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Abstract

The present work in this thesis is directed towards understanding the
reason of crying of an infant using signal processing approaches. Infant cry
analysis and classification is a non-invasive method of analyzing the infant
cries and identifying the reason of crying such as pain, hunger, discomfort or
presence of any disease. An instrument developed for this purpose may be
helpful in bringing up of an infant and preventing the infant from distress
because he or she cannot convey his or her needs to the caretakers and thus,

improve the quality of life.

For the development of any computer algorithm for the analysis and
classification task, development of database is necessary. For infant cry
analysis and classification task, if a database is to be created, several factors
needs to be considered while designing of the corpus, such as, reason of cry,
age of infant, method of cry generation, etc. Effect of factors influencing the
system behavior developed for infant cry analysis is presented in this thesis.
Along with this, ideal characteristics of the infant cry corpus are discussed in

this work.

For processing of the infant cry signal, various signal processing
challenges associated while using state-of-the-art methods are illustrated in
this work. Signal processing methods, namely, Short-time Fourier transform
(STFT) analysis, linear prediction (LP) analysis, cepstrum analysis and
Teagers energy operator (TEO) analysis are used in this thesis. Along with it,
for different pathological cries (such as asthma, meningitis efc.)

spectrographic analysis is shown.

In this thesis, analysis of different infant cry types is performed using
acoustic features such as fundamental frequency (Fo), energy in different
frequency bands, unvoicing percentage of cry segments in the cry and

duration of cryunits. For understanding the significance of these features in
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the cry analysis, 1-way analysis of variance (ANOVA) is used. Infant cries of
various pathological cases are also analyzed using these features and
difference in the normal and pathological infant cries are observed and

reported in this thesis.

Classification of normal and pathological infant cries is also attempted
in this work. For the classification of the normal and pathological infant cries,
bispectrum-based features are used and classification accuracy of 81.64 % is
obtained. Performance of bispectrum based features is found to be better than
state-of-the-art MFCC features. Noise robustness of the proposed features is

also shown.

Classification of two pathologies, namely, asthma and hypoxy ischemic
encephalopathy (HIE) are also reported in this thesis. For the classification of
these two pathological cry signals, features such as glottal inverse filtering,
modulation spectrogram, auditory spectrogram and group delay-based
features are used. All these features are found to perform well in classifying
these two pathologies. Classification of these pathologies from the normal
healthy infants” cries is also attempted in this work. Though the performance
of the proposed system is not very good, however, it can help in preventing
the infants by giving alarm of presence of HIE disease which can result in

motor and physical handicap, if left unattended.

Finally, the work proposed in this work (i.e., analysis of infant cries
using prosodic features and classification of normal and pathological infant
cries using features based on bispectrum, auditory spectrogram, modulation
spectrogram efc.) is concluded. Important results from the experiments and
analysis of the cries are summarized in the last chapter. This is highly inter-
disciplinary field for research. Hence, a lot of scope is there for future research
work. Some important research issues are reported in this thesis which can be

taken up by researchers in near future.
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Chapter 1.

Introduction

1.1 What is an Infant’s Cry?

“Infan” is a Latin word which means “speechless” and the word “infancy”
came from this word. Infants cannot speak and hence, they use cry signal as
their communication language to convey their level of distress. The infant’s
crying carries only paralinguistic content of the speech signal. Crying requires
an infant to perform a complicated and sophisticated set of physiological
activities that involve the brain, respiratory, motor control and the vocal
systems. Crying helps infant’s physiology to develop by increasing the
pulmonary (lung) capacity [1] .

Using crying as communication language, infants convey their needs to
their parents. Infant’s cry tries to convey to his or her parents any of the
following messages, “Mom, I am hungry give me food?” “Dad, I'm getting
bored, take me for an outing or play with me”. “Something is hurting me in
my clothing, please check it”. “I'm not feeling well, please help me in getting
out of this discomfort”. Active parents respond to the call of their infants
while some parents leave their infants in distress or alone. Many times,
parents observe that their infant is not actually crying because they cannot see
tears in his or her eyes. However, actually in infants, tears develop after the
age of 4-12 weeks after birth. In such a case, leaving an infant unattended may

result in excessive crying behaviour or leaving unattended a medical

problem.

To avoid such situations, analysis of infant cry is essential. Efforts have
been made in last few decades in this direction of infant cry analysis and

classification. Signal processing analysis of infant's cry may help in



developing a tool to help parents and infants in communicating the needs of
the infants and in the case of presence of any symptom of pathology, help the

infant to get medical help without much delay.

In this thesis, efforts are made towards analyzing the infant cry using
various signal processing methods. Some methods are proposed for
classification of normal vs. pathological infant cry. The term pathological is
defined as the effect caused by some disease [2]. Classification of pathologies
is also done using various features and statistical evaluation of the results is

also presented.

1.2 Motivation

Crying is a symbol of healthy life as soon as an infant comes out of the
mother’s womb and make his or her presence noticed by the others. This first
cry of the infants is the most awaited moment for the parents. After the birth,
if an infant does not cry, reason can be many-fold and in that case, the
concerned infant has to be investigated by the pediatrician thoroughly. The
first cry of a neonate indicates the integration of the organs and neurological
system. On one side, where the first cry of the infant gives pleasure to his or
her parents, on the other side, it gives a responsibility to the new parents to
understand and fulfill the needs of the newcomer to this world, that too
without using a formal communication language. In infants, crying is a
communication language and we need to understand and decode or decipher
it. It conveys not only the need of hunger and discomfort due to wet diaper
but also used to express pleasure, pain, colic, loneliness and fussiness by the
infants. Failure to understand the reason of crying may leave the baby in
danger and at the same time, gives the parents a guilty feeling of not being a
good parent. This situation may become adverse if this cycle of infant crying
and parent’s disability to understand the reason and to sooth the baby

continues. It makes the babies “difficult babies” (a baby who cries too much



and is difficult to calm) and later on, may result in the infant being ignored

and left lonely in his or her family.

To avoid such situation, analysis of the infant cry signal under various
reasons of crying is very much required. It can support the parents in making
decision about the need of the infant, knowing his or her health status and to
get early sign or alert for taking corrective measures as early as possible, if
their baby is found to be sick at any point of time. Work in this direction (i.e,
acoustic and spectrographic analysis) was started in the 1960s by a
Scandinavian team of researchers. Infant cry analysis is a multidisciplinary
area of research which requires contributions from pediatrics, neurologists,
engineering and linguistics. The infant cry research has helped in decreasing
the infant mortality rate and wunderstanding the correlation of cry
characteristics with infants’” mental and physical development and neural
system. In the initial two decades, the cry analysis was done using
spectrographic analysis where researchers used spectrograms and defined
various distinct cry modes in the spectrogram of the infant cry. The presence
of certain cry modes was indicated as the presence of pathology or prone to a

pathological condition of infants [3].

After successful application of spectrographic analysis for infant’s
pathology identification, need arises for the development of the computer-
based algorithms to detect and classify infants’ pathology because
spectrographic analysis requires the expertise of the professional to study the
spectrograms and identify different cry modes present in it. The automated
algorithms have the advantage of minimizing human errors. In this direction,
work has been done where researchers have attempted a classification of
normal and deaf infants, normal and asphyxiated infants, etc. [4], [5], [6].
Apart from the classification of infants from their cry signals, the acoustic
signal embedded in infant cry is also used to identify the reason of crying. The

reason for crying of an infant can be hunger, pain, to draw the attention of the



caretaker, discomfort due to wet diaper or motion or irritability, etc. It has
been experienced for the years that a mother can identify the reason of crying
from the cry sound of babies. Though, it is dependent on other factors such as
timing from the last feeding and daily routine of the infant as well. Moreover,
it is observed that the parents can identify their infants from their cry as well.
All these events indicate the correlation among acoustic features and the
reason of crying of the infant. This has motivated the researchers to work on
the problem of acoustic analysis of the infant cry and use it, for diagnosis of
pathologies. Recently, many applications are developed for infant cry analysis
such as “Babypod” in which one can play music to the fetus and fetus can
respond to these sounds [7], this is done to accelerate the neurological
development in newborns. “Crying Bebe” is another application developed
by Google play, where infant cry is analyzed for its possible cause [8].
However, it cannot distinguish the reason of crying from the pathological

perspective.

1.3 Social Relevance of this Research Work

With the urbanization of the country, people are moving to bigger cities in
search of jobs. Because of this, most of the people are living in nuclear
families. In joint families, people get the experience of the elders of the family
in bringing up their children especially during the period of infancy when an
infant cannot communicate his or her requirements. Now-a-days, because
most of the parents are living in nuclear families, a mother of a newborn,
sometimes, cannot identify the reason of crying. A system developed to
analyze the cry, may help or assist mothers in such cases. In addition, because
the infant cry analysis method is a non-invasive method of cry analysis and it
may help in the diagnosis of the pathology to the pediatricians, an application
developed for this purpose can be used to boost the confidence while taking a
decision by the pediatrician for the diagnosis of particular pathology in

infants. Along with this, research in this direction is also of importance to



identify the reasons of sudden infant death syndrome (SIDS) and
identification and early diagnosis of the infants who are more susceptible to

SIDS condition (such as SIDS siblings).

1.4 Applications

If an automated infant cry analyzer can be developed, it can help the society

in the following ways:

a. Identifying the Needs of Infants: Identifying the features to classify
hunger, pain, discomfort cries, can enable the identification of the need
of the infant. This can avoid the chances of excessive feeding (most of
the time, crying is only related to the feeding requirements by the
mother which results in excessive feeding that later on result in
vomiting by infant or stomach pain due to gas) and discomfort to the
infant and minimize the risk of getting babies irritable. Knowing the
reason of the crying correctly may also prevent the chances of wrong
parenting which happens in the case of difficult babies.

b. Development of Medical Support Tool: As sonography has proved a
useful and potential tool in observing the development of the fetus, a
cry analyzer developed for identification of the pathologies can be used
to support the decision of the doctors. Moreover, in the case of rare
diseases, such an instrument or device can give an alarm (or early
warning) sign to the doctor so that the infant can be kept under
observation and parents can be well informed to see the symptoms of
the alarmed pathology. This can avoid the chances of getting late in the
cure of the diseases where treatment is available for initial stages of the
disease only. It can also help in curing the neurological diseases where
the lack of medication results in mental and physical disorders.

c. Developmental Study of Infants: In infants, the physiological changes

are very fast. These physiological changes in infants are related to the



neurological control of the brain. These neurological changes are
reflected in the cry of the infants. Thus, the infant cry analysis can be
used to study the physical development of the infants.

. To Study Language Acquisition in Infants: The cry patterns of infants
also reflect the intonation pattern of the language used in his or her
surroundings. The cooing sounds made by the infants are the first step
of the infant toward language learning or language acquisition. “How
a language is learned or acquired by the infant?”, effect of multilingual
atmosphere in child’s language learning, differences in different
languages learning pattern can be studied by the infant cry analysis of
infants aged above 6 months. In fact, the progress in the development
of a model of the speech technology applications such as speech and
speaker recognition, language and dialect recognition, speech prosody,
speech robotics, efc. can be accelerated extensively if we understand
how an infant learns or acquires language.

. Speech Therapy: Early diagnosis of the hearing and speech disorders
in infants can help the parents and speech therapists to take early
initiative towards language learning of such infants.

Study of Prosody: Since infant’s crying is a non-verbal communication,
there is a need to study the messages conveyed by the infant’s crying.
The message in the infant crying is hidden in the prosodic content of
the cry sound. Thus, it motivates to develop the features which can
better convey the information underlying in the infant cry signals. In
fact, infant acquires language by exploring speech prosodic uses.

. Reduction in Infant Mortality: The diagnosis of infant pathology on
early stages may help in reducing the infant mortality rate.

. Study of Speech Robots: The study of infant cry signal processing is
also important in the design of speech robots. To train the robots for
the speech content, the infant’s language acquisition study is used and

applied to train a robot and vice-a-versa [9], [10].



These are the some of the applications of the proposed work. Such an
application can also help a parent to take care of his or her infant and give

him or her healthy life.

1.5 Research Issues in Infant Cry Analysis

Research in infant cry analysis using signal processing methods was started
by a team of Scandinavian researchers in 1960s. In the initial two decades, the
cry analysis was mainly using the spectrographic analysis of the infant cry
signal. Later on, the cry analysis was tried using automated or semi-
automated computer algorithms. In this direction, the work is done towards
classification and analysis of infant cry types (such as hunger, pain and
pleasure cries), classification of pathological cries where a different set of
pathologies were considered by different researchers. However, a little work
is done in the field of infant cry analysis and classification of normal vs.
pathological cries or classification of various pathologies associated with

infant cries.

The main challenge in the infant cry analysis and classification is the
unavailability of the statistically meaningful database. Collecting a database
requires permissions from the hospital authorities and parents as well.
Getting cry signals of the pathological infants is furthermore difficult. Thus,
getting a statistically significant data or corpus for this task is a challenging
task. All the researchers working in this area have their own databases with
different sets of cry types, recording conditions, age groups, different
pathologies and different weights of infants. Standard database for the task is
not available which also restricts the comparison of different research works
presented in the literature. As the acoustics of cry signal changes with the cry
types such as hunger and pain, it also varies with the age of the infant and the
weight of the infant. The effect of all these parameters on the infant cry

analysis is demonstrated in this thesis.



