at the rank level. The stress classification performances of all these
combination techniques show improvement from their individual feature performances. From
these studies, it can be concluded that the RF'D feature contains some additional information

of stress, which is not present in the M FCC feature.

4.4 Stress Dependent Speech Recognition

This section presents stress dependent speech recognition, as described in Subsection [[L2.2.2]
to show that the stress class information obtained from proposed stress classifier provides
improvement in the performance of the speech recognition. The block diagram of the stress
dependent speech recognition is shown in Figure 7] [3]. In this technique, word model is
trained for each stress during the training, therefore, the speech recognizer is developed for
each stress class. Figure shows that the stress dependent speech recognizer is combined with
the stress classifier. During the testing, the stress classifier identifies the stress class of the speech
signal and the feature of the speech signal is tested using only the trained word models of the
corresponding stress class. For each stress class, variation among the features is only due to

the different words and hence an improved performance is expected during speech recognition.

In Chapter 3l the recognition performances of M FCC and LPCC features were evaluated
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Figure 4.7: Block diagram of stressed speech recognition

and it was observed that the performance of speech recognition degrades under the stressed
condition from the neutral speech.This study also revealed that the recognition performance
of MFCC feature is better than LPCC' feature under stressed condition. Therefore, in the
present study, M FCC feature is considered for stressed speech recognition. During the training,
MFCC feature is extracted from each word for different stress classes and each word model
is trained for each stress class. During the testing, speech utterance is passed through the
proposed stress classifier to identify the stress class, and speech recognition is carried out
within that stress class. In this study, MFCC, LP-RFD and Log-RFD features are used
for stress classification. Also, the rank level combination of M FCC and RF D, as described
in Subsection .3.3] are also considered for classification of stress class. The performances of
stressed speech recognition using stress classification are compared with neutral trained speech
recognizer.

The performances of M FC'C' feature based speech recognition using different stress classi-
fication techniques are tabulated in Table 4.4l The average performance of speech recognizer

for LP-RFD and Log-RF D features based stress classifier are 67.71% and 68.87%, respec-
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Table 4.4: Performance of stress dependent speech recognition

Neutral | Angry | Sad | Lombard | Avg. Perform

Neutral Trained 81.10 42.58 | 59.89 55.69 59.82
Feature for stress classification

MECC 70.32 67.63 | 63.44 73.36 68.69
LP — RFD 69.56 64.19 | 61.67 72.43 66.96
Log — RF'D 69.14 64.14 | 63.44 72.91 67.40
RDF(LP)—- MFCC | 73.12 69.25 | 64.49 74.53 70.35
RFD(log) — MFCC | 72.62 69.72 | 63.99 75.19 70.38

tively, which is 7.42% and 8.58% higher than that of neutral trained speech recognition. The
performance of speech recognition for M FCC based stress classifier is 68.69%, which is higher
than that of RF'D based stress classifier. The speech recognition performance depends on the
classification rate of stress classifier. It is observed from Subsection [£.3] the classification rate
of MFCC feature is more than that of RF' D feature, therefore the speech recognition using
MFCC based stress classifier gives better performance than that of RF'D based stress classi-
fier. From this table, it is observed that the performance of individual stress class, except for
neutral speech, improves from that of neutral trained model. In neutral trained system, neutral
speech is always tested with neutral speech. However, due to misidentification of stress classi-
fier, neutral speech is tested with other stress trained speech recognizer. Hence, reduction in the
recognition performance is observed in the neutral speech. In case of rank level combination,
the average performances of speech recognition is 70.35% and 70.38% for RFD(LP)-MFCC
and RED(Log)-MFCC features, respectively, which are 10.53% and 10.56% higher than that
of neutral trained speech recognition. As described in Subsection [4.3.3] the RF'D feature con-
tains some additional information of stress, which is not present in the M FCC' feature, which
may contribute to the improvement of classification rate of combined feature. Therefore, the
speech recognition performance using combined features gives better recognition performance

as compared to their individual recognition performance.
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4.5 Summary

This chapter demonstrates the effect of stress on the slope of the spectrum. Systematic vari-
ations of spectral tilt are observed under different stressed conditions. Studies show that the
effect of stress are more pronounced at formant peaks. The gross slope of the spectrum can not
capture this information effectively. Therefore, local spectral tilts are proposed in terms of rela-
tive displacement between formant peaks. Under the stressed condition, the RF'D values show
significant variation and the effect of stress is more for higher formant region. The RF' D values
are concatenated with gross spectral tilt and they together are used for classification of stressed
speech. The performance of stress classification of RF' D features, derived from LP spectrum
and cesptrally smoothed spectrum, show that the performance of RF D feature is slightly less
than traditional M F'C'C' feature, which shows that RF' D feature has approximately the same
discrimination capability for stress as M FCC' feature. Further, the performance of cepstrally
smoothed log spectra derived RF'D is higher than LP derived RF' D feature. RF'D features
are combined with M FCC' feature at the feature level, at the score level and at the rank level.
The results show that the combined features show marked improvement in performance as com-
pared to their individual feature performances. The proposed stress classification techniques
are employed to the speech recognition application improved the performance of recognition

system.
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The effect of stress on slope and formant peaks of the spectrum is investigated in Chapter [l
The variation in slope reflects the migration of spectral energy from the lower frequency to the
higher frequency. It was observed that the effect of stress is more on higher formants than on
lower formants due to the migration of spectral energy and the variation in vocal loudness. The
migration of spectral energy effects not only the features of the spectrum, but also the outputs
of filterbanks which are placed in this spectrum [I] [98]. Stanton et al. [85] observed the trend
of the energy migration in frequency domain for angry and Lombard speech. They observed
that the additional spectral energy moves from low to mid bands frequency range which is
sensitive to the human auditory system. Hansen and Womack [I0] observed the migration of
spectral energy in mel subbands. They observed maximum recognition performance near 2"¢
formant region rather than 1% formant region under angry, loud and Lombard conditions. To
improve the recognition performances under these conditions, mel-filters were modified in such
a way that the linear spaced filters occur near the 2"? formant region. Thus, the modified
mel filters gave more emphasis to the 2"¢ formant region. Sarikaya and Gowdy [61] analyzed
the effect of stress on subbands of the speech. Autocorrelations of energy of subbands were
estimated to measure frame to frame correlation of energy and to model the relative change in
subband energy due to stress. These studies show that the subbands get effected when speech
is produced under stressed condition.

This chapter presents an analysis of effect of stress on subbands of speech. Effect of stress on
individual subband is studied under different stressed conditions. Three statistical characteris-
tics namely, means, variances and divergence of subbands are analyzed under different stressed
conditions. Dynamics of subbands are also investigated to study the variation of energy across
the subbands. Backward differences of subband energy is used to quantify the dynamics of
subbands. Backward differences of subband energy based stress compensation techniques is
proposed to investigate the robustness of this proposed analysis towards the stress. Four stress
compensation techniques, based on statistical characteristics and dynamics of subbands, are
proposed. The objective of these compensation techniques is to remove the effect of stress from

subbands and the energy of subbands are assumed to be close to that of neutral speech. This
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assumption is verified using stressed speech recognition.

The statistical analyses of the subbands under different stressed conditions are described in
Section 5.l Techniques to compensate the effect of stress from the subbands are discussed in
Section The effectiveness of these compensation techniques are evaluated in Section [5.3]
The performances of stress compensation based speech recognition are evaluated in Section [5.4]

Section describes the summary of the chapter.

5.1 Analysis of Subband Energy for Different Stressed
Conditions

As described in previous chapter, the migration of spectral energy depends on the glottal
vibration. The migration of spectral energy for different stressed conditions is not the same,
therefore, the subband energy (SBE) would be different for different stressed conditions. This
section analyzes the effect of stress on subbands under different stressed conditions.

The probability density function (PDF") of subbands of speech is estimated under different
stressed conditions to study the effect of different stressed conditions in statistical characteristics
of SBE. In order to estimate the PDF of the subbands, the SBE are computed from 119
words vocabulary dataset under neutral, angry, sad and Lombard speech from 1% session of
database. The speech signal is segmented into a number of frames with length of 20 msec
and frame shift of 10 msec. Hamming window is applied on these frames to reduce the effect
of discontinuities at the end of the frames. The discrete Fourier transform (DFT') of each
windowed frame is computed. The DFT spectrum is then multiplied with nonlinear mel-filter
and the logarithmic magnitude of the filter output is termed as a Subband Energies of the
speech signal. Approximately 50,000 frames per stress class are considered and 24 subbands
are estimated from each frame. The maximum and minimum of each subband are computed and
the difference between them are divided equally to find the number of bins, and the PDF of a
subband is estimated by histogram method. In the subband energy computation, speech signals
are considered for all the words from all the speakers present in 15 session of database to smooth

out the local effects, such as word and speaker, from the PDF' of subband energy. Therefore,
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5.1 Analysis of Subband Energy for Different Stressed Conditions

the PDF only represents the stress information present in this subband. Figure 7?7 shows the
PDF's of subbands under four stressed conditions namely, neutral, angry, sad and Lombard.
Figure shows that the statistical characteristics of SBE' of stressed speech significantly vary
from the neutral speech. For instance, the means of SBE of stressed speech are shifted from
the neutral speech and the PDF's of SBE of speech under stressed and neutral conditions are
significantly separated from each other. These variations in subbands under stressed conditions
infer that the subband contains stress specific information, therefore, a detailed analysis of these

statistical characteristics of SBE may provide useful information of stress.

