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ABSTRACT



Exposure to loud sounds can cause damage to the inner ear, leading to
degradation of the neural response to speech and to formant frequencies
in particular. This may result in decreased intelligibility of speech. An
amplification scheme for hearing aids, called Contrast Enhanced
Frequency Shaping (CEFS), may improve speech perception for ears with
sound-induced hearing damage. CEFS takes into account across-
frequency distortions introduced by the impaired ear and requires
accurate and robust formant frequency estimates to allow dynamic,
speech-spectrum-dependent amplification of speech in hearing aids.
Several algorithms have been developed for extracting the formant
information from speech signals, however most of these algorithms are
either not robust in real-life noise environments or are not suitable for
real-time implementation. Two algorithms are discussed in the present
work. One is Robust formant tracking algorithm and other is Recursive
least square algorithm (RLS). The first algorithm achieves formant
extraction from continuous speech by using a time-varying adaptive filter
bank to track and estimate individual formant frequencies. The formant
tracker incorporates an adaptive voicing detector and a gender detector
for robust formant extraction from continuous speech. And the second
algorithm is based on recursive least square values. Forgetting factor
approach is used for estimating formant frequencies with RLS algorithm.
Algorithms are tested for both male and female speakers in the presence
of background noise. Thorough testing of the algorithms using various
speech sentences has shown promising results over a wide range of
signal to noise ratio’s (SNR’s) for various types of background noises,
such as additive white gaussian noise, single and multiple competing
background speakers and various other environmental sounds. Results
from both algorithms showed that the robust formant tracking algorithm
gives very good tracking performance in every environment and at every
SNR. RLS algorithm also provide good estimate of formant frequencies in

every environment but the estimate is not smooth and tracking of



formant frequencies is very noisy. By observing the limitations of the
traditional formant tracking algorithms and the present RLS algorithm it
can be seen that the robust formant tracking algorithm is the most

accurate algorithm and fulfill all the requirements for accurate formant

tracking.
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Chapter 1
INTRODUCTION

1.1 Introduction

Formants are the resonant frequencies of the vocd tract when vowels are pronounced.
Formants can be found where there ae large mncentrations or pegs of energy in the
spedrogram realing of a voiced sample [1]. In order to implement Contrast Enhanced
Frequency Shaping (CEFS) [2] amplificaion in heaing aids for continuous geed, the
second formant frequency (F,) needs to be accurately estimated for voiced speed [3] [4]
[5]. Accurate formant estimation for continuows geed (in real time naise environments)
is a challenge because formant frequencies are not smple to tradk in such a dynamic
environment. The formant estimation algorithm needs to be robust and ke &le to operate
in awide range of red-time nase scenarios. It must also be ale to recover quickly if it
encourters any problem and after periods of silence For estimating formant frequencies
two agorithms have been presented. One is robust formant tracking algorithm and

ancther isusing RLS algorithm.

1.2 Traditional Formant Estimation Techniques

Development of accurate formant estimation algorithms began in the 1950s. Since then
numerous techniques have been propased for formant analysis. Most of the work can be
classfied as frequency domain tedniques (such as picking pegs in the short-time
frequency spectrum), parametric techniques (also cdled “analysis by synthesis’) [6] [7]
in which ore generates a best match to the incoming signal based ona model of speech
production. The traditional approaches to formant frequency estimation are misled by
spedra peaksin unvaced speed and perform very poaly in transient background nase.
Also, these traditional agorithms are not robust and are unable to recver quickly after
periods of silence These problems limit the passble use of the traditional techniques for

estimation d the second formant frequency (F,) for CEFS amplificaion.



1.3 Formant Tracking Algorithms

The traditional formant tradking algorithms do nd tradk formants acarately. Another
formant tradking algorithms whaose performance is good as compare to the @ove
mentioned algorithms are: Robust formant tradking algorithm [8], RLS agorithm [9].
These dgorithms represent the best known formant analysis techniques and have been
implemented in MATLAB in arder to test and compare their performance under different
conditions. Brief introduction to ead of these formant estimation techniques is presented
below.

1.3.1Robust Formant Tracking Algorithm

The robust formant tracking algorithm discussed in the present work is the most acairate
formant tracking algorithm. This algorithm is robust and acarate in continuows geet
and mitigates the effects of speaker variability and dfferent badground nases. This
alows the dgorithm to operate independently and provide reliable formant frequency
estimates for contrast enhanced frequency shaping (CEFS) amplificaion [4] and aher
applicaions. Figure 1.1shows ablock diagram of the Robust Formant Tracker [8].

The speech signadl is first pre-emphasized using a high-passfilter to equalize the energy
and remove the spedral tilt of the speedt signal. An approximate, analytic version d the
signal is then cdculated to increase spedra accuracy for the formant estimates through
an approximate Hil bert transformer.