All these effects altogether pose a challenge to the researchers to work
in this area and contribute towards it. In pathological cry analysis, cry
characteristics changes with the severity of the disease. In such cases, long-

term follow up of the infant is required which is a difficult task.

The work done in the classification of normal and pathological infant
cries is limited to the classification of one type of pathology with normal
infant cries. In practical situations, we never know that with which pathology
infant is suffering. This creates a need to design a system where a
pathological infant cry can be classified from a normal infant cry. For this
purpose, we should train the pattern classifier for multiple pathologies and
then it needs to be tested for the classification task. In this thesis, an attempt is
made to classify normal infant cry vs. pathological infant cry where several
diseases are considered in pathological class while designing the system. In

summary, the challenges associated with infant cry research are as follows:

a. Unavailability of statistically significant database,

b. Getting pathological cry samples of the same disease from same age
group of infants is a difficult task, and

c. Classification of pathological cry samples from the normal infant cry

samples is a challenging task.

1.6 Contributions in the Thesis

Given several challenges in the infant cry research, an attempt is made
towards the analysis and classification of different infant cry types. Following

are the area of focus in this doctoral thesis work:

a. To present the signal processing challenges associated with the
infant cry analysis: Since infant cry signal has higher fundamental
frequency (i.e., Fois in the range of 350 Hz - 1 kHz) compared to normal

adult speakers (e.g., the range of Fy for male, female and children is 100



- 150 Hz, 250-350 Hz and 350-500 Hz, respectively), traditional signal
processing methods used for adult speech analysis may not work well
for the infant cry signal. The application of the speech processing
methods to analyze speech of adult speakers to the infant cry signal is
reported in this thesis and the need to check the validity of standard
methods of signal processing to analyze infant cry signal is being
emphasized. High fundamental frequency (Fyp) in infants (such as
hyperphonic sounds) causes difficulty in identifying formants and
their structure from the Fo due to the sampling of vocal tract spectrum
with distantly spaced excitation source harmonics.

. Data collection and corpus design for the infant cry analysis:
Analysis of infant cries which includes analysis of normal vs.
pathological infant cries, hunger vs. pain cries, normal vs. newborn’s
cries. Data collection from the human participants (especially, newborn
infants) is a difficult and time-consuming task. The method of data
collection, ideal characteristics of the corpus, parent consent form,
guidelines for data collection recommended by the ethical committee
and protection of human rights are explained in the thesis work.
Analysis of infant cry types: In the present thesis work, analysis of
different cry types such as hunger, pain, birth, normal and pathological
cries are reported using analysis of variance (ANOVA). Comparison of
various cry types is done using features such as pitch (Fo)-based
features, duration of the cryunits, spectral energy features and voicing-
unvoicing ratio of the cry. The significance of these features in infant
cry analysis is reported in the thesis.

. Classification of normal and pathological infant cries: In this case,
pathological infant cries are the cries produced by infants who are
suffering from some disease (not fever or cold). For feature extraction,
bispectrum-based features are proposed. These features are found to

outperform the conventional state-of-the-art spectral features, namely,



Mel frequency cepstral coefficients (MFCC). Robustness of these
features is tested in noisy environments, i.e., under signal degradation
conditions.

. Classification of the pathological infant cries: In this case, pathologies
considered are asthma and hypoxy ischemic encephalopathy (HIE).
Classification of these pathologies is performed using four types of
features based on modulation spectrogram, auditory spectrogram,
glottal inverse filtering and modified group delay. These features are
found to perform excellently in classifying these two pathologies. To
quote the statistical significance of the experimental results, 4-fold
cross-validation experiments have been done.

Analysis of high risk infants: Sudden infant death syndrome (SIDS) is
the condition, in which an infant dies all of a sudden without showing
any symptoms of sickness. Even after autopsy, the reason of death
remains undiagnosed. To study such cases, high risk infants (who may
be prone to SIDS) are studied. This class of infants is important to
study for identifying the acoustic features which can give an alarming
sign to the caretakers so that they can take preventive action at right
time and help their child in coming out from the danger of possible
death by giving correct treatment on time. This can be proved helpful
in reducing the infant mortality rate in India or other countries

(wherever this is applicable) and thus, improve the quality of life.

The architecture of the system is explained in the next Section.

1.7 System Architecture

The flowchart for the infant cry classification is shown in Figure 1.1. The cry

utterance is pre-processed and then features are extracted for analysis and

classification of infant cries. In this work, the features used for the analysis of

infant cries are, Fo, duration of the cry, percentage of unvoicing frames in the
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infant’s cry segment and short-time (/*) energy in different frequency bands.
To show the statistical significance of these features in the infant cry analysis

literature, analysis of variance (ANOVA) is used.

Classification of normal and pathological infant cries is attempted using
features derived from the bispectrum, i.., higher-order spectrum.
Classification performance is shown for both the infant-dependent and infant-
independent setup. For dimensionality reduction of the bispectrum features,

higher-order singular value decomposition (HOSVD) theorem is used.

Infant cry signal

v
Pre- processing
v
Feature Extraction
|
v v
Analysis Pattern Classifier
|
v v
Normal Pathological
cry cry

Figure 1.1. Flowchart of the system architecture for infant cry analysis and classification.

Classification of asthma and HIE infant cries is performed using the
features derived from the glottal inverse filtering (GIF) of the signal,
modulation spectrogram, modified group delay and auditory spectrogram. In
all these classification tasks, the performance of the proposed features is
compared with the state-of-the-art spectral feature set namely, Mel frequency
cepstral coefficients (MFCC), linear prediction coefficients (LPC) and
perceptual linear prediction coefficients (PLPC). MFCC is the state-of-the-art

method in the infant cry classification task.
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Classification accuracy is used as a performance measure. Classification
accuracy in percentage is defined for the samples rather than for infants (due
to the practical difficulty of getting a large number of infants, especially, for
pathological cases, in the database). Another measure used in the work is
Matthew’s correlation coefficient (MCC). The unbalanced dataset in two
classes (namely, normal and pathological infants) are taken care by MCC
measure. Along with these, 95 % confidence interval is shown for the results

obtained.

For the classification task, support vector machine (SVM) classifier is
used in our work mainly with radial basis function (RBF) kernel function.
However, in some experiments, other kernel functions are also used. SVM is
the standard classifier used for classification experiments. Experimental

results are validated using n- fold cross-validation.

1.8 Organization of the Thesis
This thesis is organized as follows:

Chapter 1 presents the introduction, motivation and contributions of this

doctoral thesis work.

Chapter 2 covers the literature search related to the history of infant cry
analysis and methods used for infant cry classification. It gives a brief
overview of the literature search about the work done by several researchers
in this field. In addition, it presents a brief summary of identified gap area
which needs attention and hence, forms a key motivation for the present

doctoral thesis work.

Chapter 3 describes the method of data collection and design of the corpus for
the experiments. Procedure for data collection (infant cry and other associated

metadata) is explained in this chapter of the thesis. In this thesis, three
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different databases of infant cries are used. Statistics of the data collected is

shown in this chapter. Experiences during data collection are also presented.

Introduction

Chapter 1

4

Literature Survey
Chapter 2

¥

Data Collection and Corpus Design
Chapter 3

A4

Signal Processing Challenges in Infant Cry Analysis
Chapter 4

4

Analysis of Infant Cries
Chapter 5

@

Classification of Infant Cries
Chapter 6

4

Conclusions and Future Work
Chapter 7

Figure 1.2. Flowchart of the thesis.

Chapter 4 illustrates the signal processing challenges in infant cry analysis.
This chapter shows that how signal processing methods used for adult speech
analysis do not work for infant cry signals and thus, pose a difficult signal
processing challenge to analyze infant cry. The dependency of infant cry

signal analysis methods on various factors is also illustrated in this chapter.
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Chapter 5 presents an analysis of infant cries. In this chapter, spectrographic
analysis of various pathological infant cries is presented. Analysis for various
reasons of crying is also done. In particular, hunger, pain, normal,
pathological and newborn cries are analyzed using Fo, duration, the presence
of unvoicing in the cry and energy features. The significance of these features
is shown using ANOVA analysis and bar plots. Variation of these features

with cry types is shown in this chapter.

Chapter 6 explains the classification of normal and pathological infant cries.
For the classification task, features derived from the bispectrum are used.
Along with this, classification of asthma and HIE infant cries is also
attempted. The classification performance is measured using the (%)
classification accuracy. Three features are used to classify the two pathologies.
Classification of normal infant cries from the cries of HIE and asthma

suffering infants are also shown and the results are reported.

Chapter 7 concludes work done in this thesis and also presents limitations of
the current research work. It also gives the directions for future research work

in infant cry analysis and classification area.

The flowchart of the thesis is shown in Figure 1.2.

1.9 Chapter Summary

In this chapter, motivation and application of using the infant cry analysis
and classification, for the research work is illustrated. The challenges in infant
cry analysis are also explained which makes the task difficult. The proposed
architecture used for the infant cry analysis is given and organization of the
remaining thesis is given. In the next chapter, a brief overview of various
methods or approaches in the infant cry analysis and classification literature

is presented.
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Chapter 2.

Evolution of Infant Cry Analysis and Methods

2.1 Introduction

Infant crying has multiple facets for different professionals. Crying is
behaviour for a psychologist, which conveys the emotional state of the infant
and also informs about the needs of the infant. For a neonate, crying is the
way to express his or her physical needs (such as hunger, pain, and wet
diaper). From linguistics viewpoint, infant crying is the beginning of
vocalization and a step towards acquiring a new language to enable the infant
to communicate with the world. For a medical practitioner, newborn crying is
an indicator of proper functioning and coordination of different organ and
systems and the beginning of a healthy life, whereas shrill cry or no cry at the
time of birth is an alarming sign. For an engineer, it is an acoustic event which
carries information of the need and physical state of the infant in the form of
acoustic descriptors such as melody, loudness, timbre, pitch, intonation,
rhythm, etc. Hence, it is a multidisciplinary area where professionals from
different backgrounds look at the infant cry from a different perspective and
it implies that this non-verbal communication is an important part of study in
the speech signal processing research. From engineering viewpoint, this area
is not matured to the extent of speech and speaker recognition and speech
synthesis (which are independent relevant problems in their own right). This
is a new field and a lot of work can be explored in the direction of extracting
useful information from the infant crying. This thesis is a step towards filling

up this gap.

The groundwork for infant cry analysis was laid in the 1960s by a
Scandinavian team of researchers working in Stockholm. Their work resulted

in two separate research fields, namely, newborn cry analysis and infant cry

15



analysis [11]. Study of infant cry may prove to be effective in the three clinical

situations, namely,

a. The cry analysis may be used to support the diagnosis of diseases. In
some diseases, the cry has distinct characteristics which draw the
attention of the medical practitioner and the parents. Diagnosis
through cry analysis which is followed by thorough medical
examination may reduce the chances of getting worse due to late
diagnosis of infant’s health condition in many cases,

b. Early detection of infants at risk can help in reducing infant mortality
rate. Infants who are born sick or those who have gone through some
trauma or where the siblings have been the victim of SIDS, can be
prevented by infant cry analysis system,

c. Infants whose cries are distinct and draw the attention of the listeners
are found to be at the risk of SIDS. Such infants can be monitored

through the infant cry analysis methods.

Cry is also been studied for the parents’ perception of infant cry. It is
shown in past that mothers can recognize their infants from their cries.
However, recent studies show that fathers are as good as mothers in
recognizing their newborn’s cries and it depends on the time spent with the
infant by parents [12]. The perception of a cry from parents is reflected in the
parenting depending on how parents perceive the underlying message sent
through the cry signal. Cry draws the attention of the parents when the cry is
different. Parents response to the infants cry depends on the cry acoustics (Fo,
changes in Fy (ie., intonation pattern), loudness, duration, rhythm, etc.),
psychological makeup and living conditions of the parents. Negative
response or no response to infant cries may result in child abuse [13]. In
another study reported in [14] shows that the synchrony of arousal between
infant and caregiver results in changes in the neurobehavioural mechanisms

and the changes in the intensity of arousal are reflected in graded and
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dynamic acoustic signal. Deviations in the cry signal are noticed by the
parents and misunderstanding of these deviations may compromise the
infant care and parental effectiveness [15]. Moreover, in the same study, it is
reported that the infants with abnormal cries should be referred for full
neurological evaluation. Infant crying in the early 3 months of the age is a

signal of vigor that is evolved to the reestablishment of parental contact [16].

In the medical-domain, cry is studied to find out the acoustic features
underlying the cry to understand the possible causes of cry and their effects
appearant in the cry. Shaken baby syndrome (SBS) is a serious condition
resulted from non-accidental head injury with or without impact, resulting
from violent shaking. About 25 % of the clinically diagnosed cases die
because of it and remaining suffer from lifelong neurological disorders
including blindness, learning disabilities and behavioural problems. It has
been found that SBS crying peaks at the age of 6 weeks which occurs at 12
weeks in normal infants [17]. In the analysis of pain cries of newborns, it is
observed that they modulate the supralaryngeal tract considerably following
the painful stimulus than in spontaneous cries [18]. In invasive pain cry
stimulus, the cry produced are rated as urgent by parents and acoustic
features such as high fundamental frequency (Fo), longer crying bouts, fewer
harmonics and greater variability of the fundamental are found [19]. In
newborns, dysphonic cries show anger [20]. Along with it, newborn cries
donot show many differences in the highest and lowest Fy and there are no
differences in the cry acoustics according to gender [21]. Gender-specific
differences in fundamental frequency and formant frequency patterns

appear at the age of 11 [22].
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2.2 Why Infants Cry?