5.1.1 Analysis of Statistical Characteristics of Subband Energy for
Stressed Speech

Based on previous observations, in this section, three statistical parameters namely, mean,
variance and divergence of subbands are analyzed for different stressed conditions. For a given
stressed condition, the mean energy of a particular subband is the average energy of 50,000

frames in that particular subband. Similarly, the mean energy values of 24 subbands are

computed for different stressed conditions and they are shown in Figure For angry and
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Figure 5.2: Mean of subband energy under different stressed conditions

Lombard speech, the vocal loudness and the rate of glottal vibration are higher than those for
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5. Evaluation of Subband Energy

neutral speech. As a result, more spectral energy is shifted to the higher subbands. Due to
this migration of energy, the mean energy values of higher subbands are higher for angry and
Lombard speech. On the other hand, the vocal loudness and the rate of glottal vibration for sad
speech are comparatively lower than those for the neutral speech, which reduces the spectral
energy of higher subbands. As a result, the mean energy values of higher subbands of sad
speech are lower than that of neutral speech. The migration of spectral energy and the vocal
loudness effect not only the mean of the individual subband under stressed condition, but also
the slope of the SBE. Here, slope of the subbands is defined as the difference between mean
energy of 24" subband and mean energy of 1% subband. From Figure 5.2 it can be observed
that the slope of SBE is higher for angry and Lombard speech, and lower for sad speech as

compared to the neutral speech.
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Figure 5.3: Variance of subband energy under different stressed conditions

The variance values of subband energy are computed from approximately 50,000 frames of
a given stressed condition. The variances of SBFE under different stressed conditions are shown
in Figure 0.3l Figure shows that the variance values of higher subbands are reduced under
stressed conditions as compared to the neutral condition. Further, the variation in variance

values of the subbands for stressed speech are not consistent as observed from the mean energy
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5.1 Analysis of Subband Energy for Different Stressed Conditions

Figure 7?7 shows that SBE distribution under stressed condition is deviated significantly
from the SBE distribution under neutral condition. The KL-divergence (KLD) between
SBE distribution of stressed speech, N(.; ux,on), from SBE distribution of neutral speech,
N(.;u¥, o) is computed to determine how distinguishable the two distributions are [97]. Fig-
ure 77 shows that the distributions of SBE under stressed condition are normal (Gaussian)
distributed. Therefore, the D(N(.; uy, 0% )|[IN(.; pu, o)) for the distributions N(.; u¥, %) and

N(;pk, on) is calculated by Eq. 5.1l

DN i ) NG o) = pllop(Togte) — 1+ 28 # LBy s

The divergences between distributions of SBE under different stressed conditions from the

1.5 ‘
— Angry
<B]
&) ---Sad
qc) 1} |~ Lombard
(@)

KL-Diver
o
[6)]

20 25

10 15
Subbands

Figure 5.4: Divergence of SBE under different stressed conditions from neutral speech

neutral condition are shown in Figure 5.4l It is observed that, the deviations in distributions
of higher subbands are comparatively higher than those of lower subbands. The analysis of
mean and variance of subbands demonstrated that the difference of means of f(z) and g(x)
i.e. (ui¥(k) — pX(k)) is high for higher subbands. Also, variances are not much affected due
to stress. As a result, the divergences of stressed speech from the neutral speech increases at
higher subbands. Further, for lower subbands, the divergences of angry and Lombard speech

are comparatively higher than the divergence of the sad speech. For higher subbands, the
TH-1325_07610203
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divergence of Lombard speech is higher than the divergences of angry and sad speech.

5.1.2 Analysis of Proposed Difference Energy of Subband for Stressed
Speech

Figure5.21shows that the slope of mean energy values of subbands for stressed speech is different
from that of neutral speech. In this section, the local slope of the subbands is proposed in terms
of difference of energy between consecutive subbands. The local slopes may contain the dynamic
information across the subbands. The dynamics of the subbands might give information of
rate of migration of energy across frequency scale. Backward difference of subband energy is
proposed to quantify the rate of migration of energy across frequency scale and it is termed as

Difference Energy of Subband. Difference Energy of k' subband is defined by equation

AE* (k) = EX(k) — EX(k — 1) 2<k<24 (5.2)

where,
EX(k): Energy of k™ subband of a given X stress class

AEX(k): Difference energy of k™ subband of a given X stress class

For a given frame, the difference energy is estimated using backward differences of the 24
subband energy. Therefore, 23 difference energy values are obtained from each frame. The
difference energy values are computed from 119 words vocabulary dataset under neutral, angry,
sad and Lombard conditions from fifteen speakers. Approximately, 50000 frames per stress are
considered to compute the mean difference energy of subbands. For a given stressed condition,
the mean difference energy of a particular subband is the average difference energy of 50,000
frames in that particular subband. The mean difference energy values for different stressed
conditions are shown in Figure[B.5l Figure shows that the lower subbands i.e. up to 12 subbands,
the difference energy under stressed condition varies from the neutral condition. In mel-scale,
first twelve subbands may correspond to the 1400 Hz frequency region, which may contain 15

and 2" formant information. For first twelve subbands, the difference energy of stressed speech
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Figure 5.5: Difference energy of subbands under different stressed conditions

is compared with the difference energy of neutral speech. The difference energy is observed to
be higher for angry and Lombard speech and lower for sad speech. This observation infers that
the rate of migration of spectral energy from 1% formant to 2" formant is higher for angry and
Lombard speech than that for neutral speech. Also, the rate of migration of spectral energy
from 1° formant to 2" formant for sad speech is lower than that for neutral speech. This
figure also shows that the difference energy of higher subbands are approximately same for all
stressed conditions. This observation infers that the rate of migration of spectral energy is
approximately constant for higher subbands under stressed condition. The difference energy
of subband based analysis infers that the migration of energy takes place from 1% formant to
the 2" formant, which introduces modulation of energy at higher formants. Therefore, the
energy of higher subbands under stressed condition are more deviated from neutral condition,
as described in Section [B.1]

The PDF of difference energy is estimated by histogram method, as described in Sec-
tion [B.1] for analysis of stress on the statistical characteristics of difference energy. Figure
shows the distributions of 4, 8t 12! 16, 20" and 24" subbands under different stressed

conditions. The deviation in the distributions of lower subbands is observed under different
TH-1325 07610203
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Figure 5.6: Probability density function of difference energy for different stressed conditions

stressed conditions. On the other hand, the deviation in the distributions of higher subbands
is less. By comparing Figure with Figure 77, it can be observed that for stressed speech,
the deviation in the distribution of difference energy is comparatively lesser than the deviation
in the distribution of subband energy. This study infers that the SBFE contains stress specific
information, which is reflected from mean and divergence of the SBE. On the other hand, the
difference energy of subbands is less effected by stress. Hence, difference energy of subbands

may contain stress independent information.

5.2 Proposed Stress Compensation Techniques

Section 5.1l demonstrated the variations in statistical characteristics of subbands under stressed
condition. These characteristics are the mean and the variance of subbands, the deviation of
distribution of subbands and the dynamics of subbands. Some systematic pattern was observed

in the variation of the characteristics of SBE under different stressed conditions, such as:
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5.2 Proposed Stress Compensation Techniques

(i) Figure shows that the mean energy of subband is more under angry and Lombard
conditions than that under neutral conditions whereas, the mean energy of subband is

lesser under sad speech than that under neutral conditions.

(ii) Figure .3 shows that the variance of higher subband energy is lesser under stressed

conditions than that under neutral condition.

(iii) FigureB.4lshows that the divergence values of higher subbands, under stressed condition,

are higher as compared to the lower subbands.
(iv) Figure 5.5 shows that the dynamics of subband is invariant to the stressed condition.

In order to further investigate the effectiveness of these systematic patterns, stress compensation
techniques are proposed. This section develops techniques to eliminate the effect of stress from
the subbands. The objective of this compensation technique is to transform the energy of
k" subband, EX(k), of given stress X to modified energy of that subband, EX(k), by using

weighting factor W (k) as given in Eq. 5.3
EX = WXEX (5.3)

The objective of this compensation technique is to transform SBFE of stressed speech in such a
way that the transformed SBFE is close to SBFE of neutral speech. In this study, four weighting
factors are proposed to transform the SBE of stressed speech. These four weighting factors

are weighted mean, weighted variance, normalized K LD and difference energy.

5.2.1 Weighted Mean

Figure[5.2shows that the mean values of SBFE vary under stressed conditions and the variations
of mean values are observed to follow same systematic patterns. In order to normalize the effect

of stress in the mean of SBFE, weighting factor is proposed, which weights the means of SBFE
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under stressed condition. The weighting factor (W, X (k)) of k** subband is defined in Eq. 5.4
1 & oy
A ; E;Y (k)

i > B (k)

1=

Wi (k) = (5.4)
Here, M; and M, are number of frames for neutral speech and stressed speech, respectively
and EX(k) is the energy of k'™ subband for stress X. The weighting factors corresponding
to angry, sad and Lombard speech are shown in Fig (.7 The mean energy values of angry
and Lombard speech are higher for higher subbands, therefore, the weighting factor of angry
and Lombard speech decreases with increasing subbands to deemphasize the mean energy of
higher subbands. On the other hand, the mean energy values for sad speech is lower for higher
subbands, therefore, the weighting factor of sad speech increases with increasing subbands

to emphasize the mean energy of higher subbands. The mean of SBE of a stress class is
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Figure 5.7: Weighting factor of weighted mean based compensation technique for different stress

classes

the average of all other information such as speakers and words, therefore, it contains only
stress information. The SBE of frames of an utterance may contain speech as well as stress
information. The multiplication of the weighting factor of a stress class with the SBE of each

frame of an utterance corresponding to that stress, as given in Eq. 5.3 may compensate the
TH-1325_07610203
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5.2 Proposed Stress Compensation Techniques

effect of stress in the subband energy of the frames.