The analytic signal is then filtered into four different bands using a bank of adaptive
band-passfilters (cdled Formant Filters). Eadh of the four formant filters (F1, F,, F3 and
F,) in the filter bank is made up of an All- Zero Filter (AZF) and a Dynamic Tradking
Filter (DTF) [10]. The zeros of each of the AZF's are set to the latest estimate of the
formant frequencies from the other threebands. The DTF provides the single pdle locaed
a the latest estimate of the formant frequency for that band. This cascade arangement
resultsin eat o the filters having a pae arournd its own formant frequency and zeros at
the other formant frequency locations.

Eadch o the four band-passfilters allows only the signal around the frequency region o
the desired formant to pass through and suppresses the other frequency regions. The
formant filter bank has a fundamental modification that the F; filter of the filter bank has



an added zero at the pitch frequency (Fo) for further suppresson d the region below the
F1 frequency (the pitch region). This decreases the df ects of the pitch onthe F; estimate.
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Figl.1Robust Formant Tracker

A first-order Linear Prediction Coefficient (LPC) isthen cdculated for the analytic signal
in eahh o the four bands [11]. From ead of these wefficients a formant frequency
estimate is obtained. As the value of the four formant frequencies vary with time, the
formant pre-filters are modified to tradk them by changing their pae and zero locaions.
Due to the band-pass pre-filtering of each formant frequency region gior to LPC, the
frequency estimates provided by LPC are more acwrate and the dgorithm is less
susceptible to errors due to badkground nase.

The formant estimation is further refined by adding an adaptive voicing detedor to deted
a voiced and unvaced speed segments. LPC estimates for the formant frequencies are
only used during the voiced segments of speech [12]. During the unvoiced speech
segments or when the signal energy of a particular formant frequency region (determined
by the alaptive energy detedor) is below a set threshold level [13], the formant



frequency estimates are assgned their moving average value. This approach ensures that
the formant tradker is able to recover quickly and with minimum error to the formant
estimates, after unvaced or low-energy speech segments.

The energy detedor threshold levels [8] are dso made adaptive for eat of the formant
filters 2 that they can adjust to long term changes in the energy levels of each formant
frequency region. The voicing detector cdculates the log ratio between the energy in the
lower and higher frequencies of the speed to determine if a speet segment is voiced o
unvaced. If there is more energy in the lower frequencies than the higher ones, the
speed segment is classfied as being voiced.

The voicing detector also has athreshold with hysteresis [8] to ensure that switching from
voiced to unvaced speed (or vice versa) does not erroneously occur too quckly.
Finaly, an autocorrelation-based energy test is performed to ensure that voicing is not
deteded erroneously when there is no adual voicing in the speech bu sufficient energy is
present in the lower frequencies due to ‘colored Gaussan nase (or other badkground
noises) . The voicing detedor provides a sample by sample dedsion on whether a
segment isvoiced o unvoiced.

In order for the voicing detedor to work properly for bath male and female spekers,
various parameters of the voicing detector need to be modified. The main pupase of the
gender detedor isto determine the gender of the speser and passthis information to the
voicing detedor so that it is able to modify its parameters. The gender detedor uses a
pitch [14] based methodto classfy the gender of the speaker where the pitch is cdculated
using an autocorrelation based method. The gender detedor aso provides the pitch
estimate to the first formant filter so that an additional zero can be added at the location
of the pitch in the AZF of the first formant filter.

Extensive testing of the robust formant tracking algorithm has been dore which showed
that the formant tracking algorithm is robust to a wide variety of rea-time badkground
noise wndtions. The dgorithm is able to provide reliable formant frequency estimates
from continuows eed for both male and female spe&kers. It recovers quickly and with

minimal error when problems do accur and when there is a switch in speakers.



1.3.2Reaursive L east-Squares (RL S) algorithm

The formants can be estimated through an adaptive dgorithm known as RLS [9]
algorithms. Least-square algorithms aim at the minimization d the sum of the squares of
the diff erence between the desired signal and the model filter output. When new samples
of the incoming signals are receved at ead iteration, the solution for the least-squares
problem can be computed in recursive form resulting in the reaursive least-squares (RLS)
agorithms.

An important fedure of the RLS algorithm is that it utili zes information contained in the
inpu data, extending back to the instant of time when the dgorithm is initiated. This
improvement in performance, however, is achieved at the expense of a large increase in
computational complexity and some stability problems. Its performance is good as
compared to the LMS agorithm [15] [16]. RLS agorithm gives good formant tracking
but its performance is not as good as with robust formant tracing agorithm. Although
RLS agorithm achieves good formant estimation bu due to its naisy tracking resporse
CEFS amplificaion cannot be adieved.