In the neonate, there is an intrinsic basic sleep / wakefulness cycle as well as a
basic rest activity cycle (BRAC) [11]. These are controlled by independent
biological rhythms. These are controlled by the brain stem with the forebrain
mechanism coming into play. In the first one month of life of the neonate, the
sleep and wakefulness cycle comes into picture where during the wakefulness
period, infant cries for the need of feeding and discomfort due to a wet
diaper. During this one month period, the infant gets familiar with the
external environment and the sleep/wakefulness cycle is replaced by
sleep/alert/wakefulness cycle. As the infant grows, the alert period increases
and sleep period reduces. Infant cries not only for feeding requirements,
however, for social requirements as well. Increasing alert and decreasing
crying is the indicator of balanced exchange between crying and attention.
When the balance between the state of alertness and attention is upset, crying
results. Crying is a sign of stress that the internal and external requirements
are not being met. Crying is the part of the regulatory system in which the
interplay of behavioural and physiological processes function to maintain
homeostatic balance, regulate the duration of alertness and elicit cry when
demands are not satisfied. ‘Colic” is a special case where infants vigorously
and persistently cry (because of pain in the abdomen due to systematic
changes in central nervous system (CNS) maturation and muscular
hypotenia). It is a gastrointestinal problem [11]. Crying occur in response to
the stimulation which cannot be accommodated by the system and result in

overloading of the system. This is a means of releasing energy and tension.

Cries that are rhythmic are easier for the caretaker to understand and
decode. In cry signal, three types of periodicities are found, namely, long
periodicities these occur over a long time interval, i.e.,, some infants cry during
the night or in the early morning and shorter periodicities are found in the cry

itself, it passes the information of the pitch (or Fo) variations. In this thesis,
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pitch and fundamental frequency (Fo) are used interchangeably. Cries which
are flat in a melody such as in the case of Down’s syndrome indicate the
abnormal cries and should be immediately taken care of by the parents or
guardians. Small periodicities are found in the infant cry, which is the
fundamental frequency (Fo) of the cry. The cries with very high or very low Fy
are indicators of the abnormal cries. Even the very high fluctuations in the Fy

pattern are also an indicator of the abnormal health status of the infant.

2.3 The Physiology of Cry and Speech Signal

The adult speech could be made up of phonemes, syllables, words and
sentences. The sentences are made of words. In a sentence, punctuations are
important to understand the meaning of the sentence. In the adult speech, a
speaker can speak 5-7 syllables per second which is called as speaking rate. The
prosodic clues or content plays a significant role in conveying the message of
the sentence. The prosodic content or the suprasegmental information which
is given less weight in speech analysis is learnt first by the infant during
language acquisition. The suprasegmental features can be observed in the
infant cry as well. The two main attributes in learning a new language
(syllables) by an infant are curiosity and dynamics of a neural spiking model
[23]. In newborn infants and the adult speech intonation patterns are similar

in following way [24]:

a. The duration of the expiratory phase is longer than the inspiratory
phase. In infants, the ratio of expiratory phase to inspiratory phase is
2:1. However, it is 5:1 in adults.

b. Prior to the onset of the phonation, the alveolar pressure rises and at
the end of the phonation, it decreases rapidly. Thus, the alveolar air
pressure goes through a transition of positive air pressure to negative

air pressure during inspiration.
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However, the Fy contour tends to be almost same in the cry also during a non-
terminal portion of the cry, whereas in adult speech it varies significantly
with respect to time. There is one major difference in the intonation patterns
of the adults and newborn infants. Newborn infants cannot regulate the
subglottal air pressure by a hold-back of intercoastal muscles. The hold-back
mechanism is controlled by the rib cage shape. The ribs are angled downward
and outward from the spine in human after the age of 3 months. In infants,
the ribs are angled vertical to the spine and thus, infants cannot regulate the
subglottal air pressure by working against the air pressure generated by the
lungs. As a result, during first three months of the life, the human infants
produce phonation of cry of very short duration. The air pressure which is
built up prior to the phonation is 2 cm H2O in infants as opposed to 8-10 cm

H>0 in adults.

Infants learn to speak through imitation of the adult voices. In order to
learn a language, infants produce babbling sounds. Crying and babbling are
two different phenomenons. Crying is regarded as a direct connection to
adults crying, however, babbling shows structural similarity to the language
[25]. It has been shown that the fundamental frequency (Fo) contour for a
word is similar to the transition of Fy values in adults and infants. Along with
this, infants try to imitate the formant frequency patterns of the adults,
however, they cannot imitate the absolute values of the formants because the

length of the vocal tract is smaller than the adults.

2.4 Physioacoustic Model of Cry Production

The model of cry production was proposed by Golub in 1979 [26]. The model
is shown in Figure 2.1. According to the cry production model, the model has

four parts, namely, [27]:
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Figure 2.1. Physioacoustic model of cry production. After [27].

a. The first part is the subglottal system. The subglottal system or the
respiratory system is responsible for developing the pressure Ps(f)
below the glottis necessary for generating vocal fold vibrations.

b. The second part is the vocal excitation source, located at the larynx.
The source may be either a periodic source P(f) or a turbulent noise
source N(f). The periodic source is due to the vibrations of the vocal
folds and the turbulence noise source is due to turbulence created by
forcing the air through a small opening left by the incomplete closure
of vocal folds.

c. The third source is the vocal and nasal tract located above the larynx.
This part of cry production acts as a linear time-invariant (LTI) filter
and denoted by the transfer function v(n) or frequency response V(f).
The response of the transfer function depends on the shape and length

of the nasal and vocal tracts and the non-linear coupling between them.
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d. The fourth part is the radiation characteristics (also called as lip
radiation) R(f) that describes the filtering (typically highpass filtering)

of the sound between the mouth of the infant and the microphone.

The acoustical mathematical model which is used for adult speech
production can be applied to the infant cry production model and the cry

produced can be denoted in mathematical model as follows:

X(A=R(-V().IN(H+S()]. 2.1)

where X(f) is speech spectrum at lips, R(f), V(f) and [N(f)+S(f)] represents
spectrum characteristics of lip radiation, supraglottal system and additive
turbulence plus periodic source, respectively. From the spectrograms of the
cry signal various cry modes are defined, such as, phonation, hyperphonation
and dysphonation, etc. In phonation, vocal folds of infant vibrate at the Fo of
250-700 Hz. Hyperphonation results from the falsetto-like vibrations of the
vocal folds with Fo above 1 kHz. In this mode, probably thin portion of the
vocal ligament is involved. Dysphonation is due to the turbulent noise at the
vocal folds. It contains periodic and aperiodic both vibrations of the vocal
folds. All the three modes mentioned above results in the expiratory phase
only. Other cry modes from spectrograms are discussed in detail in Section

53.4

The filtering (or spectral coloring) of the excitation source by the vocal
tract system introduces spectral peaks in the sound output. These peaks are
called the formants or formant frequencies. The position of these peaks in the
sound output depends on the length of the vocal tract. If the vocal tract is
assumed to be of uniform cross-section and the length of the vocal tract is 8
cm (i.e., the length of the vocal tract is 8 cm in the newborn), then the first two
formants, namely F; and F; will occur at 1100 Hz and 3300 Hz, respectively. If
there is substantial velopharyngeal opening, then there will be an additional

spectral peak that will occur in the range of 2-3 kHz.
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A cry sequence in an infant consists of series of small expiratory cries
separated by a brief interval (inspiratory duration). The duration of the
expiratory cycle depends on the maturity of the respiratory system. For
example, in newborn, the respiratory system is not matured and CNS has

poor control on its muscle, which in turn results in shrill or weak cries.

2.5 Organization of Central Nervous System (CNS) in

Infants
CNS
A \ 4 y
Lower Processor Middle Processor Upper Processor
Bladder | | Legs || Supraglottal Heart Bowel Coughing Auditory Visual
Movement
Bowel | | Arms Glottal Swallowing | [Respiration Taste, Smell Feedback
. Bladd Extrinsic Intrinsic
Heart Facial adder Proprioception Proprioception
Crying
Environment Others
Response

Figure 2.2. Organization of CNS in infants. After [27].

Figure 2.2 shows the representation of the overall central nervous system
(CNS) in the infants [27]. The CNS controls the muscles in three different
levels called upper processor, middle processor and lower processor. The
upper processor is controlled by the complex internal and external
stimulations and their feedback, which result in control of the muscle group
for a particular action, that result in choosing and modulating the state of the
infant. The middle processor controls the less complex operations in the infant
such as swallowing, bowel movement, coughing, respiratory movements, efc.
[27]. In the neonate, the upper processor is not mature and this results in

reflex-like cries in the neonatal period. In an infant, following the cry
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stimulus, upper processor triggers the middle and lower processors which
control the relevant muscle group for the control and initiation of the cry. The
three mentioned muscle groups important for the cry production are
controlled independently [27]. The model of the cry production provides a
clue for the selection of the features for the acoustic analysis of the cry, those
can be later related to the anatomy and physiology of the cry production

mechanism [27].

2.6 Factors Affecting Crying Behaviour

In human infants, the auditory system matures very quickly. In 15 weeks of
gestation age (GA), structural parts of the cochlea and middle ear are formed.
Around 20 weeks of GA, middle ear and cochlea become anatomically
functional, at 25 weeks of GA, the auditory system becomes functional. At 25-
26 weeks of GA, loud noise in utero produces changes in autonomic function
(such as, heart rate, blood pressure, respiratory pattern, etc.). In as early as 32
weeks of GA, learning occurs, i.e., in utero, fetus recognizes mother’s voice,
music and common sounds in the environment. In utero, fetus when exposed
to low frequency sounds (below C, i.e., caesarean section which is the lower
part of the abdomen), may result in damage or even destroy of hair cells (and
hence, headphones should not be applied directly on the abdomen during
pregnancy). A fetus exposed to intense low frequency sounds may suffer
from language delay of two months. [28]. Because of this vocal learning in the
uterus, an infant is able to identify his or her mother or even respond to music

from outside world (such a mechanism is exploited in Babypod product) [7] .

A neonatal cry is a coordinated event of three physiological events,
namely, the periodicity of CNS regulation (infant moves from deepest sleep to
maximal awakeness state), co-ordination of laryngeal muscles with
respiratory cycle and nutritional state of the infant (infant state changed from

continuous umbilical feeding to discontinuous oral input). An infant cry
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depends on several other factors such as genetic factors, growth factors and

toxic influences [3] .

The effect of genetic abnormalities is evident from the cries of infants
suffering from trisomy 13-15, cri du chat and Down’s syndrome. In trisomy
13-15 syndrome, the phonation has abrupt onset of phonation, unsteady Fo
patterns and marked a drop of pitch (or Fo) at the end of the phonation [29].
Cri-du chat syndrome affected infants cries have a high fundamental
frequency (Fo), the absence of vocal fry and flat melody infants with trisomy

13 or 18 show low-pitched cries [3].

In the study reported by Michelson [30], it was found that the cries of
normal infants and cries of infants low to birth (low birth weight normal
infants) are similar. Both of these cries are distinct from the premature infant’s
cries. The more immature (lower age) the infant, the higher is the maximum
pitch. Cries of infants with CNS disorders are quite different from the normal
infant cries. In addition, birth cries of infants of heroine addicted mothers

were found to be high-pitched [31].

2.7 Infant Cry Analysis Techniques

The infant cry has been studied for its significance in the developmental
perception of the child, integration of anatomy (such as maturation of CNS,
coordination among several organs) and for the clinical perspective of
diagnosis of unhealthy infants. The cry has been analyzed by the following

methods.

2.7.1 Auditory Analysis

It has been observed that mother can recognize the cry of her infant by
listening to it. It is also shown by Wasz Hockert et. al. that infant vocalizations
for different reasons such as hunger, pain, birth and pleasure can be identified
auditorily after training [32]. It has been found that the pain cries of healthy

infants are distinct from the pain cries of infants suffering from some
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pathology such as neonatal asphyxia, neonatal brain damage, neonatal
hyperbilirubinemia and Down’s syndrome [27]. Though cries can be
identified auditorily, the correctness of the decision depends on the training
of the person and experience. However, it is not a reliable method and

provides a fraction of the information.