5.2.2 Weighted Variance

Figure B3 shows that the variances of higher subbands under stressed condition is lesser than
that under neutral condition. On the other hand, the variances of lower subbands of the stressed
speech are slightly higher than that under neutral speech. In order to normalize the effect of
stress in the variance of SBE, weighted variance is proposed, which weights the variances of
SBE under stressed condition. The weighting factor (WoX (k)) of k' subband is defined in

Eq.BA
o (k)
o3 (k)

Wy (k) = (5.5)

Here, oY (k) and o3 (k) are the variance of subband energy of k™ subband for neutral condition

and stressed condition, respectively. The weighting factors corresponding to angry, sad and
Lombard speech are shown in Fig 5.8l The random variations in weights are observed for
initial subbands (i.e. up to 10?* subbands). The weighting factor of a stress class is multiplied

with the subband energy of frames of an utterance as given in Eq. 5.6l
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Figure 5.8: Weighting factor of weighted variance based compensation technique for different stress
classes
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EF (k) = W3 (k) (B (k) — gz () + ps (k) (5.6)

K3 K3

where,
on (k): Variance of subband energy of k' subband for stress X

Ws¥ (k): Weighting factor for variance normalization of k' subband for stress X

Ef(/(k) Variance normalized SBE of i frame

5.2.3 Normalized Divergence

In this subsection, K LD information of subband energy is used to compensate the effect of
stress in SBE of the speech signal. The weighting factor of k' subband of a stress class is the
normalized divergence value of that subband. The weighting factor of £ subband is defined

in Eq. 5.7

(1+ %) for sad speech

W (k) = (5.7)
#) for angry and Lombard speech

I+ Faz o)
Here, D(k) is the divergence of k™ subband from the stressed speech from the neutral speech. In
Section [5.1.1] it was observed that the spectral energy of higher subbands is shifted upwards for
angry and Lombard speech and downwards for sad speech. In order to deemphasize the energy
of higher subband of angry and Lombard speech, the weighting factors of angry and Lombard
speech are considered as inverse of their normalized K LD values. In case of sad speech, the
normalized K LD values are used directly to boost the energy of the higher subband.

The normalized K LD based weighting factors for different stressed conditions are shown in
Figure[5.91 Figure shows that for angry and Lombard speech, the weighting factor decreases as
subband increases, whereas for sad speech, the weighting factor increases as subband increases.
Also, the weighting factor is not uniform for all stress classes. Sudden variation in weights
are observed for consecutive subbands. The multiplication of this weighting factor with the
SBE of frames of stressed speech may introduce ripples in the cepstral domain. These ripples

may interfere with the message information of the speech signal. In order to avoid sudden
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Figure 5.9: Weighting factor using normalized divergence and smoothed weighting factors for
different stress classes, (a) angry (b) sad and (¢) Lombard

variation in weighting factor, the smoothing of weighting factor by a quadratic function is
done. The quadratic polynomial function is fitted to the weighting factor based on least square

error method. The smoothed weighting factors of angry, sad and Lombard speech are given in

Eq. B8
0.00092k% — 032k + 1 for angry speech
W (k) = ¢ —0.00041k% + 0.031k 4+ 0.93  for sad speech (5.8)
0.00066k% — 0.029% + 1.1 for Lombard speech

The smoothed weighting factor of different stress classes are shown in Figure 5.9l The
multiplication of smoothed weighting factor with the SBFE of each frame of an utterance corre-

sponding to that stress, as given in Eq. B3] is expected to compensate the effect of stress from
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the SBFE better than without smoothed weighting factor.

5.2.4 Difference Energy of Subband

This study investigates the stress insensitiveness of difference energy to compensate the effect
of stress from the subbands. Figure shows that the lower subbands i.e. up to 12 subbands,
the difference energy under stressed conditions varies considerably from the difference energy
under neutral condition, whereas for higher subbands (i.e. the last 10 subbands), the difference
energy is approximately same for all stressed conditions. In order to compensate the variation
in energy across 1% and 2"¢ formants, the difference energy knowledge is used as a mapping
function for SBE of the stressed speech to SBE of the neutral speech. A recursive approach
is proposed to map the SBE of the stressed speech to SBE of the neutral speech. Figure
shows that the mean energy of 15 subband is approximately same for all stressed conditions.
Therefore, the mean energy of 1% subband of a stressed condition is considered for initialization
of modified mean energy of 1% subband. The initialization of recursive approach is given in
Eq. From difference energy analysis, as described in Section 5.1.2] it is observed that the
energy of higher subbands are effected due to migration of spectral energy from 1%¢ formant
to 2" formant regions. In order to compensate the effect of stress from these regions, the
mean values of other subbands are recursively modified as given in Eq. 510l In this recursive
approach, the difference energy of neutral speech is used to transform the mean energy of k'
subband of the stressed speech. The objective of the transformation is to make the transformed
mean energy of subbands of stressed speech equal to the mean energy of subbands of neutral

speech. The weighting factors of subbands are then estimated in Eq. 5111

(i) Initialization

(1) = pE () (5.9)

(ii) Recursive

figg (k) = AEN(k — 1) + oy (k — 1) 2< k<24 (5.10)
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(ili) Weighting factor
i (k)
WX (k) = 1<k<24 (5.11)
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Figure 5.10: Weighting factor of difference energy based compensation technique for different stress
classes

Here, fiX (k) is the compensated mean energy of k' subband for stressed speech, and ux (k)
is the mean energy of k' subbands for stressed speech. AEN (k) is the difference energy of
k' subband for neutral speech. The weighting factors of angry, sad and Lombard classes are
shown in Fig 5100 By comparing Figure 510l and Figure B.7] it can be observed that the
variation pattern of difference energy based weighting factor is approximately same as the
variation pattern of weighted mean based weighting factor. This study infers that the mean of
subband under stressed condition is approximately neutral after transformation of SBFE using
difference energy approach. Previous analyses (Section [5.]) show that the effect of stress is
less in lower subbands, due to which, the difference energy based weighting factor gives weight

approximately close to one for those subbands.
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5.3 Evaluation of Proposed Stress Compensation Tech-
niques

The proposed stress compensation techniques is expected to remove the effect of stress from
subbands. In order to investigate this assumption, distance between compensated stressed
feature and the neutral feature is computed. In this study, the distance between compensated
stressed feature and neutral feature is measured in spectral domain. The effectiveness of these
proposed stress compensation techniques are evaluated by performing comparison among all

proposed stress compensation techniques.

5.3.1 Spectral Distance Measure

To evaluate the effectiveness of proposed compensation technique, the spectral distance between
SBE of stressed speech and SBE of neutral speech is measured and expression of spectral

distance is given in Eq. 512l [2]

d(ug (k), i (k) = |pg (k) — g (R)? (5.12)

Here, pX¥ (k) is the mean energy of k™ subbands for neutral speech, and ux (k) is the mean
energy of k' subbands for stressed speech. The subband energy is estimated from the speech
under stressed condition (including neutral condition) of 2"¢ session of database. Twenty four
subband energy values are computed for approximately 4000 utterances (approximately 50,000
frames) per stressed condition. The average energy of these frames for k' subband under
neutral and stressed conditions are uX (k) and ux (k), respectively. The weighting factors of
proposed compensation techniques, as described in Section (.21 are computed for angry, sad
and Lombard classes from 1% session of database. The multiplication of proposed weighting
factor (W;¥) with the SBE of each of the frames corresponding to that stress, as given in
Eq. B3] gives modified subband energy, EX (k). The average energy of these frames for k'
subband is jx (k). Similarly, i (k) is computed for each of the weighting factors that is W3X,
WX, and WZX. The spectral distance between pu3 (k) and p (k) is computed using Eq. and

the spectral distances of angry, sad and Lombard speech are shown in Figure B.I1l Similarly,
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the spectral distance between % (k),computed from each of the weighting factors, and pf (k)
is computed using Eq. .13l The spectral distances of angry, sad and Lombard speech are also
shown in Figure .11l Figure shows that the spectral distance is observed to be more at higher
subbands under stressed condition when no weighting factor is used. The higher distances at

higher subbands infers that the effect of stress is more at those subbands.

d(pg; (), fig (k) = | (k) — fug (K) [ (5.13)

Figure also shows that the modified subband energy, using weighted mean based compen-
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Figure 5.11: Spectral distances of different stressed speech from the neutral speech. (a) angry (b)
sad and (¢) Lombard speech

sation technique, gives approximately constant spectral distance across subbands for angry

and Lombard speech. This observation infers that after compensation, the effect of stress on
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SBE are removed effectively from higher subbands. However, the distances of lower subbands
are comparatively higher than that of without compensated SBE of speech. Alternatively,
the modified subband energy, using weighted variance based compensation technique, gives
more spectral distance across subbands as compared to SBFE without using any compensation
technique. This observation infers that the weighted variance based compensation technique
introduces distortion in the SBE after compensation. The modified subband energy, using
normalized divergence based compensation technique, follows similar trend as weighted mean
based compensation technique. For angry and sad speech, the distance of lower subbands of
this technique are comparatively higher than that of weighted mean based compensation. It
is also observed from the figure that difference energy based compensation technique follows
similar trend as weighted mean based compensation technique, but at reduced distance level.
This observation infers that the modified SBE using difference energy based compensation
technique is closer to the SBE of neutral speech rather than using the weighted mean based
compensation technique. From spectral distance based analysis, it can be concluded that the
insensitiveness towards the stress of difference energy, provides more useful information to the

compensator to remove stress information rather than other compensation technique.

5.4 Stressed Speech Recognition using Stress Compen-
sation Techniques

In this section, the effectiveness of proposed compensation techniques to remove stress informa-
tion from the subband is evaluated using speech recognition. The block diagram of proposed
stress compensation technique based speech recognition is shown in Figure 5.12] In this figure,
the subbands are computed in spectral energy reformation block. Based on statistical and dy-
namic analyses of subband, the spectral domain compensation techniques are proposed using
weighting factors. The objective of computing weighting factor is to emphasize or deempha-
size the energy of subband depending upon the level of stress on that subband. The modified
energy values are considered for DC'T' computation to compute modified cepstral coefficients.