1.4 Applications of Formant Tracking Algorithms

Formant frequencies play a major role in vowel identification and are aso important for
consonant identification. Formant tradking agorithms estimates the formant frequencies
acarately. Accurate formant frequency estimates can be used for a variety of

applicaions.

1.These dgorithms provides contrast enhanced frequency shaping amplificaion for
heaing aids.

2. Formant frequencies have been used to make natural sounding
computer synthesized speech.

3. Formant frequency estimates can be used for speech recognition.

4. Formant estimates can be used in speech coding.

5. The formant tracking algorithm can also be used for concatenation
synthesis of speech



1.5 Layout of Thesis

Chapter 1 describes the brief introduction about the formant trading algorithms and also
givesthe gplications of these dgorithms.

Chapter 2 gives the brief discusson abou the anatomy of speech production foll owed by
a detailed discusson onwhat formant frequencies are and their importance in speedt
perception. Also included in chapter 2 is a detaled look at the formant frequency
characteristicsin dff erent types of sounck.

Chapter 3 describes the robust formant tradcing algorithm and RLS algorithmsin detail .
Chapter 4 describes the detail s of the test cases for which the algorithms was tested and
present the results and observations obtained from the robust formant tracking algorithm
and RLS agorithm.

Chapter 5 describes the conclusions and future scope of the formant tradking al gorithms.






Chapter 2
ACOUSTIC THEORY OF SPEECH PRODUCTION

2.1 Introduction

"Speech” refers to the transmisson d language orally [17]. It is a process of making
definite vocd sounds those form words to expressthouwghts and ideas. Speedh sounds are
air presaure vibrations produced by air exhaled from the lungs and modu ated and shaped
by the vibrations of the glottal cords and the vocal trad as it is pushed out through the
lipsand nce. [18]

2.2. Anatomy of Speedh Production

An ouline of the anatomy of the human speech production system is shown in Figure
2.1.1t consists of the lungs, larynx, vocd tract, lips, nose and the conneding tubes [19].
The combined voice production medianism produces the variety of vibrations and the

spedral-temporal compositi ons that form diff erent speed sounds. [20]
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The lungs provide the airflow needed for speech production to the larynx [17]. The
larynx moduates the continuous airflow from the lungs into either a periodic or noise-
like arflow and then passesit into the vocd trad [17]. The vocd trad is made up d the
oral, nasal and pharynged cavities and provides gedra shaping to the moduated
airflow (periodic or noisy) from the larynx. Sound sources can also be produced within
the vocd trad itself by constrictions and relaxations creating an impulsive arflow.
Foll owing the spedral provided by the vocal trad to al threesoundsources, the lips vary
the ar presare of the airflow resulting in traveling sound waves that are perceived as
speedr. This description povides an idedized model of the anatomy of speech
production hawvever, in redity the soundsources required to produce most sounds are not
ided (periodic, nasy or impulsive) but usually a mixture of these types and change with

the environment.

2.2.1.ThelLungs

The lungs normally inhale and exhale ar in arhythmic manner for respiration. However,
during spe&ing the lungs override this rhythmic pattern o inhalation and exhalation d
air to exhale ar more slowly. Usually the period d exhalation roughly coincides with the
length of the sentence being spoken. A steady and slow contradion of the rib cage
provides a timed exhalation from the lungs during which the ar presare in the lungs is
maintained to be roughly constant. This allows the lungs to provide astealy airflow to
the larynx for the entire duration d the sentence being spoken. Even thouwgh the sound
source provides a steady airflow to the larynx, the properties of the larynx and the vocd

trad al ow the presaure of the arflow being produced to vary.

2.2.2.TheLarynx

The main pupose of the larynx in the speed production system is to control the vocd
folds. The vocal folds are amassof flesh, ligament and muscle that stretch between the
badk and the front of the larynx. The glottis is a dlit-like opening between the two vocd
folds and the size of this dit can be varied. The tension in the vocd folds can aso be

varied by the muscle and cartilage aoundthem.