2.7.2 Time-Domain Analysis

Time-domain analysis method uses strip chart recorders or direct writing
oscillographs to record the infant cry. The durational features are used for the
classification of cries. It has been observed that the cries of pathological
infants (such as those suffering from a brain hemorrhage) requires higher
stimulation to generate the cry of the same duration and the latency for the
pathological cries is more than the normal infants. The mean latency time is
1.2- 1.6 sec. in normal infants whereas it is 2.6 sec in infants with brain
damage. However, the latency time depends on the wakeful/ sleeping state of
the infant. The duration of the pain cries in normal infants varies from 2.6-5.2
sec. However, the duration of phonation is small in sick infants. Michelson et.
al. have reported that the mean duration of the cries is 1.7 sec in infants with
meningitis [3]. This is also a useful method to investigate the developmental
changes in the infants. As the infant grows, the duration of cries becomes
longer. This technique has the advantage of being easy, however, there are
losses due to pen inertia, paper speed and human measurement errors.
Similar to auditory analysis, this method also imparts fractional information.

Features used in the time-domain analysis are as follows:

Latency Period: The time between the pain stimuli applied to the infant and

the onset of infant cry sound.

Duration: This feature is measured from the onset of the infant cry to the end
of the signal and consists of the total vocalization occurring during a single

expiration or inspiration.
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Second pause: The time interval between the end of the first cry signal and

the following inspiration.

2.7.3 Frequency-Domain Analysis

These methods use a bank of bandpass filters to find the strength of the signal
in various frequency bands called as subbands. These are used to impart
features related to frequency-domain of the signal. These devices give
information about the relative magnitude of the various frequency ranges,
however, the obtained information alone is of limited value. Features used in

the frequency-domain analysis are as follows:

Maximum pitch: The highest measurable point of the fundamental frequency

(Fo) seen on the spectrogram.

Minimum pitch: The lowest measurable point in the Fyp contour seen on the

spectrogram.

Pitch of shift: Frequency after a rapid increase in the Fyp seen on the
spectrogram. Detailed analysis of such Fy variations for normal and

pathological infant cry is presented in Chapter 5 of this thesis.

2.7.4 Spectrographic Analysis

The spectrogram is the visual representation of the signal which represents
the distribution of energy in both time and frequency planes. Over the last 20
years, most of the studies in the infant cry analysis were based on the sound
spectrographic analysis method. This method utilizes the spectrogram of the
cry to derive durational and frequency-related features. These features are
then tested for their significance in the analysis of a particular cry type
analysis and classification. The durational features used were duration,
latency and pauses between the small cryunits. The frequency-related features
are maximum pitch, mean pitch, minimum pitch, glottal roll, melody type,

gliding, biphonation, etc. Spectrographic analysis has proved effective in the
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diagnosis of the pathologies. Some of the results reported through

spectrographic studies are as follows [3] :

a. Cri-du-chat: In cries of infants with cri-du-chat syndrome, the melody
(i.e., prosodic) pattern was found flat and the pitch (or Fo) was found to
be in the range of 600-1000 Hz.

b. Down’ s syndrome: In a study reported on 0-8 months old infants, the
vocalization was found long and the mean minimum pitch was 270 Hz
and mean maximum pitch was observed at 510 Hz.

c. Congenital hypothyroidism: Spectrograms of the 40 cries of 4 infants
observed maximum pitch of 470 Hz and mean minimum pitch of 270
Hz. In the spectrogram, glottal roll was observed to occur frequenctly.

d. Infant’s with cleft palate: There were no significant differences in the
fundamental frequency (Fo) with respect to the normal infants. Mean
maximum and minimum pitch were 710 Hz and 360 Hz, respectively.
Biphonation was not seen in the spectrogram.

e. Neonatal hyperbilirubinemia: Maximum and minimum both pitches
are high (2120 Hz and 960 Hz, respectively), biphonation and furcation
(i.e., split in Fp) were common in the spectrogram.

f. Hypoglycemia: In the spectrogram, biphonation is common in
spectrograms. The Fy is also higher than the normal infants (1590 Hz
compared to 710 Hz).

g. Asphyxia: Newborns with central and peripheral asphyxia were
studied by the Michelson [30]. The study reported that the infants
suffering from peripheral asphyxia (i.e., respiratory distress) had a
mean maximum pitch of 1000 Hz and in infants with central asphyxia
(which is neurological symptoms) had a mean maximum pitch of 1460
Hz. In premature infants, the mean maximum pitch with shift was
found to be 1950 Hz in infants with central asphyxia and 1610 Hz in

infants with peripheral asphyxia. In normal premature, this parameter
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was found to be 1520 Hz. Biphonation was observed in infant cries of
asphyxiated infants.

. Meningitis: In the study performed on 14 infants of 0-6 months of age
suffering from bacterial meningitis, it is found that the mean maximum
pitch is 750 Hz and the mean minimum pitch is 560 Hz. Biphonation is
very common in the cries (49 %) and glide also occurred frequently in
the cries [33].

Herpes simplex virus encephalitis: Noise concentration was found at
2 kHz to 3 kHz region. In the cries of suffering infants, biphonation and
glide are common compared to the normal infants.

Hydrocephalus: The mean maximum pitch shift was 750 Hz and mean
minimum pitch is 430 Hz as reported by Michelson et. al. [34]. The
melody is found to be flat. Biphonation and glide is also common in
this disorder.

. Malnutrition: In infants suffering from kwashiorkor (a form of
malnutrition caused by a lack of protein in the diet), the cry
characteristics did not differ from the normal infant cries. In marasmus
(@ form of severe malnutrition) infants, suffering from brain

dysfunction showed high mean maximum pitch of 1340 Hz [35].

Hence, it is observed that when an infant gets sick, the characteristics of the

cry changes from normal to abnormal. In the diseases affecting CNS, the cry

characteristics, e.g., the pitch-related features changes, biphonation become

common in the spectrogram and the melody shape also changes. The cry

analysis can be proved important in the clinical analysis of cry.

2.8 Recent Trends in Infant Cry Analysis

Now-a-days, computer algorithms are used to analyze the infant cry signals,

which allow for quick interpretation of results and development of infant cry

analysis tools. In the recent developments in this area, work has been done

towards infant cry analysis, classification of normal infant cries from sick

29



infants, development of signal processing methods for infant cry analysis and
identification of the cry types. Identification of infant from his or her cry is

reported in [36], [37] where the use of MFCC is proposed for this work.

Pioneering work in the infant cry analysis is done by Xie et. al. where
they defined ten distinct cry modes for automatic classification of the infant’s
cries [38], [39], [40]. The ten cry modes are flat, falling, rising, vibrations, weak
vibrations, glottal roll, double harmonic breaks, dysphonation, inspiratory
phonation and hyperphonation (These cry modes are expoited for infant cry
analysis in Chapter 5 of this thesis). Using these ten cry modes, a parameter,
namely, H-value is obtained and this H-value is found to be in correlation
with the parents rating of the infant’s level of distress (LOD). In their work,
only newborn infant cries were considered. These infants were healthy infants
and the distress is corresponding to the pain of the infants which is due to the
vaccination. Pathological cases are not considered in this work and the age
group is also restricted to the approximately 39 weeks of GA. In the work of
Xie et. al., the cry modes are identified manually, which was automated in the
work done by Black [41]. In his master’s thesis, to estimate the level of
distress, H-value is estimated. The estimation requires the identification of ten

cry modes specified by the Xie et. al. [40]. Here the H-score is defined as

numberof H type sequences

H —value = - ’
Total number of voiced sequences

where the H-type cry words are specified as trailing, double harmonic breaks,
dysphonation, hyperphonation and inspiration. The cry modes are identified
automatically using Fo and energy features. The cry modes are applied to
hidden Markov model (HMM) classifier and accuracy is estimated and
compared with parent’s perception [41] . Again, only normal infant cries were
considered in this work, the task of pathological cry classification is not
attempted. In Chapter 5, the cry modes suggested by Xie et. al. are used to

analyze different cries of normal vs. pathological infants.
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Another interesting work on infant cry analysis shows the effect of
delayed auditory feedback on infant crying [42]. It has been found that this
effect is not consistent for all the ages. In some cases, pitch (Fo) rises, however,
in some cases, it falls. Another work shows that excitability in infants is
observed through higher duration, Fo, F1 and variability in F;. However, high
latency, dysphonation, low utterance duration and low amplitude correspond
to the depression in infants. A cry with low duration of utterance, low
number of utterances, lower amplitude and higher inspiratory period, short
duration utterances, dysphonation and high variability in amplitude
represents poor respiratory control. Poor control of vocal tract is associated
with higher values of Fo, F1, F2, hyperphonation, cry mode changes, variability
in Fo and high variability in F; and F, [43]. Eventhough, these findings are
useful in the characterization of infant’s health from his or her cry, it was not

used to classify the cry signals.

Some researchers have worked in the analysis of first cry or birth cry of
the infants. Most of the work in this direction is by the medical practitioners
and researchers. In [44], authors have used larynx of two newborns (dead) to
generate sounds by applying air pressure. Findings show that the role of the
larynx is same as excised organ, free of neurologic control. Their role in the
first cry is not to vibrate by themselves, however, to generate aerodynamic
perturbations generating supraglottic vibrations. Neurological control and
regulation is absent in the first cry. Complex interactions are responsible for
the nonlinear phenomenon found in the first cry. After the birth, the health of
the newborn is rated on the apgar scale. Higher apgar count (maximum 10)
indicates healthy baby and lower apgar counts (< 5) indicates poor health
state of the newborn. In [45], authors have proposed an algorithm to automate
the computation of apgar scores from the cry signal. In their work, they
related the apgar score with the eigenvalues of the principal component

analysis (PCA) components for 10 Mel frequency cepstral coefficients (MFCC)
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coefficients. PCA on MFCC shows that high apgar score cries have high
eigenvalues and low eigenvalues are found for low apgar scores. The second,
third and fourth coefficients of the MFCC are found to be useful for cry
analysis and this result can be used to design an automated algorithm for

computing apgar scores.

Attempts have also been made for giving new signal processing
techniques for infant cry signals. In this direction, estimation of fundamental
frequency (Fo) for infant cry signal is proposed in [46], [47]. In the case of
adult speech, Hiroya Fujisaki was the first to use autocorrelation function to
estimate Fy [48]. Cross-correlation-based method is proposed for estimation of
infant cry frequency measurement [46], [47]. In this method, cross-correlation
of a frame is found with its nearby frame for a lag = Peaks of the cross-
correlogram give Fy of the infant cry. The algorithm works well for adult
speech as well and is able to work for double harmonic breaks. In this thesis,
statistical validation of the algorithm is not given. Infant glottogram is also not
available as the ground truth. Only cross-correlograms are shown to validate
the theorem. Another method, which was used for Fy estimation, is average
magnitude difference function (AMDF) along with simple inverse filter
tracking [49]. Along with Fo, the autocorrelation function is used to find of
voicing or unvoicing segments in the cry. Formants were also used for normal
and pathological infant cry analysis. However, statistical analysis is not done.
The correctness of proposed cross-correlation-based Fo theorem (peaks of
cross correlation function are used to find pitch period) is not proved (either
using spectrogram or using glottogram). In their work, one normal infant cry,
one premature infant cry and one pathological infant cry (suffering from
phenylketonuria (PKU)) is considered. Results show that more is the
deviation from the normal health condition, more irregularities are seen in Fy
contour and the first three formants (i.e., Fi-Fs) set to the lower values.

Researchers have proposed a method to find the cry modes in the cry. The
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method is known as a 5-line method in which the range of Fy considered is
200-1000 Hz. Melody shapes are defined using combinations of rising (+1),
falling (-I) and flat (0) patterns of Fyp contour. With these combinations, 77
different sequences are possible, however, it is observed that 20 of these
melodies include 95 % of the melodies [50], [51]. The correctness of the
proposed method is shown in their work. However, these are not used to
classify any cry signals. Cryunit segmentation using short-time Fourier
transform (STFT) energy-based algorithm is proposed for automatic
segmentation of cryunits [52]. In the proposed work, 25 % of maximum
energy is taken as the threshold for cryunit selection. Validation is done
through a manual vs. automatic number of cryunits detected. This method is
used by other researchers in the infant cryunit segmentation because it is
simple and accurate. Here, accuracy is measured only in terms of the number
of cryunits present in the cry, not on the basis of the initial and end timings of

the cryunits.

Research has been done in the area of classifying normal infant cries
from the pathological infant cries. Most of the work is done towards
classifying normal infant cries from the cries of deaf infant or infant with a
hearing disorder. MFCC has been used as a feature set for the classification
task with different classifier [53], [54], [55]. Another feature used for the
normal and deaf babies classification is short-time Fourier transform (STFT)
features with time-delay neural network (TDNN), general regression neural
networks (GRNN) and multi-layer perceptron (MLP) [56]. Analysis of normal
and deaf infant cries show that the ratio of the dominant frequency to the
fundamental frequency (Fo) is 3 in normal infants while this ratio is 2 in deaf
infants [57]. On the other hand, results reported in [58] shows that the number
of cry segments, specific segment length, average pause length and average
segment length parameters are not specific to hearing or deafness nor these

are good for gender classification. In [54], [55], [59] three-class classification is
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performed for classification of normal, deaf and asphyxiated infants using
features such as MFCC and wavelet-based features. Classification of normal

and asphyxia is also attempted using MFCC features in [5].