The modified cepstral coefficients are tested by considering H M M based speech recognizer,
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as described in Section 3.3 The performances of compensation techniques are evaluated by
extracting the cepstral coefficients from the compensated SBFE. The modified cepstral feature
is compared with the M F'CC feature. As described in Section [3.3] the recognition performance

of stressed speech using M FCC' as a feature is considered as baseline performance.

Stressed Sgectral %pecn‘.al .
Speech nergy omain
Estimation Compensation

|

HMM Based
Word
Recognizer

Recognized
Word

Figure 5.12: Block diagram of proposed compensation technique based stressed speech recognition

5.4.1 Ideal Stress Classifier

In this subsection, it is assumed that the ideal stress classifier is available to the recognizer
during testing i.e. the prior knowledge of stress is given to the recognizer. The recognition
performances of modified cepstral feature using proposed compensation techniques are tabu-
lated in Table 5.1l The performances of cepstral feature, extracted using proposed weighted
mean based compensation technique, under different stressed conditions are tabulated in the
37 row of Table 5.1l The recognition performances of angry and Lombard speech are observed

) 4 ivel hich 11.1 10. high ively th
TH-lBZSj@?ETO%%?S% and 66.45%, respectively, which are % and 10.76% higher, respectively than
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the baseline recognition performance. On the other hand, the recognition performance for sad
speech is observed to be 58.34%, which is 1.55% less than the baseline performance. The aver-
age recognition performance of weighted mean based cepstral feature improves by 5.07% from

the baseline performance.

Table 5.1: Performances of proposed stress compensation techniques based stressed speech recogni-
tion (in%)

Neutral | Angry | Sad | Lombard | Avg. Perform
Baseline performance 81.13 | 42.58 | 59.89 55.69 59.82
Weighted mean - 53.68 | 58.34 66.45 64.89
weighted variance - 40.71 | 60.57 53.68 59.08
Normalized divergence - 34.78 | 29.58 36.72 45.54
Smoothed weighting factor - 53.25 | 53.76 64.66 63.19
difference energy weighting factor - 53.85 | 59.24 67.05 65.31

Similar to the weighted mean based compensation technique, the recognition performances
of weighted variance based cepstral feature under different stressed conditions are given in 4%
row of Table 5.1l The recognition performance of this feature degrades from the baseline per-
formance. From Figure [5.3] it can be seen that the variance of stressed speech does not change
for most of the subbands. Due to this, the feature may lose the speech specific information
and hence, the performance degrades from the baseline recognizer. The normalized divergence
based compensation technique is also evaluated for stressed speech recognition. The recognition
performance of weighting factor, given in Eq. 5.7, based compensation technique, for different
stressed conditions and their recognition performances are tabulated in 5 row of Table B.11
The recognition performance of this feature drastically degrades from the baseline feature. The
recognition performance of smoothed weighting factor, given in Eq. 5.8 based compensation
technique, for different stressed conditions are tabulated in 6" row of Table[[.1 The smoothed
weighting factor based compensation technique shows improvement in the recognition perfor-
mance. The recognition performances of angry and Lombard speech are observed to be 53.25%
and 64.66%, respectively, which are 10.67% and 8.97% higher, respectively than the baseline

refgﬁli%tégli Og%rf&%?nce. On the other hand, the recognition performance for sad speech is
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observed to be 53.76%, which is 6.13% less than the baseline performance. The average per-
formance of normalized divergence based cepstral feature improves 3.37% from the baseline
performance. This result infers that due to the sudden variation in the weighting factor, as
described in Subsection (£.2.3] the modified cepstral coefficients get distorted. As a result, the
recognition performance degrades. On the other hand, after smoothing the weighting factors
using quadratic polynomial, the discontinuity is smoothed out and recognition performance
improves. From these results, it is also inferred that the subband energy contains dynamic
information, which gets distorted when without smoothed normalized divergence based weight-
ing factor is used. The recognition performance of modified cepstral feature, using difference
energy based compensation technique, for different stressed conditions are given in 7" row
of Table Bl The performances of angry and Lombard speech are observed to be 53.85%
and 67.05%, respectively, which are 11.27% and 11.36% higher, respectively than the baseline
recognition performance. On the other hand, the the performance for sad speech is observed
to be 59.24%, which is 0.65% less than the baseline performance. The average performance of
difference energy based compensation technique based cepstral feature improves by 5.49% from
the baseline performance.

From these results, it is observed that the performances of proposed compensation tech-
niques improve from the baseline system. However, their performances still are not at par
with the recognition performance of neutral speech. To understand the behavior of SBE after
compensation, the spectral distance of SBE is considered, which is described in Section [(£.3.1]
The spectral distance of compensated SBE of stressed speech and SBFE of neutral speech are
shown in Figure 5. 11l From this figure, it can be observed that the spectral distance is more
at higher subbands for no compensation was done. The weighted mean based compensation
technique gives approximately uniform spectral distance across subbands. After compensation,
the effect of stress are reduced effectively at higher subbands. On the other hand, for all the
stressed conditions, the spectral distances for lower subbands are comparatively higher than
those without compensation. The spectral distortion of lower subbands may restrict further

improvement in the recognition performance. The same observation is observed in normal-
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ized divergence based compensation technique. The distance of lower subbands of normalized
divergence based compensation are comparatively higher than the weighted mean based com-
pensation. The performance of this technique is not at par with weighted mean based compen-
sation technique. On the other hand, difference energy based compensation technique follows
approximately the same trend as weighted mean based compensation technique. Therefore,
difference energy based compensation technique gives comparatively higher performance than

other compensation techniques.

5.4.2 Proposed Stress Classification Technique

Previous subsection evaluated the speech recognition using proposed stress compensation tech-
niques. This compensation technique based speech recognition system assumes to have prior
knowledge of stress class. However, the stress information is not known to the recognizer in a
practical scenario. In this subsection, the proposed stress classification techniques, as discussed
in Chapter [l is considered as a pre-processor for speech recognition. In this study, the word
model is developed using neutral speech and during testing, stress classifier identifies the stress
class. The proposed weighting factor corresponding to the identified stress class is used to
compensate the effect of stress from the subbands and modified subbands are used for cepstral
computation. The modified cepstral feature are then used for recognition of speech.

In Section[4.3] it is observed that the performance of rank level combination of RF D feature,
extracted from the L P and log smoothed spectra, with M F'C'C' feature gives better performance
than their individual feature performances. Therefore, in this section, the performance of stress
compensation techniques are evaluated only for rank level combination based stress classifier.
From Subsection 5.4.7], it is observed that weighted mean, normalized divergence and difference
energy based compensation techniques perform better than other compensation techniques.
Hence, the performances of these techniques are evaluated using proposed stress classifier. The
recognition performance of stress directed compensation based speech recognition is tabulated
in Table 5.2l Table shows that the performances of weighted mean, normalized divergence and

difference energy based compensation techniques are 64.89%, 63.19%, and 65.31%, respectively
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Table 5.2: Performance of stress directed stress compensation based speech recognition

Neutral | Angry | Sad | Lombard Average
performance
Neutral Trained 81.10 | 42.58 | 59.89 | 55.69 59.82
Ideal stress classification system
Weighted mean - 53.68 | 58.34 66.45 64.89
Normalized divergence - 53.25 | 53.76 64.66 63.19
difference energy based weighting - 53.85 | 59.24 67.05 65.31
RFD(LPC)-MFCC feature for stress classification
Weighted mean 75.03 | 52.10 | 58.61 64.30 62.51
Normalized divergence 74.81 | 49.50 | b7.77 62.37 61.11
difference energy based weighting | 76.49 | 51.95 | 59.48 64.90 63.20
RFD(Log)-MFCC feature for stress classification
Weighting mean 75.23 | 52.11 | 58.43 65.05 62.63
Normalized divergence 74.94 | 49.46 | 57.07 63.07 61.14
difference energy based weighting | 76.73 | 52.11 | 58.87 65.63 63.34

for ideal stress classification system. The performances of these techniques are reduced to
62.51%, 61.11% and 63.31%, respectively for RF D(LP) — MFCC based stress classification.
Similar observations are observed for RF D(Log) — M FCC stress classification. Table €3] shows
that the average stress classification rate of proposed rank level combination techniques, that
is, RFD(LP) — MFCC and RFD(Log) — MFCC are 57.37% and 59.53%, respectively. This
study shows that the rank level combination techniques, RFD(LP)—MFCC and RF D(Log)—
MFCC, fails 42.63% and 40.47% of the times, respectively to classify the stress class in the
utterance. The multiplication of subband energy with weighting factor corresponding to the

miss identified stress class produces incorrect compensation.