The vocd folds (along with the epiglottis) close during eating to prevent food from
entering the larynx. The vocd folds have three main states. breahing, voiced and
unvaced. During the breahing state the vocd folds are wide open and the muscles
within them are relaxed to alow the ar from the lungs to flow through fredy. During
spe&ing (for both vaiced and unvaced states) an olbstruction to the arflow is provided
by the voca folds. In the voicing state the vocal folds tense up and are brought close
together partially closing the glottis leading to self-sustained oscill ations as air passes
through the glottis. The mntradion d the lungs results in air flowing through the glottis.
Asthe arflow velocity increases the local presaure in the glottis deaeases and the tension
in the vocd folds increases. These two factors lead to an abrupt closing of the glottis.
Thisisfollowed by an air presaure buil d-up behind the vocal folds causing them to open
slowly and allowing air to flow through. The processis then repeaed again resulting in
the periodic release of puffs of air into the vocd trad. The time period during which the
vocd folds are dosed is cdled the ‘closed phese’. The time period duing which thereis
some arflow before the maximais readed is cdled the ‘open phase’. The time between
the arflow maxima and the total closure of the vocd folds is cdled the ‘return phese’.
The time duration for one such complete cycleis cdled the pitch period and its redprocd
is cdled the pitch frequency or just the pitch (or fundamental frequency). The pitch
ranges from abou 60 Hz to 400 Hz for most phoremes depending on various factors
including the gender of the spedker. Adult males typicdly have lower pitch than adult
femal es because their vocd cords are longer and larger.

The Fourier transform of the periodic glottal waveform is charaderized by harmonics and
the spedra envelope of the harmonics has an approximately -12 dB/octave roll off. The
exad value of the roll off depends on the spe&ker and can change slightly. The lower
frequencies of the speech spedrum contain more energy than the upper frequencies [18].
This is because the lower frequencies contain the glottal pulsing and radiation from the
lips. This causes the speech to have aspedral tilt, which needsto be compensated prior to
speed processng, to allow equalization d the energy distribution in the speed spectrum
and oliain better spectral estimation in the higher frequency regions.

During the unvaced state, the shape of the vocd folds is smilar to that in the breathing
state and there is no wocd fold vibration. However, the vocd folds are doser together



during unvoicing than in the breahing state and this leads to some amount of turbulence
being caused at the folds, as the ar passes through. This turbulenceis called aspiration
and sounds produced through aspiration are sometimes cdled ‘whispered’ sounds
because this turbulence is also creaed during whispering (withou any oscill ations of the
vocd folds). Aspiration can also occur with vaicing lealing to a ‘breahy’ voice The
vocd folds can also move in a form that does not fall clealy in any of the three states
defined above. These includes a ‘cre&y’ voiced state where the vocd folds are tense but
only a short portion d the vocd folds are actually in oscill ations, resulting in a harsh

soundng voicewith avery high andirregular pitch.

2.2.3.TheVocal Tract

The vocal tract is made up d the ora cavity from the larynx to the lips and the nasal
passage couped with the oral passage (through the vellum). The oral tract can take on
various different configurations depending uponthe shape and movement of the tongue,
mouth, tedh, lips, jaw, etc [17]. The vocd trad provides frequency shaping to the output
from the larynx and also generates new sources for sound poduction (impulsive source).
Under certain circumstances, the vocd tract can be modeled as a linear filter with
resonances.

The resonance frequencies of the vocd trad are cdled formant frequencies or just
formants. The formant frequencies change with different vocal trad configurations [18].
The pedks of the vocd trad resporse @rrespord roughly to its formant frequencies. If
the vocd trad is modeled as a time-invariant, al-pde linea system, then eat o the
conjugate pole pars corresponds to a formant frequency (resonance fregquency).
Generally, as the length of the vocd tract increases the formant frequencies deaease, so
the formant frequencies of adult males are somewhat lower than those of adult females,
for the same sound.

When using the time-invariant, al-pale linear system model of the vocd trad, the speech
waveform can be obtained through the mnvdution o the glottal flow with the vocd trad
impulse resporse. It is important to dscriminate between the formant frequency and the
harmonic frequency. Formant frequencies correspond to the vocd trad frequency

resporse poles while harmonic frequencies arise from the periodicity of the glotta



source. When the vocd trad vellum is lowered, the nasal passage is introduced into the
vocd trad andthe oral trad closes resulting in the acoustic waves propagating though the
nasal cavity, this produces ‘nasal’ soundsuch as ‘m’. These sounds are often daminated
by the lower frequency formants due to the large volume of the nasal cavity. When the
vellum is lowered whil e kegoing the oral cavity open the resulting sounds are referred to
as 'nasali zed speech’. The effect of the nasal passage on the vocd trad is to broaden the
formant bandwidths (due to greder lossof energy in the nasal passage) and to introduce
anti-resonances (zeros) into the vocd trad system model due to couded resonances.

It shoud be noted that the time-invariant vocal trad model can orly be goplied when the
vocd trad configuration is geady and constant. As mentioned ealier, the vocd trad
changes its ape with time so the time-invariant model can orly be gplied over short
time periods or for sounds with a long, repetiti ve duration, such as sustained vowels, with

atempora windowing heuristic.