Other work on pathology classification is classification of normal and
pathological infant cries where pathologies considered are tetralogy of Fallot,
respiratory distress syndrome, intrauterine growth restriction (IUGR),
hyperbilirubinemia as reported in [4], [60]. There authors have given an
analysis of normal and pathological cries using several features such as
fundamental frequency (Fo), phonation, hyperphonation, dysphonation, the
number of changes in cry modes and unvoiced sounds. ANOVA analysis is
used to show the significance of these features and clear differences has been
found among the considered pathologies based on these features.
Classification is reported using MFCC feature set. Normal infant cries and
cries of infants with cleft palate are also classified using MFCC feature set
using HMM [61]. Same experimental setup is also used to classify infants
with normal health condition with infants suffering from respiratory distress.
In [62], the work is done to classify normal and infants with cleft palate,
preterm infants and sick infants (such as cri-du-chat and down’s syndrome)
using MFCC, linear prediction coefficients (LPC), linear prediction cepstral
coefficients (LPCC) and fundamental frequency features using HMM. MFCC
feature set has also been used to analyze cries of infants suffering from
hypothyroidism [63]. In the analysis of cries of infants with hypothyroidism,
it has been observed that 0th coefficient of MFCC is not useful and can be
ignored in the analysis. Analysis of infant cries of autism disorder is reported
in [64]. It was found that the pain cry in high risk infants has higher and

variable Fy compared to low risk group.

In last few decades, attempts have been made to classify and analyze
different cry types. The cry types defined by several researchers for infants

are hunger, pain, pleasure, discomfort, fear, anger and birth cry. Classification
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of fear, anger and pain cries using MFCC features is reported in [65], [66].
Hunger vs. no hunger and pain vs. no pain cries are classified using MFCC
feature set with support vector machine (SVM) classifier and NN ensembles
[67]. Analysis of pain and manipulation cries (cry during changing cloths) is
performed using Fo and Fi- F; [68]. It was observed that the Fyp and F; features
are correlated to each other while both work independently for context
identification (reason of crying which is pain or changing cloths). Fp and F;
contribute significantly to context identification. F> and F3 are not useful for
discrimination of pain and manipulation cries. In another study, hunger, pain,
and wet diaper cries are classified using the MFCC, short-time energy and
pause duration features. Score-level fusion of these features resulted in
classification accuracy of 80.56 % [69]. The same cry classification is also
performed using epoch and spectral features (MFCC features provide vocal
tract system information). Unsupervised Gaussian mixture model (GMM)
approach is used for classification [70]. In another work by the same authors,
epoch contour slope of epoch interval contour (EIC) and epoch strength
contour (ESC), epoch sharpness features are used for the same task [71], [72].
Some of the important results of classification of infant cry types in the

literature are shown in Table 2.1.
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Table 2.1. Literature survey of infant cry classification

S. First . Experimental
No. Author Problem No. of infants Features Results
Avinash H .
1. Singh et. Hnger pait 120 MFCC, EIC | GMM 78.96 %
& wet diaper
al. [70]
No. of infants not Pain no pain
s 0,
SadraE. m‘entloned, howevr, 209 MECC and its 96.41%
. Hunger and pain samples and 1418 no . Hunger no
2. Barajas . . 16 Principal o
[67] pain pain and another corpus components hunger 87.61 %
with 759 hunger and 868 P using NN and
no hunger SVM ensemble
M. Petroni Anger, fear 16 infants 195 cry episodes Art. NN: FENN
> [65] and pain sed out of 230 MECC best
P eedon 79.4 %
93.9 % using
4 Hariharan Normal and 6 deaf and 5 normal ( baby STFT GRNN
’ [56] deaf chillanto) 1 sec segments (General
regression NN)
Jose . .
78 recordings of 31 infants .
Orozco Normal and MECC with o
5. Carcia deaf 157 norrrcl:I 32;1587 9 deaf PCA (50) 97.43 %
[53] Y
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2.9 Literature Search on Sudden Infant Death

Syndrome (SIDS)

Research work for the study and understanding of sudden infant death

syndrome (SIDS) phenomenon is a challenging task. SIDS is caused by

maldevelopment or delay in maturation of the brainstem neural network that

is responsible for arousal and affects physiological responses to life

threatening challenges during sleep. Prone sleep position in infants is also

considered as a possible cause of SIDS. Another study shows that in this

position decreased arousal and response to pain are responsible factors for

SIDS [82]. Infant groups which are at high risk of SIDS are low birth weight,
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premature infants, infants experiencing an idiopathic apparent life
threatening event and siblings of SIDS. Prolonged sleep apnea is a
contributing factor in SIDS. Colton and Steinschneider found that cries of
SIDS infants are longer with a low Fyp and lower formant frequencies
compared to healthy term (HT) group [83]. Corwin showed that there is no
difference in cry duration in the two groups. In addition, the cries were found
to be of higher Fy and higher formant frequencies [84]. In the study of SIDS,
siblings of SIDS infants are considered. In one of the work reported in [85],
SIDS infants sibling’s cries are compared with the normal infant cries and the
cries are analyzed using the features such as overall cry duration, cry ratio
(expiratory cry to total cry duration), cry latency, first spectral peak, spectral
tilt (ratio of energy (0-1000 Hz) to energy (1000-5000 Hz), high frequency
energy (energy in 5-8 kHz). It was shown that the spectral tilt and first
spectral peak differs in SIDS sibling group (both values are higher than
healthy term (HT) group). SIDS group show higher latency than HT group.
Siblings group showed higher Fo. The factors of high risk include young
maternal age, birth rank, poor social conditions, low birth weight, asphyxia
and neurological damage at birth, subsequent siblings of SIDS victim and
cardio-respiratory abnormalities such as prolonged QT internal, excessive
periodic breathing, and prolonged sleep apnea [86], [87]. In a recent study, it
is found that the cries of SIDS infants are longer and have a high difference in

the absolute values of first and second formants [88].

Based on the literature presented in this chapter and summary of the
contributions (as described in Section 1.6), this thesis presents work on the

following aspects:

1. Infant cry data collection and corpus design
2. Investigating various signal processing challenges associated
with applying traditional and state-of-the-art signal processing

algorithms directly to infant cry signal.
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3. Detailed spectrographic analysis (including exploiting ten
different cry modes, selection of window length and window
type in STFT computation, justification of the use of narrowband
spectrogram opposed to the use of wideband spectrogram.

4. Analysis of infants at high risk (who are suffering from
respiratory distress and hence, may be prone to SIDS).

5. Use of higher-order spectra such as bispectrum with higher-order
singular value decomposition (HOSVD) for feature dimension
reduction for infant cry classification.

6. Classification of asthma and HIE pathological infant cries.

2.10 Chapter Summary
In this chapter, physiology of cry production and the role of CNS in the cry

production and control is explained. Dependencies of various factors which
affect the cry behaviour in infants are discussed. Along with this, cry analysis
methods such as time-domain, frequency-domain, spectrographic analysis,
computer-based algorithms are explained along with their comparative
advantages and disadvantages. The recent work in the proposed area is also
detailed with the limitation that their work cannot be compared because all
the researchers are working in this area are using their own datasets and each
of these studies are dealing with different set of pathologies and cry types.
Several possible fields of research in the infant cry processing are explored

with the latest work in that direction and the limitations of the present work.

In the next chapter, details of the corpus collected for infant cry
analysis are given. Procedure for data collection and ideal characteristics of
the dataset are given. Other databases which are also used in this thesis work

are also detailed in the next chapter.
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Chapter 3.

Data Collection and Corpus Design

3.1 Introduction

Analysis of infant cries may help in identifying the needs of the infants such
as hunger, pain, sickness, etc. and thereby developing a possible tool or
mobile application which can help the parents in monitoring the needs of
their infant. Analysis of cries of infants who are suffering from the
neurological disorders and severe diseases (which may, later on, result in
motor and mental handicap) may prove helpful in early diagnosis of these
pathologies and possibly preventing infants from such disorders. For the
analysis of infant cries and for the development of such tools, development of
an infant cry corpus is necessary. Infant cry database is not available
commercially for research which limits the scope of research in this area.
Because the cry characteristics changes with several factors such as reason of
crying, infant’s health and weight, age, efc., care is required while designing a
corpus for a particular research application of infant cry analysis and

classification.

In this chapter, ideal characteristics of the corpus, factors influencing cry
characteristics are proposed and author’s experiences during data collection
are shared. This study may help other researchers to build infant cry corpus
for their specific problem of study. Justification of the proposed characteristics
is also given along with suitable examples. In addition, description of corpora

used in this thesis is also given with their statistics and metadata information.

3.2 Need for Infant Cry Database or Corpus

Cry is the first response of an infant as a result of interaction with the external

world. Till an infant learns to speak, it is the only mechanism to communicate
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with which he or she can express his or her needs and ask for attention. Infant
cry is an important signal for analysis of an infant’s health condition. Analysis
of infant cries may help in identifying the needs of the infants such as hunger,
pain, sickness, etc. and thereby developing a tool or possible mobile-based
application which may help the parents in monitoring the needs of their
infant. Analysis of cries of infants who are suffering from the neurological
disorders and severe diseases which can, later on, result in motor and mental
handicap, may prove to be helpful in early diagnosis of these pathologies and

prevent infants from such disorders.

The main challenge in the infant cry analysis and classification is the
unavailability of the statistically meaningful database (or at least sufficiently
large number of infant cry samples). Collecting a database requires
permissions from the hospital authorities and parents as well. Getting cry
signals of infants suffering from pathology is furthermore difficult. Getting a
statistically significant corpus is a challenging task. Most of the researchers
working in this area have their own database with different sets of infant cry
types, recording conditions, microphones, age groups, different pathologies
and different weights of infants. Standard database for the task is not

available which also restricts the comparison of different research works.

Cry signal characteristics changes with several factors such as reason of
crying, the age of the infant, efc. in this area. In pathological cry analysis, cry
characteristics changes with the severity of the disease. In such cases, long-
term follow up of the infant is required which is a time-consuming and
difficult task. All these effects altogether pose a challenge to the researchers to
work in this area and contribute towards it. In this chapter, the effect of these
factors on the infant cry analysis is presented and the general guidelines for
data collection and corpus design are suggested so that the researchers who

are interested to work in this area can collect their data accordingly and
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design their corpus which can be used potentially in their research work. This

study will help in possible standardization of infant cry corpus preparation.

3.3 Ethical Issues in Infant Cry Data Collection and

Protection of Human Rights

Infant cry recording is a very sensitive task involving dealing with newborn
human participants. Researchers have considered pain cry and hunger cry for
infant cry analysis. To record the pain cry, how stimulation should be given to
the infants is a debating issue for a long time. In the medical-domain, pain cry
is recorded by giving a rubber snap on infant’s foot. As far as this is done by a
medical practitioner, parents generally do not object. However, for others,
they do not allow to do it on their child. Even hospital authorities also do not
allow using such practice for data collection purpose. Data collection of pain
cry is possible only while immunization process or during treatment if the
injection is given. Data collection of pain cries during immunization process
give several advantages such as the amount of stimulation is controlled
(which is not the case in other methods), cries collected will be of the similar
age groups as for a particular vaccine, specific age is defined and generally, in
immunization units, silence is maintained. Recording of hunger cry is even
more difficult. For data collection of hunger cry, the only option is to wait
until infant gets hungry. Another important issue is to convince the parents
for the purpose of data collection and getting their approval. For normal
infants, this part is comparatively easy. However, when an infant is sick,
especially, those who have severe pathologies, this task become very difficult.
In these cases, emotional status of the parents should be taken care and all
their decisions even if it is not positive for data collection should be respected

without hurting their sentiments.

To look into these sensitive issues such as the method of cry

stimulation and protection of human rights, Institutional Ethics Committee
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(IEC) is formed by hospital authorities. The objective of the IEC is to ensure a
competent and consistent ethical review mechanism for health and
biomedical research proposals dealt by the committee as prescribed by the
ethical guidelines for biomedical research on human participants (Indian
Council of Medical Research (ICMR) [89] in India or Council for International
Organizations of Medical Sciences (CIOMS) and World Health Organization
(WHO) guidelines [90] or respective country’s guidelines). The ethical
committee ensures that the procedures used for scientific research on human
participants do not harm the participants under study. It looks into the
feasibility of the research area and the methods used in the study for research
and its application for future use. The composition of IEC is multidisciplinary
and it includes experts from several disciplines such as medical, legal, social
welfare area, lay person and clinician from different institutes to have

independence in the composition of the committee.

The research proposal for infant cry research and data collection
should be reviewed by the IEC and the consent for data collection needs to be
taken before collection of infant cries. During data collection, general
principles in biomedical research involving human participants should be
followed as mentioned in “Ethical Guidelines for Biomedical Research on
Human Participants” described by Indian Council of Medical Research, New
Delhi or respective hospital’s guidelines (for other countries). Based on these
recommendations, few important guidelines for the infant cry data collection

are as follows:

a. The participation of infants must be voluntary in nature. No one can be
forced to be a part of this study.

b. Before participation in the data collection, parents must be informed
about the purpose of the study and the method of data collection.
Written consent must be obtained from the parents (because the

participants are minor in this study).
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c. The data and associated metadata of the parents and infants who have
participated in the study should be kept confidential.

d. Data can be collected using a hand-held recording instrument to
ensure minimum risk or non-intrusion to the infant.

e. Data should be collected by the researcher to avoid chances of
mishandling of the data and privacy of the participants.

f. Data should be collected in the presence of medical practitioners to
avoid any possible harm due to accidents and get their feedback on the

research work for normal vs. pathological cases.