5.5 Summary

This chapter investigates that the effect of stress on subband energy of the speech signal. Sta-
tistical based analysis namely, mean, variance and divergence of SBE under different stressed
conditions are considered. From these analyses, it is observed that the statistical character-
istics such as mean and KL-divergence of SBE of the stressed speech vary from the neutral
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speech. Alternatively, difference energy across subbands shows invariance nature for the stress.
These knowledge have been further explored to compensate the effect of the stress and the
modified feature is used for stressed speech recognition. The weighted mean based compensa-
tion technique provides good improvement in the performance. From the KL-divergence based
study, it is found that the discontinuity in weighting factor introduces distortion in the cepstral
features. This observation reveals that dynamic information across the subband is present,
which gets distorted by the normalized weighting factor. In order to investigate the dynamic
information of subbands, difference energy based compensation technique has been proposed
for stressed speech recognition. The difference energy based compensation technique provides
better recognition performance than the weighted mean based compensation technique. From
the difference energy analysis, it is also observed that the difference energy is more robust for
the stressed condition as compared to subband energy. The speech recognition performance
using proposed rank level combination based stress classifiers shows that the performance of

stress compensation depends on the classification rate of stress classifier.
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6. Stress Analysis using Subspace Projection

It was observed in Chapter Bl that the migration of spectral energy effects subband energy of the
stressed speech. The cepstral coefficients estimated from these subbands varied from cepstral
coefficients of the neutral speech, due to which, the performance of speech recognition degraded.
In the previous chapter, four stress compensation techniques are proposed to remove the stress
from the subbands. However, all these techniques require additional knowledge of stress class.
The focus of the present chapter is to develop a stress classifier which does not require explicit
knowledge of stress class. Several stress compensation techniques have been proposed to remove
the additional stress component present in the speech signal [1112], [59]. In all these studies, the
stress component was assumed as deterministic and additive at different levels of speech events,
such as a broad phoneme [12] and at a word levels [11]. To eliminate this stress component,
adaptive cepstral mean normalization (CMN) technique was proposed at the word and the
broad phoneme levels [11,[12]. Afify et al. [59], assumed stress component as the additive
random bias at the state level in continuous hidden Markov model (CDHM M) framework.
In addition, the speech and the stress components were assumed statistically independent.
Maximum likelihood state based additive bias model compensation technique was proposed to
eliminate the additive random bias. From these studies, it can be observed that the separation
of stress information from the speech signal at the feature level and the model level provided
improvement in the speech recognition performance.

A subspace decomposition technique was proposed for separation of speech from the noisy
speech signal [99]. This technique was proposed for the additive noise [99] [100], coloured
noise [101] and speech enhancement for speech recognition [I02]. In this technique, eigenvalue
decomposition (E'V D) and singular value decomposition (SV D) of the covariance matrices were
used. Subspace projection technique was also proposed to increase the discrimination between
the words [I03]. In this study, subspace projection was achieved by divergence measure. These
studies revealed that subspace projection technique has ability to separate the speech from the
noisy speech [99] [I01] and provide discrimination among words [103]. Similar to noisy speech
signal, the stressed speech signal contains both speech and stress information. Literature showed

that the performance of the speech recognition system can be improved if the stress information
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is separated from the speech signal [11], [12], [59]. Several works have been reported for removal
of stress from the speech signal at the feature level [I1], [I2] and the model level [59]. However,
the effectiveness of subspace projection for separation of stress from the speech signal has
not been analyzed. An analysis of stressed speech signal in this direction may help improve
the performance of speech recognition system. In this work, subspace projection approach is
proposed for analysis of stressed speech signal. Orthogonality relation is assumed to separate
the speech and the stress information from the stressed speech signal.

The principle of subspace projection based approach is described in Section [6.Il The or-
thogonal relation between speech and stress information is verified in Section[6.21 The proposed
subspace projection based speech recognition is described in Section The proposed tech-
nique for speech recognition application is evaluated in Section Section describes the

summary of the chapter.

6.1 Subspace Projection of Stressed Speech

This section presents the proposed subspace projection based approach to separate speech and
stress information. This method assumes a linear model of neutral speech vector of dimension

M where the neutral speech vector (s) can be represented as

M
s = Zwmvm (6.1)
m=1

where, w = (wy, wa, ..., wyr) are weights and V = [vq, vy, ..., vy are M basis vectors [99].
Each basis is a K dimensional vector. The set of neutral speech vectors {s} can be assumed in
a subspace of RM spanned by the column of V. This subspace is referred to as Neutral Speech
Subspace. The vectors of this subspace are assumed to contain speech (semantic) information.

The covariance matrix of the neutral speech vector s is given as
C,=E{ss’} =VC, V" (6.2)

where, C,, denotes the covariance matrix of vector w. If the number of basis vectors is smaller

han the dimension of the basis vector, the covariance matrix of speech vector, C, contains

t
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K — M zero eigenvectors. Under stressed condition, the speech vector contains additional stress
information. This vector can be termed as stressed speech vector. The stressed speech vector (y)
can be represented as a function (f) of speech (s) and stress (x) information. Mathematically,
this can be written as y = f(s,x). The set of stressed speech vectors {y} spans the stressed
speech subspace. The covariance matrix of y can be considered as summation of covariance
matrix of speech and covariance matrix of stress, if stress is assumed additive and orthogonal

with the speech component in stressed speech vector [99]. It can be represented as
C,=E{yy’'} =C,+C, (6.3)

where, C, is the covariance matrix of stress component x. The covariance matrix of stressed
speech vector may also contain K — M eigenvectors. These eigenvectors may contain stress in-
formation. Eigenvalue decomposition (EV D) can decompose the stress and speech components
from C, as given in

C, =UA,U" (6.4)

where, U = [uy,...,u;] denotes the orthogonal matrix of eigenvectors of C, and A, =
diag(Ay(1), ..., Ay(k)) denotes the diagonal matrix of eigenvalues of C,. The subspace based
methods are based on partitioning of the eigenvectors into a set belonging to the speech sub-
space, spanned by the columns of U and an orthogonal complement known as the stress sub-
space. This type of approach is normally used for noise filtration [99]. EV D can decompose
the speech and stress subspaces more reliably when the covariance matrix (C,) of stress x is
known. However, in the present case the stress information is not known, and therefore, the
reliable decomposition of speech and stress subspace using this approach is not possible. In the
present study, speech and stress components are assumed as orthogonal. To separate the stress
and speech components from the stressed speech vector, subspace projection based approach
is proposed [104]. In the present work, the geometrical properties of matrix-valued statistic is
exploited to estimate speech and stress components from stressed speech vector. All vectors
of neutral speech subspace of RM are represented by a set of representative vectors termed as

codevectors. The codevectors A = {aj,as,...,ay} are the mean vectors. The codevectors of
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6.1 Subspace Projection of Stressed Speech

neutral speech subspace are linear combinations of speech vectors, which are spanned by the
column of V. Therefore, these vectors lie in the subspace of R”.

The subspace projection based analysis is shown in Figure Figure shows that the
stressed speech vector,y, deviates from the neutral speech subspace, {a,}. In this study, this
deviation is assumed due to the stress present in the signal. Let, P, be the projection matrix

required to project a vector onto {a,}. P, is given as

2V
(=

Figure 6.1: Subspace projection based analysis.

a,al

The multiplication of {P,} with y produces projection of y onto {a,}, which can be repre-
sented as p = {P,y} where, p is the component of y in the neutral speech subspace as shown
in Figure The set of projections of stressed speech vector, y, onto the set of codevec-
tors {a,}, 1 < n < N, can be seen as projection of y onto neutral speech subspace. These
components contain speech specific information of stressed speech vector. The error between
y and {P,y} is orthogonal to the neutral speech subspace as shown in Figure In other
word, the error between these two vectors represents the projection of y onto the orthogonal
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subspace. The orthogonal vector can be represented as e = {(y — P,y)}. Due to orthogonal
assumption between speech and stress information, the orthogonal vectors will contain stress
specific information of the stressed speech vector.

The projection of y onto the set of {a,,}, 1 <n < N produces N projected vectors in neutral
speech subspace and corresponding N orthogonal vectors in the orthogonal subspace. The
stressed speech subspace can be decomposed into the speech (S) and the stress (X) subspaces.
In this work, the stress vector x is decided by the orthogonal vector which has minimum length,
as given in Eq. and Eq. The projected vector corresponding to that orthogonal vector

is considered as speech vector as given in Eq6.8

i = argmin((y — Pry)"(y — Pry)) (6.6)
x=(y - Py) (6.7
s=P,y (6.8)

6.2 Analysis of Speech and Stress Subspaces

The decomposition of stressed speech vector onto the speech and stress vectors is performed
under the assumption that the stress information is orthogonal to the speech information.
According to this assumption, the speech information should be present in the speech subspace,
and the stress subspace should contain the stress information. The speech information in the
stress subspace should be negligible and similarly stress information should be negligible in the
speech subspace. This section verifies this assumption experimentally by using speech and stress
recognition techniques. The underlying principle of this study is to investigate how effectively
the stress and the speech information are separated.

In this work, M FC'C feature of the speech signal under stressed condition is represented as
stressed speech vector. An angry speech vector of 20 msec segment of vowel /a/ is considered
to demonstrate speech and stress vectors of the angry speech vector. The codevectors of vowel

/a/ are developed by quantizing approximately 5000 frames of vowel /a/ from the neutral
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speech. These codevectors, {a,} are linear combination of neutral speech vectors of vowel /a/.
Therefore, these vectors lies in the subspace of R and this subspace can be called as neutral
speech subspace. In this work, 32 codevectors are developed using V@ technique [70]. The
projection of angry speech vector onto the neutral speech subspace, {a,}, 1 < n < 32 produces
32 projected vectors and corresponding 32 orthogonal vectors, as described in Section [6.1l The
stress vector is considered as that orthogonal vector, which has minimum length among 32
orthogonal vectors. The projected vector corresponding to that stress vector is considered
as a speech vector. The angry speech vector and its estimated speech and stress vectors are
shown in Figure [6.2] In this figure, neutral speech vector is shown as that vector among the
32 neutral speech vectors where stress vector has minimum length. Figure shows that the

variation pattern of estimated speech vector of the angry speech vector is approximately the
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Figure 6.2: Analysis of speech and stress vectors of the angry speech vector

same as the neutral speech vector. This observation infers that the speech vector can capture
the properties of neutral speech vector. On the other hand, the stress vector is the difference
between the stressed speech vector and the speech vector. Therefore, it contains stress specific
information. This section investigates the speech and stress information in speech and stress

subspaces under the following two assumptions.

TH-13 25_07(23)1 &%}fn word and speaker information are present during projection which is speaker de-
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pendent projection.