2.2.4.Voiced and Unvoiced Speedt

The broadest way to categorize sounds is by the source to the vocd trad that produces
the sound. As described ealier there ae three main sound sources: periodic, nasy and
impulsive. In a broad sense, sounds produced due to a periodic glottal source are cdled
voiced sounds, and sounds produced ctherwise are cdled unvaced sounds. Generadly,
voiced speech [20] has more low-frequency energy and is quasi-periodic (such as seady
state vowels) requiring vibration d the vocal cords.

On the other hand, urvoiced speed [20] has more high-frequency energy, is noisy in
nature and daes not require the vibration d the vocd cords. Figure 2.2 shows an example
of atypicd waveform for a voiced speech segment displaying the lower frequency and
guasi-periodic charaderistics of voiced speech sounds.

The waveform is for the vowel sound/al (asin ‘father’). There are a variety of unvaced
sounds. Those that are creded due to a noise source & an ora constriction are cdled
fricdives becaise the noise is creaed by friction d the ar moving aganst the
constriction. The sound d ‘th’ in the word ‘thin’ is a fricaive with the friction keing
provided between the tongue and the upper teeth. The waveform for ‘th’ is siown in

Figure 2.3 and shows the typicd higher frequency and naselike charaderistics of



unvaced speedh. Ancther unvaced sound class is the plosives (such as't’ and ‘p’)
creaed with an impulsive arflow from the vocd trad as the sound source. When the
barrier to the arflow is provided by partialy closed vocd folds a new classof unvaced
sounds is produced cdled whispers (such as ‘h’). Sometimes the soundsourceis from a
combination d voiced and unvaced sources such as in the case of the sound‘z’ where
there is friction as well as smultaneous voicing; this classof sounds is therefore cadled
voiced fricatives. Similar in concept are voiced plosives which occur due to simultaneous

impulsive and vaced sources asin the sound‘b’.
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2.3.Formant Frequencies

As mentioned earlier, the resonance frequencies of the vocal trad are cdled the formant
frequencies or formants. In this ®dion, the origins and charaderistics of formants are
explored further in terms of their behavior in dfferent types of sounds and the problems

that are caused in extrading the formants from these sounds. [1]

2.3.1.Vocal Tract Filtering and Formant Frequencies

Figure 2.4 shows a complete discrete-time speech production model for periodic, nasy
and dosive speed [17]. G (2) is the Z-transform of the glottal flow inpu, Rg(z) is the
radiation impedance modeled by a single zero and V(2) is the stable dl-pdle vocd tract
transfer function. A,, A, and Ai are the gains that controls the loudnessof the soundfor
periodic, nasy and dosive sources respectively. Ry (z), in H (z), models the radiation

impedance of thelips.
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Figure 2.4—-Discrete-Time Model of Speed Production

The vocd trad transfer function V (z) varies with the type of sound poduced and aso
depends on the speakers and their spe&king style. The formant frequencies vary with
different vocd trad configurations and therefore, formant frequencies vary in speed
with time & the vocd tract changesits ape.

The pe&ks of the vocd trad resporse in ead configuration correspond roughly to its
formant frequencies. The first resonance of the vocd trad is cdled the first formant
frequency (or F;), the second resonance of the vocd trad is cdled the second formant
frequency (or F,), and so on. For perfedly voiced and periodic speech (as in sustained
vowels) the vocd trad can be acarately modeled by the stable dl-poe mode for V (2).
However, in order to model other types of sounds, zeros are dso added to V (z) in order
to modd the nasa cavity of the vocd tract. The resonances or peaks of the vocd traa
transfer function (poles of the V (z) transfer function) correspondroughly to the formant
frequencies of a particular sound.The tharacteristics and kehavior of formant frequencies
change in dfferent types of sound and estimating formants in continuows Peed is a
chall enging task.

2.3.2.Phonemic Classfication of Speet and For mant Behavior in Phonemes
In this ®dion, the behavior and charaderistics of formant frequencies in dfferent types

of sounds are eplored in greder detail to understand the problems associated with



estimating formant frequencies in such cases. In general, formant frequency regions have
more energy than the other frequencies in the speed spectrum and can easily be visually
identified in spedrograms. Phoremes are the fundamental distinctive units of sound
Ead dstinct and identifiable soundin a language forms a phoreme. Table 2.1 shows all
the different phoremes in American English grouped together by their phoreme dass
Formant frequencies for eaty phaneme vary and will also depend onthe spe&ers and
their individual spe&king style. However, formant frequencies for a particular phoreme
class (for a particular speser) have similar charaderistics and kehavior. The formant
frequency behavior and characteristics of some of these phoreme classes are discussed
below.