3.4 Metadata Preparation

Before collection of the infant cry data, parent consent form and participant
information form must be prepared with due care. The parents consent form
must indicate the purpose of the study, method of data collection, terms of
compensation in case of any injury occurred during data collection and
privacy conditions. For the preparation of the subject (infant) information
form, the purpose of the study is very important. For example, in normal
healthy infants, the cry acoustics are dependent on the reason of crying.
However, cry acoustics are dependent on the pathology and its severity in
pathological cry analysis. Since, it is difficult to collect data from infants, it is
advisable to get as much information about the infant in the participant
information form as possible, so that the database can be used for several
purposes. The details required in the participant information form are: name
of infant, date of birth, weight at the time of birth, gestation age (GA) at the
time of birth, current weight, reason of crying, gender, details of siblings,
history of any sibling deaths, parents name, any genetic disease to any of the
parent, their educational qualification (in some studies of child development
it has been observed that infant’s language development is directly related to
his mother’s educational qualification) and date of recording with *.wave file

name. In the case of sick infants, details of disease and doctors comments
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about the severity of disease are necessary. A template for metadata

preparation (Subject Information form) is shown in Appendix A.

3.5 Ideal Characteristics of Infant Cry Corpus
The desirable characteristics of the infant cry database are as follows:

a. The reason of crying should be similar in a particular class for the
infant cry classification task.

b. The age group under consideration should be similar.

c. The weights of the infant should not vary too much.

d. In the study of premature infants, gestation age (GA) is important to
consider for infant cry analysis.

e. During data collection of pain cries, pain stimulation must be similar
for all infants.

f. The number of cries, as well as the number of infants, should be
significantly high to give statistical meaning to the findings or results.

g. The cry utterance should be long for the study of reasons of crying.

h. Sampling frequency (Fs) should be kept high.

i. In neonatal infants (0-1 month), cry characteristics changes very
frequently due to the rapid development of the respiratory system and
its coordination with central nervous system (CNS). This group can be
considered separately.

j. Infants having less than 3 months of age are obligate nose breathers,
this group of infants can be dealt in a different class from their older
infants. After the age of three months, infants have separate paths for
food and air (for breathing) and hence, it becomes more like an adult
system. Thus, they form a separate group in the cry analysis.

k. In pathological cry analysis, number of participants should be high to

give a better understanding of the reason of crying. Collecting more cry
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3.6

samples from very few infants (participants) may not give statistically
significant / reliable results.

In the study of pathological cries, the reason of crying should be the
same. The reason of crying will give changes in acoustic features in
addition to the changes in acoustic features due to presence of

pathology.

. Infants, who have a history of sibling’s deaths, their cries can be

analyzed separately. Furthermore, such infants are considered as high

risk infants in the study of SIDS.

Efforts and Experiences during Data Collection

Some efforts and experiences during data collection are as follows:

a. On the day of recording, concerned doctors and concerned staff were

also informed about the purpose of the study and they had been very
cooperative during the recording of cry samples and in describing the
pathology of the infants. They tried to maintain silence as far as
possible.

Sometimes, it was difficult to convince the parents to give consent for
recording. However, no one was forced to give permission for cry
recording rather recording was done for only those infants whose
parents voluntarily agreed for this task.

Because of the presence of 4-6 doctors and several infants and their
mothers present in outdoor patient department (OPD) room,
sometimes noise-level was very high. Such cases were ignored in the
analysis.

At times during the recording of an infant’s cry, the cry of another
infant present in the same OPD was dominating. It made the recording
task very difficult. Such cases were excluded while recording. In the

case of too much noise, it's better to stop recording the infant cries.
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Instrument settings can be adjusted and it should be placed near to the
infant’s mouth in order to minimize the surrounding noise effects to a
certain extent.

e. Sometimes as soon as voice recorder was taken near to the infant for
the recording of cry, infant keeps quiet and was found to start
observing the recording instrument. Such cries are also discarded from
the analysis as a transition in infant’s behaviour changes the prosodic
content of the cry.

f. Almost all the infant cries were spontaneous. For getting a cry sample,
none of the infants was given any external stimulation for data

collection purpose.

3.7 Database Collected and Used in the Research

In this work, to show the results and illustrations, we have used two
databases which were collected from various hospitals of India. While the
recording of the cry, doctor's comments were also recorded. One more
database is borrowed from other researchers called Baby Chillanto database.
Database collected by the researcher is referred as Corpus I in this work [91].
Data was collected from the Civil Hospital, Ahmedabad, India, the biggest
hospital in Asia and one of oldest and modern hospital in India [92]. For data
collection, permission has been granted by the hospital authorities. Data were
collected under the observation or supervision of senior doctors and resident
doctors. Data was collected from the pediatric outdoor patient department
(OPD) and pediatric ward. For data collection, Zoom H4n portable recorder
was used. It has a 24-bit quantization and 96 kHz adjustable sampling
frequency. In our experiment, we kept sampling frequency at 44.1 kHz. All
signals were recorded in stereo mode in *.wav format. Data is then transferred
through a USB cable to a laptop. Data was collected from OPD unit where
there are at a time 4-6 doctors observing the patients. The data was recorded

in real-life noisy environments. As far as possible, noise effect has been tried
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to suppress by reducing the area coverage range of recording instrument. The
recorder was kept at a distance of 5-6 cm away from the infant’s mouth to
further reduce noise effect. In all the cases, the infant was sitting in his/her

mother’s lap.

The other database collected by Ms. Neeharika Buddha is referred as
Corpus 1I [93]. Infant cry data in this database was collected from three places,
namely, 1. King George Hospital, Visakhapatnam, India (from this hospital,
data of neonates was collected), 2. Prabha Nursing Home, Visakhapatnam,
India (from this hospital, first cries of newborns were recorded) and 3. Child
Clinic, Visakhapatnam, India (from the child clinic cries of sick infants and
pain cries of normal infants during vaccination were recorded). Corpus II was
collected with a portable Cenix digital recorder with an external microphone.
The sampling frequency of the recording was 12 kHz and it was quantized at
16-bits PCM. Most of the recordings were done in a silent area. However, in
some cases (especially, in the case of sick infants) sounds of parents
pampering the infants were also recorded (which was naturally unavoidable).
The corpus statistics are shown in Table 3.1-Table 3.10.

Table 3.1. Distribution of infants

S. No. Type Corpus I Corpus I1
1. Normal infants 93 61
2. Pathological infants 56 26

Table 3.2. Distribution of samples over gender

S. No. Gender Corpus 1 Corpus I1
1. Boy 114 38
2. Girl 60 49

sometimes more than one cry samples are collected from a single infant.

Table 3.3. Detailed distribution of samples over gender for Corpus I

Normal Pathological Pre-term Fullterm Pain Hunger
Boy 30 20 6 44 27 23
Girl 31 6 3 34 25 12
Total 61 26 9 78 52 35
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Table 3.4. Distribution of samples over cry type for Corpus I

Hunger Pain
Normal 17 45
Pathological 32 8

Table 3.5. Distribution of samples over age for Corpus I

Age Number of samples
1 day 23
<1 week 38
>1 week and <1 month 31
1-6 months 37
6 months- 1 year 22
1 year - 1.5 years 13
Table 3.6. Distribution of samples over age for Corpus II
Age Total
1-7 days 6
<1 month 7
1-4 months 37
4-8 months 20
8 months-1 years 14
1 year - 2 years 3

Table 3.7. Distribution of samples over pathologies for Corpus I

Pathology Total infants

Brain hemorrhage 1
Cleft lip 2
Diarrhea 2

Down syndrome 2
Gastritis 3

Heart disease 2
Hydrocephalus 2
Hypo calcium 1
Mal nutrition 2
Pneumonia 2
Pyomeningitis 4
Upper respiratory tract infection 8
Bronchitis 2
Jaundice 1
Epilepsy 2
Thelesimia 3

Table 3.8. Distribution of samples in special cases for Corpus I
Case Total infants

Siblings Death History 9
C section Delivery 30
Normal Delivery 57
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Table 3.9. Distribution of cry recordings in different health conditions for Corpus II

Class Number of cries
Newborn Normal birth 45
Newborn preterm 36
Normal healthy cry 93
Pathological 56

Table 3.10. Distribution of pathological cry samples among several pathologies in Corpus II

Pathology Number of cries
Asthma 7
HIE 14
Hyper bilurubin 4
Meningitis 4
Respiratory distress 10
Miscellaneous cry (fits, heart disease, broken bones, larynx not 12
developed, jaundice, cleft lip, high risk baby)

Another database used in our work for some experiments in few
sections of this thesis, is the Baby Chillanto database. In this thesis, this corpus
is referred as Corpus III. The Baby Chillanto Database is a property of the
Instituto Nacional de Astrofisica Optica y Electronica-CONACYT, Mexico.
We like to thank Dr. Carlos A. Reyes-Garcia, Dr. Emilio Arch-Tirado and his
INR-Mexico group, and Dr. Edgar M. Garcia-Tamayo for their efforts and
dedication towards the collection of the infant cry database. This database
contains two kinds of samples, one contains complete recordings of
individual crying, and the other has the same samples divided into one
second duration segments. The cry samples were collected by medical doctors
from several specializations in pediatric or specialized hospitals. The normal
infant cries have hunger and pain recordings. The other samples are the cry
recordings of the deaf infants and infants suffering from asphyxia [54]. This
database is used for comparison of normal and other pathological signals of
infant cry from the cries of infants who are deaf or suffering from asphyxia.

The statistics of the database is given in Table 3.11 and Table 3.12.

Table 3.11. Number of cry recordings of normal, deaf and asphyxia cries in Corpus 111

S. No. Health Number of Recordings
1. Normal 21
2. Deaf 52
3. Asphyxia 6
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Table 3.12. Number of cry samples (1s duration) in various health conditions in Corpus IIT

S. No. Health Number of Samples
1. Normal 507
2. Deaf 879
3. Asphyxia 340

3.8 Factors Influencing Infant Cry Characteristics

The ideal and desirable characteristics of the infant cry corpus are mentioned
in Section 3.5. In this Section, justification of these characteristics is given with
suitable examples using earlier studies on infant cry analysis and narrowband
spectrograms which represent the joint time-frequency energy density of
infant cry signal. Spectrographic analysis has been used in infant cry analysis
by the several researchers, e.g., [39] and [94]). Several factors which influence
the cry characteristics need to be considered while collecting the infant cry

signal for corpus preparation. Some of these factors are as follows:

3.8.1 Variability of Acoustic Features with Age (newborn to 1 year)

An important factor to be considered in the analysis of infant cry is variability
of acoustic features with age. The effect of acoustic features is shown in Figure
3.1- Figure 3.3 using cry samples taken from Corpus II cry samples. In these
figures, the spectrograms of the infant cry signals of different ages, i.e., 2
months, 6 months and 12 months old are shown. All the cry signals are of
normal infants for the same reason of crying (pain). From the spectrograms, it
is observed that as the infant grows older, the cry duration increases. In
younger infants, the pauses between the cries are longer and cries are of short
duration. As the infant grows, he or she learns to control the respiratory
movements and have better neural control. Because of which, the cry duration
becomes longer. In neonates, the respiratory rate is 40 rpm (respirations per
minute), which reduces to 30 rpm in infants of age 12 months whereas
respiration rate is 20 rpm in the case of adults. Another important observation
is that the power in the cry signal increases with the growing age. It also

shows the improvement in the muscular strength of the voice production
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system. It has already been reported by the researchers that with the growing
age of the infant, pitch and formants of the cry signal decreases due to

increase in vocal tract length.
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Figure 3.1. Spectrogram of a 2 months old infant’s cry sample (a) time-domain signal, (b)
narrowband spectrogram and (c) power plot of (a).
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Figure 3.2. Spectrogram of a 6 months old infant’s cry (a) time-domain signal, (b) narrowband
spectrogram and (c) power plot of (a).
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Figure 3.3. Spectrogram of a 12 months old infant’s cry sample (a) time-domain signal, (b)
narrowband spectrogram and (c) power plot of (a).

All these changes in the cry pattern cause difficulties in the analysis of the

infant cry. However, for adults, the change in the fundamental frequency (Fo),
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formants and duration features for the same pronunciation are comparatively
small (because of well-defined rules for the pronunciation of a particular
phoneme). Effect of the development of the speech production system has
been observed in our analysis of an infant whose cries were recorded for 20
days from the day of birth (from the same infant). The results of analysis are
shown in Table 3.13, where the mean fundamental frequency (mean Fo),
maximum fundamental frequency (max. Fo) and unvoicing ratio (VUV ratio,
which is the ratio of number of unvoiced frames to total number of frames in
a cry) of the cry is calculated from the cry recording. The ratio of unvoicing in

the cry is also calculated to show the development of the vocal olds.