(ii)) When word and speaker information are not present during projection which is speaker

independent projection.

6.2.1 Speaker Dependent Projection

This subsection investigates speech and stress information in the speech and stress vectors
under the assumption that the word and the speaker information are present during projection.
To evaluate the speech and stress information, speech and stress recognizers are considered.
The speech signal is segmented into a number of frames with the length of 160 samples and
frame rate of 80 samples. M FC'C features of each of the frames of an utterance is considered as
vectors of that utterance. A dataset of 30 word vocabulary is considered under neutral, angry,
sad and Lombard conditions from four speakers (two males and two females) for this analysis.
In this chapter, training is done using 1%¢ session of database and testing is always performed

on 2™ gession of database.
6.2.1.1 Analysis of Speech Information

In order to provide speaker information during projection, speaker dependent neutral speech
subspace is developed. The neutral speech subspace of a word is developed by considering all
the utterances of that word taken from a single speaker. The neutral speech subspace of a
word contains 32 vectors. The projections of stressed speech vectors, {y} of a given word onto
the neutral speech subspace corresponding to that word form a set of speech vectors, {s} using
Eql6.8 and set of stress vectors, {x} using Eq6.7l The same procedure is repeated for all the
utterances present in the dataset for that speaker.

To evaluate the speech information in the speech and stress vectors, a speaker dependent
H M M based speech recognizer is developed. The speaker dependent word model is developed
using ten states and left to right transition. Each state has two mixture components. During
recognition, the performances of stressed speech vectors {y} and corresponding speech vectors,

{s} and stress vectors, {x} are computed. The recognition performances of speech and stress
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vectors under different stressed conditions are investigated for two male and two female speakers.

The recognition performances of these vectors for four speakers are shown in Figure[6.3l Figure
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Figure 6.3: Performance of speech recognition of four speakers, (a) and (b) two female speakers,
and (c)and (d) two male speakers

shows that the recognition performances of speech vectors, {s} under stressed conditions are
higher than their stressed speech vectors, {y}. The speech vector lies in the neutral speech
subspace, and hence, it contains speech specific information. Alternatively, the recognition
performances of stress vectors, {x} under stressed conditions are reduced significantly from that
of stressed speech vectors, {y}. From Figure[6.2 it can be observed that the dynamic range of
stress vector is comparatively low from the neutral speech vectors. Therefore, the variation in
dynamic range of stress vector may not give a fair comparison of the performances of {x} and

{s}. Hence, the speaker dependent speech recognizer is developed using stress vectors {x} and
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the recognizer is also tested with stress vectors, {x}. The recognition performances of stress
vectors, {x} of four speakers are also shown in Figure [6.3] Figures show that under stressed
condition, the recognition performance of stress vectors, {x} is still less than those of stressed
speech vectors, {y} and speech vectors, {s}. These observations are observed to be same for

all speakers. This result infers that the speech information in the stress subspace is negligible.

6.2.1.2 Analysis of Stress Information
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Figure 6.4: Classification rate of stress classifier of four speakers, (a) and (b) two female speakers,
and (c)and (d) two male speakers

This subsection quantifies the level of stress in the speech and the stress subspaces using
speaker dependent stress classifier. Stress classifiers are developed using H M M technique. The

st];ﬁ§f§2%)_e(§z;/:léll\6ezc(‘)c§rs, {y} of all 30 words taken from a speaker are considered to model stress.

126



6.2 Analysis of Speech and Stress Subspaces

The stress model is developed using sixteen states and left to right transition with two mixture
components per state. During testing, stressed speech vectors, {y} and their speech vectors,
{s} and stress vectors, {x} of that speaker are tested under different stressed conditions. The
classification rates of these vectors for four speakers are shown in Figure From this figure,
it can be observed that the classification rate of speech vector, {s} for angry, sad and Lombard
conditions are reduced from that of {y}. This observation infers that the speech vectors do not
contain stress specific information. On the other hand, the classification rates of {x} degrade
for angry, sad and Lombard conditions. The degradation in the classification rate of {x} may
be due to the variation in dynamic range of stress vector as discussed in Subsection
Thus, the stress classifier is trained with stress vectors, {x} for a speaker and tested with stress
vectors, {x} of that speaker under different stressed conditions. The classification rates of {x}
of four speakers under different stressed conditions are shown in Figure [6.4l From the figures,
it can be observed that the classification rates of stress vectors for angry, sad and Lombard
stress classes are higher than that of speech vectors, {s}. Also, the classification rate of stress
vector, {x} for these stress classes are approximately same as that of stressed speech vectors,
{y}. This observation infers that {x} contains approximately the same stress information as
stressed speech vector contained.

From Figure and [6.4] it can be observed that the speech vectors contain speech information,
and the stress information is approximately negligible in speech vectors. On the other hand,
stress vectors contain stress information and the speech information is approximately negligible
in stress vectors. This analysis infers that speech and stress subspaces obey orthogonality

assumption.

6.2.2 Speaker Independent Projection

Previous subsection concluded that the speech and stress information are present in their re-
spective subspaces, when the word and the speaker information are present during projection.
In the practical scenario, the word and the speaker information are neither present during

the projection nor to the recognizer. Therefore, this subsection investigates speech and stress
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information in the speech and the stress vectors, when prior knowledge of word and speaker
are not present during the projection as well as during the recognition. To evaluate speech
information, speaker independent speech recognizer is considered. In this study, a dataset of
119 words vocabulary under neutral, angry, sad and Lombard conditions from fifteen speakers

is considered.
6.2.2.1 Analysis of Speech Information

The projection of stressed speech vectors, {y} of an utterance onto the neutral speech subspace
corresponding to a word form a set of speech vectors, {s} using Eql6.8 and a set of stress vectors,
{x} using Eql6.7 of that stressed speech vectors. These sets of speech and stress vectors span
the speech subspace, (S) and stress subspace, (X), respectively. In speech recognition task,
119 words, present in the database, can be assumed to form neutral speech subspaces {A,},
1 < w < 119 which are subspaces of RY. Thus, the projections of stressed speech vectors, {y}
onto the neutral speech subspaces, {A,,} corresponding to 119 words form 119 speech subspaces,
{S,} and corresponding stress subspaces, {X,}. The stress subspace which has minimum
average length among 119 stress subspaces is considered as stress subspace corresponding to
that stressed speech vectors, {y}. The speech subspace corresponding to this stress subspace
is considered as speech subspace. The estimated speech and stress vectors which span to their
respective subspaces are considered as speech and stress vectors of that stressed speech vectors.
This analysis can also be seen as the speech subspace can be decided by that stress subspace
which has minimum stress length. This study shows that the minimum stress length criterion
has ability to decide the speech information in speech vectors [I05]. In order to verify, how
reliably this criterion measures the speech information in speech vector, {s}, a V@ based speech
recognizer is developed. In this study, the word model is considered with the neutral speech
subspace of that word. The neutral speech subspace of a word is developed by considering
approximately 40 utterance of that words taken from the fifteen speakers. Similarly, 119 neutral
speech subspaces are developed using neutral speech taken from 119 words. The neutral speech

subspace of a word contains 32 vectors. The speech information of given stressed speech vectors
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are decided by that speech subspace which has minimum stress length. The performances of
speech recognition using minimum stress length criterion under different stressed conditions
are listed in Table The performance of this criterion is compared with the Fuclidean
distance based speech recognition [106]. The Euclidean distance measures the length from {y}
to A. From the table, it can be observed that the recognition performance using minimum
stress length criterion are higher than that of Euclidean distance for stressed conditions. This
observation infers that the minimum stress length criterion has ability to decide the speech
vector for stressed speech vectors.

Table 6.1: Performance of speech recognition using different distance measures under stressed
condition

Euclidean | Minimum stress
distance length
Neutral 44 .36 56.27
Angry 20.51 28.08
Sad 34.06 37.23
Lombard 29.73 34.22
Avg.Perform 32.16 38.95

In order to investigate the speech information in speech vectors, {s} decided by the minimum
stress length criterion, speech recognition performance is evaluated using these speech vectors.
In this study, the speech specific information in speech and stress vectors are investigated under
different stressed conditions using speaker independent speech recognizer. During training,
neutral speech is used to develop model for different words. In this work, the performances
of these vectors are evaluated using V@ and HMM classifiers. For V@ classifier, 32 size of
codebook is developed for a word. In H M M, the word model is developed using ten states, left
to right transition and two mixture components per state. In this study, stressed speech vectors,
{y} and corresponding estimated speech vectors, {s} and stress vectors, {x} are computed only
for those utterances which are correctly recognized by the minimum stress length criterion given
in Table [6.Il The recognition performances of these vectors using HM M and V(@ classifiers

TH-1325 86?6%38{31 in Figure [6.5l Figure shows that the recognition performance of speech vectors,
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Figure 6.5: Performance of speech recognition using different models, (a) HM M model, and (b)
V() model

{s} under stressed conditions are higher than their stressed speech vectors {y}. Alternatively,
the recognition performances of stress vectors, {x} under stressed conditions are significantly

reduced from that of {y}. These observations are similar for both the classifiers.