PHONEMES
Vowels affricatives | Diphthongs | Semi vowels Consonants
Center | Bak liquids | glides | nasas plosives fricatives
voiced unvoiced | voiced unvoiced
R a tS Y r w m b p % f
A c J w I y n d t D T
0 @] G g k z S
U Ju V4 S
u
Table2.1 Classfication of phonemes
2.3.2.1Vowe

Vowels make up the largest class of phanemes [21]. The three types of vowels are
grouped according to the tongue hump pasition required to make the sourd (front, central
or back). Vowe sounds are produced by quasi-periodic arflow through the glottis that
vibrates the vocd folds at a cetain fundamental frequency [22]. The nasal trad remains
closed in vowel sound production so the vocd trad does nat contain the effeds of the
nasal cavity. The lips can contribute to the vocd trad configuration through their degree
of opening and roundng. The position d the tongue (front, centre or back) determines
the phoreme prodwed, e.g. /a/ (‘father’) and /i/ (‘eve) are differentiated primarily
through the pasition d the tongue hump.




Figures 2-5 and 26 show the waveform and spectrogram of the vowel sound/i/ (‘eve).
The quasi-periodic nature of the vowels can be seen from its waveform. From the
spedrogram it can be observed that the formant frequency regions have cncentrated
energy. These features are @mmon to al vowels. The strong energy of the formant
regions and the periodic nature of the waveform make it relatively easy to extrad formant
frequencies of pure and sustained vowel-li ke sounds. Despite general simil ariti es between
different vowel sounds, it isimportant to remember that the exad formant frequencies of
different vowels differ from ead aher and depend on a wide variety of parameters
including the speakers and their spe&king style.

2.3.2.2Fricatives

There are two main types of fricaive consonants [21]: unvaced and vadced. Unvoiced
fricatives are generated through turbulencein the arflow being provided at some point in
the ora trad withou any vocal fold vibration e.g. /f/ (‘father’). The nstrictions
provided through the hump in the tongue, lips, teeth, etc., help separate the rea and front
oral cavity regions. The primary source of spedra shaping is the front of the ora cavity
however; anti-resonances that are provided by the rear of the oral cavity also have an
effect on the overall spectral shaping provided by the vocd trad. The transfer function o
the vocd trad is made up d primarily higher frequency resonances that vary with the
locaion d the vocal trad constrictions. Figures 2-7 and 2-8 show the waveform and the
spedrogram of the unvaced fricative /f/. From these figures it can be seen that unvaced

fricatives have ‘noisy’ waveforms as expeded.
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Fig 2.8 — Waweform of unvoiced fricative /f/ (‘f ather’)

Voiced frication [23] also occurs due to turbulence in the airflow provided from within
the oral trad but it is often accompanied by some vocd fold vibration as in /v/ (‘vote).
The vibration d the vocal folds means that the airflow in the vocd tract is periodic and
frication ony takes place when the periodic arflow has reached a cetain minimum level.
This leads to fricaion bkeing roughly synchronized with the glottal airflow velocity.
Voiced fricdives can be differentiated from unvoiced fricatives through the onset of
voicing. The formant transitions from fricatives to vowels aso serve & a @e to
distinguish between vaiced and wnvoiced fricatives. In vaced fricaives the voicing
occurs oner in the transitions than for unvaced fricatives. Figures 2.9 and 2.10show
the waveform and spedrogram for the voiced fricative /v/. The figures 2.9and 2.10show
that in vaced fricaives the noise in the waveform is super-impaosed on a quasi-periodic

envelope. The spedrogram shows characteristics of both ndsy and periodic signals.
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2.3.2.3Nasals

Nasal consonants are produced from a source similar to that used for producing vowels —
semi-periodic arflow through the vocd tract that vibrates the vocd folds. For nasals, the
vellum islowered and air is mainly radiated through the nostril s because the oral cavity is
constricted [17] [18]. Due to the large volume and low resonance of the nasa cavity,
nasals are dominated by lower frequency energy with the first formant frequency usually
being the most prominent in the spectrogram. The formant transitions that follow the
release of the anstriction into the steady state vowel position are used to perceptually
diff erentiate between the diff erent nasal consonants.

Figures 2.11 and 2.12show the waveform and spedrogram for the nasal consonant /m/
(‘meé). It can be seen from the spedrogram that the nasal soundis dominated by lower
frequency energy and the first formant has the highest energy.
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Fig 2.12 -Spedrogram of Nasal /m/ (‘ meg)

2.3.2.4Plosives

Plosives can be both vaiced and unvaced [17]. In unvaced posives there is complete
closure of the ord tract causing a build-up d air presaure behind the dosure followed by
the release of air lealing to turbulence over a short duration. Then turbulence is generated
at the vocd folds and finally a vowel soundis produced. Figures 2.13and 2.14show the
waveform and the spectrogram for an unvaced plosive /k/ (‘key’). From the figures 2.13
and 2.14the main stages that make up the unvoiced posive can be clealy seen: the
silence (as presaure builds up), the burst of air, the apiration and then the transition d
the oral tract from the cnstricted state leading to vibration d the vocd folds.