Table 3.13. Variation of acoustic features with age on Corpus I

Age in days Mean Fy Max Fo VUV ratio
0 428.57 800.00 0.95
1 393.44 857.14 0.67
3 400.00 1333.00 0.59
10 406.60 750.00 0.71
15 406.78 1090.9 0.64
20 400.00 857.14 0.62

From Table 3.13, it can be observed that the mean Fy of the infant cry
reduces with the development of the vocal system. However, with the
maturity of neural control system and speech production system, infant learns
to modulate the cry and can increase the fundamental frequency (Fo) or pitch
upto 1 kHz. These high-pitched cries are used by the infants to draw the
attention of the caretaker in case of emergency. The voicing content in the cry
also increases with the age and cries become rhythmic. From Figure 3.4, it is
observed that with age the respiratory control of infant becomes better and it
results in longer duration of cries. This also results in higher energy in the
cries with increasing age. Along with this, instead of having abrupt changes
in the energy at the inspiratory durations, the energy transitions become
smoother (compare newborn and 20% day cry signal energies for the same
infant). Moreover, we can observe vibration pattern in Fo contour as compared

to only rising pattern which is visible in the first day cry.
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Figure 3.4. Variation of acoustic features in infant cry with age (Fs= 12 kHz). Panel I: birth cry,
Panel II: Day 1 cry, Panel III: day 4 cry, Panel IV: day 11 cry and Panel V: day 20 cry.
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In all the subfigures: (a) represents short-time energy of the cry signal, where X- axis is the
frame index and Y-axis is the signal energy, and (b) shows the spectrogram and fundamental
frequency (Fo) contour of the cry superimposed on the spectrogram of the cry where X- axis is
the frame index and Y-axis is the frequency in Hz. All samples are taken from Corpus I.

3.8.2 Variability of Acoustic Features with Weight of the Infants

Cry characteristics in infants with different weights follow the same trends as
that of age. Infants with higher weight in the respective age group show
dominant prosodic marks in their cry. From the 10t day after birth, when the
post-birth weight loss is usually regained, there is a steady increase in weight
so that during the first three months an average baby gains about two pounds
per month, or nearly one ounce per day. At five months, the birth weight is
doubled. Beginning at six months, there is only a one pound gain per month
in weight so that the birth weight is tripled at the end of the first year and
quadrupled at the end of the second year [95].
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Figure 3.5. Infant of 2.1 kg weight of age 4.5 months of age (Fs= 44.1 kHz). (a) time-domain
signal, (b) narrowband spectrogram and (c) power plot of (a).

Time (s)

Figure 3.6. Infant of 6.2 kg weight of age 5 months of age (Fs= 44.1 kHz). (a) time-domain
signal, (b) narrowband spectrogram and (c) power plot of (a).
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Figure 3.5 and Figure 3.6 show the variability in the acoustic features
for the infant cries of two infants with almost same age, however, with
different weights (samples from Corpus II are used). Comparing the
spectrograms of the low weight and high weight infants (especially, in the
present case, the weight difference is very high), it can be observed that for
low birth weight infant, the duration of cry is small and it has poor control on
the respiratory system. Fy is also high in the low weight infant. In premature
low birth weight infants, the pitch is found to be higher than the normal full-
term infants. The power content and prosodic variations are high in high birth
weight infant. Improvement in the weight of the infant is correlated with the
development of neural, muscular, and anatomical structures. It is also an
indication of the integrity of the various anatomical structures with the neural
system. In the case of adults, because the voice production system is fully
developed, the variations in weight of the participants do not change the
results of the speech analysis or recognition. However, recently, an attempt
has been made to estimate the height of a person from the state-of-the-art

spectral features, namely, Mel frequency cepstral coefficients (MFCC) [96].

3.8.3 Cry Type Differences

The cry characteristics also change with the reason of crying. The researchers
working on the infant cry analysis divided the cry types into four types,
namely, birth, hunger, pain and pleasure. The characteristics of the cry such
as durational features and fundamental frequency (Fy) based-features vary
with the type of cry. For example, the mean maximum and minimum pitch
for the hunger cries are 550 Hz and 390 Hz, whereas these parameters are 650
Hz and 360 Hz, respectively, for pleasure cries. On the other hand, in birth
cries these are 550 Hz and 450 Hz, for pain cries the values of maximum and
minimum pitch are 650 Hz and 400 Hz, respectively [11]. Sometimes, infants
also cry because of fatigue, however, these cries are very difficult to identify

and collect. Hence, these are ignored in our analysis and most of the literature
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which deals with signal processing aspect of infant cry does not have an

analysis of this cry type.

3.8.4 Anatomical Differences in Airways

Infants have a proportionately larger head and tongue, narrow nasal
passages, an anterior and cephalad larynx (at a vertebral level of C3-C4), a
long epiglottis and a short trachea and the neck. Vocal folds in infants are 3-5
mm long and the composition of the vocal folds is uniform. The vocal folds in
infants are much smaller than vocal folds of adults and they lack lamination
seen in the adults. This lamination plays an important role in the theories of
phonation studies. Vocal fold length reaches to 7.5 mm by the age of 5 [97].
These anatomic features make neonates and most young infants obligate
nasal breathers until about 3-4 months of age. The cricoids cartilage
(subglottis) is the narrowest point of the airway in children. All these
anatomic differences make signal processing of the infant cry difficult than
the adult speech signal. The position of the larynx in the infants is close to the
base of the skull. This high position of larynx helps in forming a closed
passage from nose to the lungs. The newborn infants can move the larynx
upward in the nasophagus. The soft palate and the epiglottis affect a double
seal and liquids can flow through the larynx while air flows through the nose
through the larynx and through the trachea down to the lungs. There is no
possibility of choking by having lodge into the larynx as is the case with the
adults. Moreover, infants are obligate nose breathers, i.e., they do not breathe

through the mouth even in the case of nose blocking [24].

Shorter length of vocal tract results in high formant frequencies as they
have an inverse relationship (as shown in eq. (4.3) in Section 4.2) [98].
Normally, the first two or three formants are studied in infant cry analysis.
The first two formants of infant cry are observed at 1100 Hz and 3000 Hz,
respectively. This can also be approximated from the vocal tract length of the

infants which is approximately 7 cm in length. The tongue in the newborn is
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long and thin compared to adult human being. The tongue is positioned in
the oral cavity and does not have almost circular shape. This difference in the
tongue shape makes it impossible for a newborn to produce supralaryngeal

vocal tract area function that is necessary to produce sounds [11].

3.8.,5 Variability of Acoustic Features with Gestation Age (GA) in
Premature Infants

In premature infants, the cry characteristics changes with the gestation age
(GA). GA is the age of the infant counted from the date of conception of the
fetus and is measured in weeks. A normal pregnancy range from 38-42 weeks
and an infant born before 37 weeks are considered premature. It has been
shown that infants born with 31-33 weeks of GA have a smaller duration of
cries (~1.2 sec) compared to infants born with 38-41 weeks of age (~2.6 sec).
The mean maximum pitch and mean minimum pitch values are also higher in
infants with low GA. In infants with 31-33 GA, the mean minimum and
maximum Fy values are 990 Hz and 470 Hz, respectively. The values of these
parameters are 750 Hz and 370 Hz, respectively, in infants born with 38-41
weeks of GA [99].

3.8.6 Variability of Acoustic Features with Pathologies

All pathologies effect differently to different organs in the infants as well
as in adults. In the spectrographic analysis of the cries, various differences in
the cry modes are observed for different pathologies. Some of the
spectrographic analysis of the pathological infant cries is given below.

3.8.6.1 Cry of an infant suffering from laryngomalacia
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Figure 3.7. Spectrogram of an infant cry suffering from laryngomalacia taken from Corpus II.
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Spectrographic analysis: It is observed from Figure 3.7, that

1. Dysphonation and inspiratory phonation are dominating.
2. Double harmonic break, glottal roll, glide are totally absent.

3. Spectral resolution is poor.

3.8.6.2 Cry of an infant suffering from asthma
Spectrographic Analysis: Due to frequent inhalation, inspiratory phonation is
observed in the spectrogram as shown in Figure 3.8. The double harmonic

break is visible in the spectrogram of the cry.

1. Because of the problem in breathing, inspiratory phonation is frequent
in the spectrogram.
2. Rising and falling modes are present. It is similar to normal infant cry.

Frequency

Hyper phonation falling inspiratory Rising double harmonic flat
Phonation breaks

Figure 3.8. Cry modes present in the spectrogram of an infant cry suffering from asthma
sample taken from Corpus II.

3.8.6.3 Cry of an infant suffering from congenital heart disease

Spectrographic Analysis: Spectrogram of an infant cry suffering from congenital
heart disease is shown in Figure 3.9. It can be observed that the melody type
is rising followed by falling, same as a normal infant. Glottal roll is present in

the spectrogram and dysphonation is dominating in the spectrogram.

Frequency

Rising dysphonation falling glottal roll inspiratory phonation
Figure 3.9. Cry modes present in the spectrogram of an infant suffering from congenital heart
disease sample taken from Corpus II.
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3.8.6.4 Cry of a normal infant

Spectrographic Analysis: Spectrographic analysis of the normal infant cry
shows that the infant cry has rising cry melody followed by falling melody
pattern. Inspiratory phonations are visible in the cry. However, the duration

of the inspiratory phonations is smaller than the pathological cases.

Frequency

Rising inspiratory phonation falling
Figure 3.10. Spectrogram and cry modes present in the spectrogram of a healthy normal
infant’s cry sample taken from Corpus I.

From the above analysis of the spectrograms of normal and pathological
infant cries, it can be observed that pathological cries have vibrations, double
harmonic breaks (many times also correlated to the muscular pain [40]) and
dysphonation (i.e.,, unstructured energy distribution) modes in their
spectrograms. A Higher percentage of dysphonation, the presence of double
harmonic breaks and glottal roll may be attributed to the presence of some
disorder, though these are not yet found to be specific to any disease or
pathology. Thus, which pathologies should be considered for the analysis of
the infant cries during data collection is an important aspect. In specific cases
such as deafness and asphyxia, differences in the cry patterns are observed
compared to normal infants, even through auditory inspection of the infant
cries. However, it does not give reliable classification or distinction among
these cries. Pathologies which are not due to neurological disorder, the class-
specific features in the cry may not reflect in cry acoustics. Thus, a detailed
study of the pathologies which are to be considered in the analysis is
compulsory in order to avoid wrong selection of pathologies. On the other
hand, pathologies which reflect differences in the infant cry acoustics are

difficult to find among infants. Thus, creating a statistically significant
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database is a challenging task. In such cases, suggestions from medical
practitioners and nurses can be proved tremendously helpful before starting
data collection. The detailed spectrographic analysis of normal and

pathological infants is presented in Chapter 5.

3.8.7 Birth Cry or First Cry Analysis

Birth cry is considered as a separate cry type because it conveys important
information about the health of the infant. The birth cry is a symbol of the
beginning of a healthy life. This is the first response of the newborn to the
external world after coming out from the liquid atmosphere of the uterus to
air. It ensures proper functioning of the lungs and this is the first time lungs
full up with air and expands to its fullest capacity. It also helps the babies to
get rid of any amniotic sac present in the lungs and nasal cavity [3]. After the
birth, if an infant doesn’t cry, it implies that something may be wrong with an
infant and that infant has to be rigorously investigated by the pediatrician.
Pediatricians use the apgar score to test the health of the newborn. To
evaluate the apgar score, five parameters (namely, complexion, pulse rate,
reflex, activity, and respiration) are rated on a 0-2 scale and they are summed
to get the apgar count. Infants with score 7 or above are normal healthy
infants and those with score 3 or below are regarded as critical. The detailed

study of newborn’s cry analysis is presented in Chapter 5.

3.8.8 Stimulation for Cry Production

As discussed in Section 3.8.3, during collection of the pain cries of infants, the
important question is the how the stimulation should be given to the infants
to elicit pain which can result in crying. The procedure should be such that it
follows the human ethics, guidelines and acceptable to the parents of the
infants as well. The amount of stimulation should be maintained same for all
the infants during data collection. Best possible solution to this is to collect
infant cry data during vaccination. It has two advantages, namely, pain

stimulation is not objectionable by the parents and it is fully controlled by the
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experienced practitioner. Secondly, infants of same age group will be covered
in the analysis which adds accuracy and consistency to the results of the

research.

3.8.9 Room Acoustics

The environment of data collection should be as silent as possible. However,
it is difficult in infant cry analysis because in hospitals many infants may cry
at the same time. Moreover, parents may interfere in the recording in order to

sooth their babies. Hence, efforts must be made to minimize the noise.

3.8.10 Time and Duration of Infant Cries

In the case of pain cries, the recording should be done as soon as the
stimulation is given to elicit the infant cry. In the case of pathological cries
(neurological disorders), it has been noted that the latency (duration between
stimulation and cry production) is higher compared to normal health infants.
This feature may help in classifying the pathological infant cries. It is always
better to have a complete recording of a cry utterance (from start to end when
the infant stops crying), in order to study the cry behaviour using prosodic

features. This analysis may help in identifying the reasons of crying.

3.8.11 Recording Device

A small hand-held voice recorder (with the high sampling frequency and
excellent bit depth or resolution) is preferred so that one can move it closer to
crying babies as soon as he or she cries. Recent advances in recording
instruments have made available, very small size microphones which can be
attached to the infant’s clothing so that spontaneous cries can be recorded and
there is no need to give stimulation for cry generation. Such recording can be
helpful in studying the developmental aspects of the infants and for a long-

term follow up in the case of sick infants.
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Figure 3.11. Cepstrum analysis with lifter size Panel I- 10 samples, Panel II-12 samples, Panel
III- 20 samples and Panel IV- 25 samples for infant cry signal at the sampling frequency of 12
kHz. In all the subfigures: (a) speech signal, (b) real cepstrum of (a) and (c) cepstrally
smoothed vocal tract frequency response superimposed on STFT obtained by liftering (b).