6.2.2.2 Analysis of Stress Information

This section quantifies the level of stress present in speech and stress vectors by using stress
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Figure 6.6: Performance of stress classification using different models, (a) HM M model and (b)
V@ model

classifier. The stress classifiers are developed using V@) and HM M techniques. The stressed

Splﬁglglil35?_t8$%’lé¥830f all the words from all the speakers are considered to model the stress.
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For V() classifier, 1024 size codebook is developed for a stress class. In HM M, the stress model
is developed using sixteen states, left to right transition and two mixture components per state.
During the testing, stressed speech vectors, {y} and their speech vectors, {s} and stress vectors,
{x} are tested for those utterances which are correctly identified by the minimum stress length
criterion. The classification rates of these vectors for different stress classes using HM M and
V@ classifiers are shown in Figure From the figures, it is observed that the classification
rates of speech vector, {s} for angry, sad and Lombard classes are less than that of {y}. From
Figure [6.6](a), it is observed that the classification rates of stress vectors for angry, Lombard
classes are higher than that of speech vectors, {s}. The classification rate of stress vectors for
sad class is approximately the same as that of speech vectors, {s}. On the other hand, from
Figure[6.0l(b), it is observed that the classification rates of stress vectors for angry and Lombard
classes are less than that of speech vectors, {s}. The classification rate of stress vectors for
sad class is higher than that of speech vectors, {s}. These observations infer that the stress

information is present in the stress vectors which is identified by one of the stress classifiers.

6.3 Subspace Projection Approach Based Stressed Speech
Recognition

Section [6.2] concluded that the speech and stress specific information are present in their respec-
tive subspaces. Orthogonal assumption are first verified under the assumption that the word
and speaker information are present during projection, as described in the Subsection
Secondly, the speech and stress information are verified in their respective subspaces only for
those utterances, which are correctly recognized by the minimum stress length criteria, as de-
scribed in the Subsection However, in real scenario, neither the word nor the speaker
information is presented to the recognizer. Hence, in this section, the estimated speech and
stress vectors, as described in the Subsection [6.2.2] are used for speech recognition purpose
to verify their respective information. The block diagram of speech recognition system using
subspace projection based approach is shown in Figure The speech and stress vectors

are first separated from the stressed speech vectors using subspace projection based approach,
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6. Stress Analysis using Subspace Projection

as given in Eq. and Eq. 6.7 The estimated speech and stress vectors are then used for

speech recognition. The estimated speech vectors based speech recognition requires two stages

O

HMM Based .
. Strhes‘(STed Orthogonal Wort?se Recognized
peech Veclor| - pyeomposition : Word
Stress Recognizer

Compensation

—

Figure 6.7: Block diagram of subspace projection based speech recognition

of recognition. The first stage estimates the speech vectors from the stressed speech vectors
using minimum stress length criterion, as described in Section In the second stage,
the estimated speech vectors are used for speech recognition. Next, the stress information in
estimated stress vector is verified by developing a stress compensation technique. In this tech-
nique, the estimated stress vectors are used to remove the effect of stress from the stressed
speech vectors. The estimated stress vector contains stress information of that stressed speech
vector. Therefore, the modified speech vectors of an utterance is computed by subtracting the
average of estimated stress vectors of that utterance {x} from the stressed speech vectors {y}

given as
y=y-— Mx (69)

where, y is the modified speech vectors. The modified speech vectors are then used for speech

recognition.
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6.3 Subspace Projection Approach Based Stressed Speech Recognition

6.3.1 Error Characteristics of Speech Verification Using Subspace

Projection Approach

The effectiveness of proposed speech and stress vectors based speech recognitions is evaluated
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Figure 6.8: DFET curves of speech and modified speech vectors based verification system for different
stressed speech, (a) neutral, (b) angry , (c) sad, and (d) Lombard

using detection error trade-off (DET) curve. In this study, speech recognition is viewed as a
verification task. A subset of 30 words vocabulary from fifteen speakers is considered for this
analysis. In this study, the stressed speech vectors based verification system is considered as
baseline. The word model is developed using neutral speech with ten states and left to right
model. Each state has two mixture components. For testing, 1500 utterances are considered
from each stress class. The genuine score can be considered as a likelihood value of a given

word tested with given word model. Imposter scores can be considered as likelihood values
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6. Stress Analysis using Subspace Projection

of a given word tested with other word models. Therefore, in this study, genuine scores are
1500 x 1 and imposter scores are 1500 x 29 for a given stressed condition. Similarly, the
genuine and the imposter scores are computed for estimated speech and stress vectors. The
estimated speech vectors based speech recognition is termed as speech vector based verification
system and the speech recognition using modified speech vector, as given in Eq. [6.9] is termed
as modified speech vector based verification system. The DFET curves of speech subspace
based verification under different stressed conditions are shown in Figure [6.8 From these
figures, it is observed that the error rates of speech subspace based technique are significantly
higher than error rates of baseline for all stressed conditions. Section described that
the minimum stress length criterion decides the speech vectors, {s} of stressed speech vectors,
{y}. Thus, any misidentification of this criterion forms incorrect speech subspace that may
increase the error rate of this approach. This study infers that the speech subspace based
verification requires explicit knowledge of word during projection. Therefore, this approach
may not be an appropriate strategy for speech recognition. The DET curve of stress subspace
based verification system is also evaluated for different stressed conditions and they are also
shown in Figure [6.8 From these figures, it is observed that the error rates of stress subspace
are lower than that of baseline for all stressed conditions. This observation infers that the stress
vectors based compensation technique mainly eliminates stress biasing from the stressed speech

vectors, and thus, this approach can be useful for speech recognition application.

6.3.2 Performance of Stressed Speech Recognition Using Subspace
Projection Approach

In this section, the performance of speech recognition using subspace projection approach is

evaluated. In subspace projection approach, the performance of the speech vector and modified

speech vector based speech recognition are evaluated. The performances of speech and modified

speech vectors based recognitions are tabulated in Table with the name as speech vector

and modified speech vector, respectively. The performances of these approaches are compared

with the recognition performance of the M FCC' feature. Here, the recognition performance of
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6.3 Subspace Projection Approach Based Stressed Speech Recognition

the M FCC feature is considered as baseline performance. Table shows that, the recognition
performance of the M FCC feature under neutral condition is 81.10%, whereas the average
recognition performance of this feature under different stressed conditions is reduced to 59.82%.
This result infers that the performance of the system degrades significantly under the stressed

condition. The performance of speech vector based speech recognition reduces significantly

Table 6.2: Performance of subspace projection based speech recognition under stressed conditions

Baseline | Speech Modified
vector | speech vector
Neutral 81.10 61.77 80.96
Angry 42.58 30.37 44.05
Sad 59.89 43.09 63.91
Lombard 55.69 39.10 56.49
Average 59.82 43.58 61.35
Performance

from that of baseline. The reduction in performance may be due to misidentification of {s}
from {y} as described in Section [6.3.1l The recognition performance of modified speech vector
for neutral speech slightly degrades, whereas the performances of other stressed conditions
improve from the baseline feature. Further, the recognition performance improves significantly
for sad speech. The recognition performances of this technique for angry, sad and Lombard
speech are observed to be 44.05%, 63.91% and 56.49%, respectively, which are 1.47%, 4.02% and
.8%, respectively, higher than those of baseline recognition performance. These results infer
that although, the estimated speech vector contains speech information, as described in the
Section [6.2] it depends on the identification rate of minimum stress length criterion. Therefore,
the estimated speech vectors may not give correct speech information in the practical scenario.
On the other hand, the estimated stress vector contains stress information, which is used to
remove from the stressed speech vectors during compensation and therefore, the performance

of speech recognizer using modified speech vectors is improved.
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6. Stress Analysis using Subspace Projection

6.4 Speech Recognition Under Stressed Condition

Previous chapters demonstrated analysis of stress at different levels, namely, spectrum, sub-
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Stress dependent. Word
classification word model
g
Stress R
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Speech .
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Extraction evaluation Word
N Stress
compensation [ |

Figure 6.9: Block diagram of stressed speech recognition.

band and cepstral levels. Also, different approaches are demonstrated to model these stress
information and used for speech recognition. This section presents the effectiveness of these
stress analyses by comparing their speech recognition performances. The block diagram of
speech recognition under stressed condition, based on our proposed analyses, is shown in Fig-
ure The blocks of this recognizer is already discussed in Chapter [I. Chapter dl shows effect
of stress on the spectrum of the speech. Relative formant peak displacement based feature is
proposed for characterization and classification of stressed speech. The effectiveness of proposed
stress classification system is evaluated for speech recognition by using stress dependent speech
recognizer and it is shown in Figure Chapter Bl shows the effect of stress on subbands. The
difference energy of subband is evaluated by developing stress compensation technique and the
effectiveness of this technique is then evaluated using speech recognition and it is shown in
Figure The present chapter investigates the effect of the stress in cepstral coefficients using

subspace projection based approach. The stress vector based compensation technique is also
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6.4 Speech Recognition Under Stressed Condition

shown in Figure This section compares the recognition performances of these techniques

Table 6.3: Performances of proposed techniques for stressed speech recognition

Baseline | Multistyle | RF'D(log) | Adaptive | Difference | Subspace

training -MFCC CMN energy | approach
Neutral 81.10 80.42 72.62 73.54 76.73 80.96
Angry 42.58 64.82 69.72 39.86 52.11 44.05
Sad 59.89 63.64 63.99 53.43 58.87 63.91
Lombard 55.69 75.14 75.19 52.14 65.63 56.49
Avg. Perform | 59.82 71.14 70.38 54.74 63.34 61.35

under different stressed conditions and their performances are compared with the two existing
techniques namely, multi-style training and adaptive cepstral mean normalization techniques.
The recognition performances of these techniques are tabulated in Table Different columns
indicate different features or techniques of speech recognition under stressed condition. The
multistyle training based approach is evaluated in Chapter B and the performance of this ap-
proach is tabulated in the 3" column of the Table The stress dependent M F'CC feature
based speech recognition evaluated in Chapter [4] and the performance of this technique is tabu-
lated in the 4 column of TableG.3las RED(Log)— M FCC. By comparing the performances of
multistyle training and RF D(log) — M FCC, it is observed that the recognition performance of
neutral speech using RF D(Log) — M FCC technique degrades from that of multistyle training.
On the other hand, the recognition performances of other stressed conditions improve from
those of multistyle training.