Voiced posives are generated by a mecdhanism similar to that of unvaced posives.
However, in vaced posives there is vocd fold vibration duing the pressure build-up
stage. Thisis cdled the voice bar and it is generated due to the low-frequency vibration
of the walls of the throat. Also, after the release of air there is no aspiration and the start
of the transition to the vowel occurs much faster than in unvaced plosives. Figures 2.15
and 216 show the waveform and spedrogram of the voiced posive /g/ (‘go’). The low
frequency voice bar can be seen in the spedrogram and the waveform. Most of the
energy in both vaiced and unvaced posivesis lower frequency and so the first formant

isvery strong compared to the other formants. [17]
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Figure 2.14 —Spectrogram of unvoiced plosive /k/ (‘key’)
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2.3.3.Importanceof Formant Frequenciesin Speedt Perception

In this sdion the roles of different features of speed that help dfferentiate human
perception between the phoremes will be discussd. In vowels the primary source of
discrimination between the phoremes can be provided by the formant frequencies.
Although al phoremes have their own formants, vowel soundformants are usually the
easiest to identify [1]. Almost al formants have the trait of waxing and waning in energy
in al frequencies, which is caused by the repeated closing and opening of the human
vocd trad. On average, this repeded closing and opening occurs at a rate of 125 times
per secondin an adult male and 250times per second in an adult female. This rate gives
the sensation d pitch (higher frequencies result in higher pitches). Formant values can
vary widely from person to person, bu the spedrogram realer leans to recognize
patterns which are independent of particular frequencies and which identify the various
phoremes with a high degree of reliability. For instance, in the vowels, the first formant
(F1) can vary from 300 Hz to 1000Hz. The lower it is, the doser the tongue is to the roof
of the mouth. The vowel /i: / asin the word 'bed’ has one of the lowest F; values - abou
300 Hz; in contrast, the vowel /A/ as in the word 'bought’ (or '‘Bob' in spegers who
distinguish the vowels in the two words) has the highest F; value - abou 950Hz. It has
been shown that F; and F, are highly discriminable feaures for vowel identificaion and
the higher formants also pay a smaller role. It is thouwght that the formant spadng in
vowels and vawel-like phoremes are an essential fedure for proper identificaion o
vowels. Nasdlization is ancther important feaure for vowel identification; it can be
chedked by observing the increase in bandwidth of F;. Identificaion d consonants is a
more complex problem than identification d vowels. Amongthe aues used for consonant
identification are formant frequency values, formant frequency transitions into the vowel
following the consonant, voicing during the cnsonant production, and the timing of the
onset of the vowel following the mnsonant.

It is clea from the @ove discusgon that formant frequencies play a mgor role in vowel

identification and are dso important for consonant identification.

2.4Contrast Enhanced Frequency Shaping



Soundinduced or sensorineural hearing loss causes broadening d the neural resporse to
the first formant frequency, leading to a reduction in speech perception. Simple heaing
ad amplificaion schemes that apply amplificaion independently across different
frequency bands canna satisfadorily compensate for soundinduced hearing loss Mill er
et a. [5] describes a hearing aid amplificaion technique that can improve the neural
resporse to vowel sounds in sensorineural damaged auditory systems. This <heme,
cdled Contrast Enhanced Frequency Shaping (CEFS) amplification, tries to reverse the
effects of the sensorineura heaing loss by compensating for the frequency dependent
threshald shift and tries to restore the neural representation to that of a ‘normal’ ear [1]
[4]. CEFS tries to boost the speed signal energy in the regions where the neural
thresholds have shifted to higher values. The result of proper CEFS amplificaion is to
restore the ‘normal’ neural resporse representation d the formant frequencies to vowel
like sounds [4] [5].



Chapter 3
FORMANT TRACKING ALGORITHMS

3.1 Introduction
Formant can be interpreted as adaptive nonruniform samples of the signal spedrum that
are locaed in the resonance frequencies of the vocd trad. Formant tracking means to
tradk the frequencies of speed signal or to track the variations in the inpu speed signal.
Formant tradking a gorithms estimate the formant frequencies of a speed signal and also
tradk the variations in the speed signals. Two formant tradking algorithms have been
discus=ed in the present work:

1. Robust formant tracing algorithm

2. RLSagorithm

3.2 Speech Signal and Its Spedrogram

The speed signal is a dow time varying signal in the sense that [18], when examined
over a sufficiently short period d time(between 5and 100mseq), its charaderistics are
fairly stationary; however over long periods of time(on the order of 1/5 seands or more)
the signal charaderistics change to reflect the different speedch sounds being spoken.