Data should be recorded at a high sampling frequency (Fs) such as 22 kHz or

44.1 kHz. Reasons for using high sampling frequency are as follows:

1. The fundamental frequency (Fo) in infants is higher than the male voice,

female voices and children voices (due to the small mass of the vocal

folds). Fo in infants are found in the range of 350 Hz to 1.2 kHz. High

sampling frequency, gives better resolution in fundamental frequency

estimated using computer-based algorithms.

The vocal tract length in infants is small (about 7.5 cm) which is half of the

vocal tract length in adults. Small vocal tract length results in high formant

frequencies almost double than adult’s formants. The theoretical values of

formants in infants are 1.1 kHz, 2.2 kHz and so on. Thus, using lower
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values of sampling frequency limits the number of formants to be covered
in the available spectrum of the infant cry signal which is half of the
sampling frequency (due to Shannon’s sampling theorem).

3. Choosing a lifter size (i.e., the window in cepstrum-domain) in cepstrum
analysis of infants is a difficult task with the smaller sampling frequency.
Changing the lifter size by a single sample value in low F; signal results in
large variation in the cepstrum source and system response separation
(called as deconvolution). This effect is illustrated in Figure 3.11, using the
infant cry sample of 12 kHz (Corpus I). It can be observed from the Figure
3.11(a)- Figure 3.11(d), that as the lifter size is changed from 10 samples to
25 samples, the system response capture source information instead of
system related information, i.e., formants. Thus, to use cepstrum analysis
in an effective way, high sampling frequency is required. Further details of
the cepstral analysis of infant cry signal are presented in Section 4.5.

4. Higher Fs provides a sufficient number of samples between two glottal

closure instances (GCls), necessary to detect GCI parameters.

3.9 Chapter Summary

In this chapter, important factors affecting the data collection of infant cries
are discussed with suitable references and examples. It is shown that the
prosodic marks, duration, voicing, power and short-time energy of the infant
cry signal changes significantly with the infant’s age, weight and reason of
crying. Analysis of infant cries, without considering these variables (i.e.,
factors) may give misleading experimental results. This study may be helpful
for those researchers who want to work in the area of infant cry analysis for
the purpose of possible medical diagnosis, developmental studies,
infant’s/parent’s behavioral studies and cry analysis and signal processing

research.
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Apart from the factors reported in this Chapter, other factors may also
affect the cry characteristics such as change of place, crowd, improper
handling of the infant, etc. though it is difficult to cover all the factors in an
analysis and considering more factors in data collection process makes the
task even more difficult. Hence, it is upto the research problem and
availability of infant cry signals which needs to be balanced by the researcher.
Similarly, in the participant information form, other factors can also be
included keeping in the mind the possible use of the database for the future
research. For example, in the study of effects of a drug on the infant
development during the prenatal or postnatal period, one can add a column
indicating the use of the drug and its dosage in daily routine or combination
of the drugs to find out their possible consequences. In another example, one
can also study the effect of multilingual environment in infant cry patterns
and can relate it to their language acquisition skills. In all, its upto the vision
and area of the researcher to decide which questions or details should be
asked while collecting the infant cry samples so that it can be used in a long
term and maximum information can be explored from it for particular
research problem. After preparation of infant cry corpus, the signal
processing challenges associated with infant cry analysis are presented in the

next chapter.
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Chapter 4.

Signal Processing Challenges in Infant Cry
Analysis

41 Introduction

In this chapter, signal processing challenges associated with infant cry
analysis are presented. Most of the speech signal processing applications,
such as, speech recognition, speaker recognition, speech synthesis and voice
conversion systems are designed for adult speeches only [100], [101], [102],
[103], [104], [105], [106], [107], [108], [109]. Some work is done on speech
enhancement in noisy conditions for adult voices [110], [111]. Researchers
have worked on the prosodic context of speech for emotion recognition and
defining new prosodic features using speech signal and articulators used
[112], [113], [114]. Researchers have also made efforts towards understanding
the speech production mechanism [115], [116]. In speech signal processing-
domain, female voices are considered difficult to analyze compared to male
voices due to their high pitch (or fundamental frequency, Fo) and thus, having
associated spectral resolution problem [126]. In infants, the pitch is even higher
resulting in distantly spaced excitation source harmonics which in turn makes
the infant cry signal processing much more difficult and challenging. A
comparison of male speech, female speech, child speech and infant cry signal
for different signal processing methods is presented in this chapter to
illustrate the practical problems associated with applying traditional and
state-of-the-art methods directly to the infant cry signals. The analysis
presented in this chapter may find its significance in the development of new
signal processing algorithms suitable for infant cry analysis and possible

technical application of social relevance.
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In this chapter, four signal processing methods are explored for infant cry
analysis, namely, short-time Fourier transform (STFT) analysis, linear
prediction (LP) analysis, cepstral analysis and Teager energy operator (TEO)
analysis. In all the analysis, the infant cry samples of Corpus II are used. A
detailed description of the corpus is given in [93]. For the analysis of adult
speech, TIMIT database is used which is recorded at a sampling frequency of
18 kHz. In the TIMIT database, there are sentences spoken by the adult male
and female speakers and the duration of these sentences is 1-2 seconds. In all
the analysis of speech samples, the sampling frequency of all the signals is

downsampled to 12 kHz (if it is higher than this).

4.2 Short-Time Fourier Transform (STFT) Analysis of
Speech Signals

The short-time Fourier analysis is widely used in speech analysis applications.
Speech is not stationary, especially over a longer duration. Thus, a single
Fourier representation of speech does not convey a meaningful interpretation
of speech signal. To represent the speech signal as stationary and speech
production system to be modeled reasonably as linear and time-invariant
(LTI), the speech signal is blocked into short duration overlapping frames of
10-30 ms duration. On these smaller duration frames, the Fourier analysis is
applied. This representation is called Short-Time Fourier Transform (STFT) of

a signal. The STFT is mathematically defined for a frame s[n] as:

oo

X(m o) = Z s[nIw[n —mle™ ™" =< s(n),wn’mejw" >, (4.1)

where s[n] is the signal, w[n] is the window, @ is the frequency and <, > is

the inner product operator of s[n] with time-frequency atoms {w, e’} where

n,m

w,,, =wln—m]. STFT allows time-frequency analysis of the signal. This

n,

representation allows detecting spectral changes with respect to time. In
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addition, > norm of the speech signal is processed in the STFT-domain, i.e.,

due to Parseval’s energy equivalence theorem, i.e.,

Els(n) |2:%]§]§|X(m,@)|2 4.2)
n=0 =0 m=0

7

where @ = (%[).l . In Figure 4.1- Figure 4.4, STFT of the speech segments are

shown for the male, female, child and infant sound signals (voiced). In all the
figures (Figure 4.1- Figure 4.4), speech utterance of /aa/ is taken for analysis.
All samples are resampled to 12 kHz for visualizing the four cases on same
frequency scale (i.e., to have same available bandwidth due to Shannon’s
sampling theorem). All the frames are of duration 50 ms duration (30 ms in
Figure 4.4) with overlapping of 10 ms and window considered is a rectangular
window (for the simplest case). From Figure 4.1 and Figure 4.2, we can
observe that the male voice has clear excitation source harmonics structure in
its short-time Fourier spectrum. However, the visibility of such harmonics
structure and their dominance in the spectrum is not clearly visible in other
two cases (i.e., for female and infant). In infants, the harmonics amplitudes are

also negligible after fourth harmonics as shown in Figure 4.3.
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Figure 4.1. Short-time Fourier spectrum of a male speech for vowel /aa/ (a) time-domain
signal and (b) corresponding short-time Fourier spectrum at Fs= 12 kHz.
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Figure 4.2 Short-time Fourier spectrum of female speech for vowel /aa/ (a) time-domain
signal of and (b) corresponding short-time Fourier spectrum at Fs= 12 kHz.
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Figure 4.3. Short-time Fourier spectrum of an infant cry (a) time-domain signal and (b)
corresponding short-time Fourier spectrum at Fs= 12 kHz.

It can also be observed that the fundamental frequency (Fo) is also
changing with the age. In adults, once the vocal production system is
developed, Fy also depends on the gender. In the male speech, Fy ranges
around 125 Hz while in the case of a female, it is around 200 Hz spectral
range. In children, the values of Fy are around 250-400 Hz and in infants, it is
around 500 Hz range and in some cases, it can raise upto 1 kHz. The
differences in Fo are due to the size of the vocal source (especially, the mass
and tension in the vocal folds). The size of the larynx in men is about 40 %
taller and longer than the women. The vocal fold length in male speaker is 60
% longer than the female speaker. This reason is responsible for higher Fy in
female speakers. The same reasoning is also valid for children and infants.

The relation in Fp and vocal fold length is given by [117]:
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OZZ 0

where L is the length of the vocal folds, o is the longitudinal stress and pis

the tissue density in vocal folds. From Figure 4.1 - Figure 4.3, we can observe
the differences in the fundamental frequency of the various speakers.
Estimation of fundamental frequency from STFT is comparatively easy in
male speaker. However, in female speakers and infants, due to higher

differences in the amplitudes of the harmonics, the task becomes difficult.

Another difficulty in using Fourier analysis for infant cry signal is in
the estimation of formants. The values of the formants for the different
speakers corresponding to their different vocal tract lengths are shown in
Table 4.1. The formant frequencies are calculated using the formula

_ 2k —=T)c

F,
k 41

(4.4)

where k is a positive integer (k = 1,2,3,...), ¢ is the velocity of sound in air
medium (i.e.,, 350 m/s) and [ is the length of the vocal tract of the speaker. It
can be observed from Table 4.1 that the formants in infants and children are
far away from the formants of adult male or female speakers. This is also a
reason of considering only lower formants in the analysis of infant and
children speeches or voices (since the higher formants are difficult to observe
and estimate with the given limited sampling frequency and hence, limited

available bandwidth due to Shannon’s sampling theorem).

Table 4.1. Variation of formants with speaker age and gender (formant frequencies are in
kHz) (the data is not shown for the same subject)

Formants Male Female Children (6 yrs.) | Infant (1.5 yrs.) Infant (at birth)
(I=17 cm) | (I=14 cm) (I=11.4 cm) (1=8.5 cm) (I=8 cm)
F 0.514 0.625 0.767 1.029 1.09
F 1.5 1.875 2.30 3.088 3.28
F3 2.5 3.125 3.837 5.147 5.46
Fy 3.6 4.375 5.372 7.205 7.65
Fs 4.6 5.625 6.907 9.264 9.84
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Figure 4.4: Short-time Fourier analysis of male (Panel I), Female (Panel II), Children’s speech
(Panel III) and infant’s cry signal (Panel IV). In all the Figures, (a) shows time-domain signal
and (b) shows short-time Fourier spectrum of the signal shown in (a).

In the Fourier spectrum of adult speakers, the peaks of the source
harmonics correspond to the fundamental frequency. However, high Fy in
infants results in confusion in formant estimation. To estimate the formants
from the STFT spectrum, the log-magnitude spectrum is shown in Figure 4.4.
It also shows that higher harmonics also carry a significant role in the
spectrum of speech. From Figure 4.4, it is clear that higher harmonics are
dominating in the spectrum of high-pitched speakers. Thus, the decision

regarding the location of formant frequency cannot be taken from the Fourier

spectrum of the signal.

4.3 Linear Prediction (LP) of the Speech

Historically, the idea of linear prediction and all-pole modeling of the system

was used in system identification and control literature [118]. A model using
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linear prediction (LP) of speech was first time proposed by Atal and Hanauer
[119], [120]. The model proposed that the speech signal s(r) is produced due
to the convolution of impulse-like excitation of excitation source or noise-like
source p(n) with the impulse response of vocal tract /i(n). The LP model of

speech is shown in Figure 4.5 [121] [122] .

" . -
sn

Time-Varying Linear

A

Predictor of order ‘p’

Figure 4.5. All-pole model via Linear Prediction (LP) of the speech signal. After [119].

During the production of voiced speech signal, vocal tract system is
excited by an impulse-like excitation due to the sudden closure of vocal folds
and for the production of unvoiced sounds, vocal tract is excited by a noisy
excitation source, i.e., turbulent air passing throu+gh the constriction of the
vocal tract. In the proposed model, it is assumed that the vocal tract shape
remains constant for a small duration of time. Hence, the transfer function of

the vocal tract can be approximated from the given relation:

s(n) =h(n)* p(n). (4.5)

By convolution theorem in Z-domain

S(z)=H((2)P(2), (4.6)
where S(z) is the Z-transform of the speech segment for a small duration s(n),
H(z) is Z- transform of the impulse response of the vocal tract (i.e., h(n)) and
P(z) is the Z-transform of the excitation source signal, p(n). The transfer
function can be represented by its poles and zeros. The unvoiced and nasal
sounds contribute to the zeros in the tra