The adaptive mean cepstral compensation (C'MN) technique assumed stress component
additive to the speech component [IT]. The recognition performance of this approach is also
evaluated in Chapter [ using SUSSC database and tabulated in the 5 column of Table .3
The recognition performance of proposed DSBE based compensation technique based speech
recognizer tabulated in the 6" column of Table 5.3 The recognition performance of proposed
stress vector based compensation technique is tabulated in the 7** column of Table B3l It can

be observed from the table that the recognition performance of proposed stress vector based
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6. Stress Analysis using Subspace Projection

compensation technique gives better performance than that of adaptive C M N technique. This
observation infers that the estimation of stress, using orthogonal relation between speech and
stress is more reliable than additive relation. By comparing the recognition performances of
DS BE and stress vectors based compensation techniques, it can be observed that, the average
recognition performance of difference energy based approach is higher than that of stress vector
based compensation technique. Although, DSBE based approach gives improved performance
compared to stress subspace and baseline, it requires additional stress information. On the other
hand, stress subspace based compensation technique does not require neither stress information

nor the information of level of stress present in the utterance.

6.5 Summary

This chapter evaluated a subspace projection approach for speech recognition. In this study;,
the stress information is assumed orthogonal to the speech information. Subspace projection
approach is proposed to separate the stress and speech information from the stressed speech.
The speech and stress specific information are verified using speech and stress recognitions. The
speech and stress subspaces are further used for speech recognition purpose and the performance
of these approaches are compared with existing techniques. Results show that the proposed
stress subspace based compensation technique gives better performance compared to baseline
and adaptive CM N techniques. On the other hand, speech subspace based approach does not
perform effectively for speech recognition. Although, the performance of multistyle training is
better compared to all other proposed techniques of speech recognition, it requires additional
stressed speech database during training which is practically difficult to handle. On the other
hand, the proposed technique does not require additional stress information during recognition.
Therefore, this technique is computationally more easy to deploy for speech recognition under

stressed conditions.
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7. Conclusion

This thesis investigated the stress information in the spectral features of stressed speech. The
investigation of stress information is further used for recognition of speech under stressed con-
dition. A stressed speech database is developed to analyze the effect of stress in the speech
feature. The stress and speech information are evaluated perceptually as well as by using
automatic method. RF'D is proposed for analysis of stress in the spectrum. To investigate
the stress information in RF D, a stress classifier is developed, where RF' D is considered as
a feature for stress classification. Difference energy based feature is proposed for analysis of
stress in the subbands. To investigate the insensitiveness of this feature to stress, difference
energy based a stress compensation technique is proposed. In order to separate the stress and
speech information in cepstral domain, a novel subspace projection based stress compensation
technique is proposed.

In Chapter 3, the development and evaluation of a stressed speech database are presented.
SUSSC' database is collected in Hindi, an Indian language, from fifteen non-professional speak-
ers. A database of one hundred nineteen words is recorded for neutral, angry, sad, and Lom-
bard conditions in two separate sessions. The stress and speech information present in SUSSC
database are validated by evaluating the level of stress and speech information present in the
utterances. The perceptual validity of stress of this database is evaluated from the fifteen lis-
teners. The ability of stress classification of the listeners is evaluated in terms of confusions
between stresses. It was observed that most of the listeners confused neutral speech with sad
speech and angry speech with Lombard speech. Sad speech is identified most of the time and
Lombard speech is confused either with neutral or angry speech. It is also observed that some,
among the set of listeners chosen, are poor at identifying stress. Also, some of the speak-
ers, among the non-professional speakers are observed to be producing speech without proper
stressed condition. After pruning out such listeners and speakers, the level of stress present
in SUSSC database is observed to be approximately similar to other existing database such
as SUSAS. Also, the stress information is approximately the same in both the databases and
hence, SUSSC' database can be used for speech recognition under stressed condition.

Content of the utterance of SUSSC database is evaluated by listeners as well as automatic
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speech recognition method. It is observed that the listener’s perception of the content of speech
is not effected by the stress present in the utterance. For automatic speech recognition, the
MFCC and the LPCC features, along with their derivatives are evaluated under stressed
condition. The recognition performance of the M FCC and LPCC features inferred that the
performance of the speech recognition system degrades under stressed condition.

In Chapter 4, the stress information is investigated in the spectral tilt. The gross spectral
tilt is first analyzed under different stressed conditions. It is observed that the gross spec-
tral tilt has ability to discriminate the stress. This chapter also proposed local spectral tilt,
which captures the relative variation in the formant peaks. The local slopes are termed as
relative formant peak displacements (REFD). It is observed that the RF'D values have abil-
ity to characterize the stress. The RF'D values are concatenated with the gross spectral tilt,
and they together are used as a feature for classification of stressed speech. The classifica-
tion performance of the RF' D feature is compared with the classification performance of the
MFCC feature. It is observed that the performance of the RF'D feature is slightly less than
the traditional M FCC' feature which shows that the RF'D and the M FCC' features have ap-
proximately same stress discriminating capability. Further, the performance of smoothed log
spectra derived RF' D feature is higher than LP derived RF D feature. The RF D feature is
combined with the M FCC feature at the feature level, score level and rank level. The stress
classification performances of all these combination techniques showed improvement from their
individual feature performances. The proposed stress classification technique is then used for
speech recognition purpose and the performance of stress dependent speech recognition shows
improvement in the performance from the M FCC' feature based speech recognition.

In Chapter 5, the stress information is investigated in the subband energy. Statistical
characteristics such as mean, variance and divergence of the subbands are investigated under
different stressed conditions to analyze the stress information in the individual subband. Anal-
yses show that the mean energy values of subbands for angry and Lombard speech are shifted
to the higher level and mean energy values of subband for sad speech is shifted to the lower

level than that for neutral speech. Also, the energy of higher subbands are deviated more than
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7. Conclusion

the energy of lower subbands. In this study, difference energy of the subbands is proposed
to measure the rate of migration of spectral energy. It is observed that the difference energy
is less sensitive to stress than the other statistical characteristics such as mean, variance and
divergence of subbands. Four stress compensation techniques are proposed to investigate the
effectiveness of statistical and difference energy based analyses. These techniques are weighted
mean, weighted variance, normalized divergence and difference energy. The effectiveness of
these compensation techniques is evaluated using speech recognition system assuming that the
recognition system has prior knowledge of stress class. The performance of stress compensation
based speech recognition is compared with the M FCC' feature based speech recognition. The
performances of weighted mean, normalized divergence and difference energy based compensa-
tion techniques showed improvement over M FCC feature. However, the stress information is
not known to the recognizer in practical scenario. The performances of weighted mean, nor-
malized divergence and difference energy based compensation techniques are evaluated using
rank level combination of M FCC with RF D features. The performances of weighted mean,
normalized divergence and difference energy based compensation techniques that the perfor-
mance of the recognizer depends on the classification rate of the stress classifier. Thus, any
failure of the stress classifier reduces the performance of the speech recognition system.

In Chapter 6, a subspace projection based approach is proposed to separate the speech and
stress information from the stressed speech signal. In this technique, an orthogonal relation is
assumed between the speech and the stress components. According to the orthogonal assump-
tion, the speech information should be present in the speech subspace and the stress subspace
should contain stress information. The speech information in the stress subspace should be neg-
ligible and similarly the stress information should be negligible in the speech subspace. Orthog-
onality assumption is verified experimentally by using speech and stress recognition techniques.
The performances of speech recognition by using stressed speech vectors and by using their
estimated speech and stress vectors are evaluated for different stressed conditions. This study
showed that under stressed condition, the recognition performances of estimated speech vectors

are higher than those of stressed speech vectors. On the other hand, under stressed conditions,

TH-1325_07610203

142



the speech recognition performances of estimated stress vectors are less than those of stressed
speech vectors and estimated speech vectors. This study inferred that speech information is
present in the speech subspace and the presence of speech information in stress subspace is
negligible. The classification rate of stress classifier is evaluated using stressed speech vectors
and their corresponding estimated speech and stress vectors for different stress classes. This
study showed that for different stress classes, the stress classification rate of estimated speech
vectors is less than those of estimated stress vectors. On the other hand, for different stress
classes, the classification rate of estimated stress vectors is approximately the same as that of
stressed speech vectors. These observations inferred that the stress vector contains approxi-
mately the same stress information as contained by stressed speech vector. The speech and
stress recognition experiments concluded that the speech and stress specific information are
present in their respective subspaces. The estimated speech and stress vectors are then used
for speech recognition. The performance of estimated speech vectors based speech recognition
is significantly less than that of the M FCC' feature. On the other hand, the performance of
estimated stress vector based compensation technique is higher than the performance of the
MFCC feature. Also, the proposed stress compensation technique does not require additional
stress information during recognition. Therefore, this technique is computationally more easy
to deploy for speech recognition under stressed conditions.

Major contributions of the work reported in the thesis includes:

(i) A stressed speech database is developed.
(ii) The stress and speech information of stressed speech database is validated.
(iii) Relative formant peak displacement is proposed as a measure for spectral tilt.
(iv) Relative formant peak displacement based feature is proposed for stress classification.
(v) Difference energy based feature is proposed for stress compensation.

(vi) Subspace projection based approach is proposed for stress compensation.
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7. Conclusion

7.1 Scope of future work

Some suggestions for future work are as follows:

(i) The stress information contained in the relative formant peak displacement can be used

to remove the effect of the stress from the spectrum of the speech signal.

(ii) Glottal parameters show variation due to stress. The stress discriminating capability of

these parameters can also be explored by developing stress classification system.

(iii) Difference energy of subband shows stress robust characteristic. It can be explored as a

feature for speech recognition system.

(iv) Subspace projection based study considered orthogonal assumption. This study evaluates
dot product between the speech and the stress information. Other inner products can

also be explored between the speech and the stress information.
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