In the present work formant estimation and tracking has been achieved for a speech
sample “five women played basket ball”. The way of charaderizing the speed signal and
representing the information asociated with the sounds is via aspectra representation.
Perhaps the most popuar representation d this type is the soundspedrogram in which a
three-dimensional representation d the speed intensity, in different frequency bands,
over time is portrayed. Spedrogram is defined as a graph of the energy content of a
signal expres=d as function d frequency and time.

The example of speed representation is given in figure 3.1, which shows the wideband

spedrogram in first panel [18], a narrowband spedrogram in second fanel [18], and a
waveform amplitude plot in the third panel, of a spoken version d the utterance” five
women played basketball” by a male speder. The wideband spedrogram corresponds to

performing a spedral analysis on 15msec sedion of waveform using a broad analyzing



filter (125Hz bandwidth) with the analysis advancing in intervals of 1msec. The spedral
intensity at ead paoint in time is indicated by the intensity (darkness of the plot at a
particular analysis frequency. Because of the relatively broad bandwidth of the anaysis
filters, hence the relatively short duration o the analysis window, the spedral envelope
of the individual periods of the speed waveform during vdced sedions are resolved and
are seen as verticd dtriations in the spectrogram. The narrowband spedrogram
corresponds to performing a spedral analysis on 15msec sedion d waveform using a
narrow analyzing filter (40Hz bandwidth) with the analysis again advancing in intervals
of Imsec Because of the relatively narrow bandwidth of the analysis filters, individual
spedral harmonics correspondng to the pitch o the speech waveform, duing voiced

regions, are resolved and are seen as amost horizontal li nesin the spedrogram.

male speaker saying "five wamen played baskethall”
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Fig. 3.1Speed signal and wideband and narr owband spedrogram of the utterance
“five women played basketball”



3.3. Robust formant tracking algorithm

The Robust formant tracking algorithm [8] is the most accurate agorithm for tradking
formant frequencies of a speed signal. This can be implemented easily inred time. This
algorithm can track accurately the first four formant frequencies in the noisy environment
and for both male and female voices. Block diagram of robust formant tracking is shown

in chapter one. (Seefigure 1.1)

3.3.1Pre-Emphasis

A speet sample has been taken saying “five women played basketball” as an inpu
signal for which formant estimation and tracking has to be dore. The waveform for
speet sample and its gedrograms are shown in figure 3.1 This waveform shows each
utterance of the speedh sample. After taking speed signa the first step in formant
tradking with this algorithm is pre-emphasis.

Pre-emphasis is a system processdesigned to increase, within a band d frequencies, the
magnitude of some (usualy higher) frequencies with resped to the magnitude of other
(usually lower) frequencies in ader to improve the overal signal-to-noise ratio by
minimizing the alverse effeds of such phenomena & attenuation dfferences or
saturation d recording media in subsequent parts of the system. Voiced speed signals
have a natura spectra tilt, with the lower frequencies (below 1 kHz) having greater
energy than the higher frequencies [1]. The lower frequencies have more energy because
they contain the glottal waveform and the radiation load from the lips. In some speet
processng applicationsit is desirable that this gectral tilt be removed by pre-emphasis or
spedral equalization d the signal.

A common method d pre-emphasisisto filter the speed signa using a High-PassFilter
(HPF) [23] that attenuates the lower frequencies. The result of the pre-emphasis is the
approximate removal of the contribution d the glottal waveform and the radiation load
effect from the lower frequencies of the signal, i.e. the energy in the speech signal is re-
distributed to be gproximately equal in al frequency regions.



Figure 3.2 shows the frequency resporse of the FIR pre-emphasis HPF filter that is used
in this formant tradking algorithm. Figure 3.3 shows a spedrogram of a speed signa
before and after it has been pre-emphasized using the filter from Figure 3.2
After the signal has been pre-emphasized it is equalized to have aglobal RMS energy
value of 0 dB. This equali zation ensures that the energy threshold levels are set properly
andto appropriate energy levels.

]
=

=

T
i
'
'
'
'
'
'
5
'
'
'
'
'
'
'
'
r
'
'
'
'
'
'
'
'
5
'
'
'
'
'
'
'
'
r
'
'
'
'
'
'
'
'
-
'
'
'
'
'
'
'
'
.
'
'
'
'
'
'
'
'
-
'
'
'
'
'
'
'

Magnitude (dB)
: )

=

|

ag]
=

1500 2000 2500 3000 3500
Frequency (Hz)

-500

-1000

Phase (degrees)

-1400

- | | | | | | |
a s00 1000 1500 2000 2500 3000 3500
Frequency (Hz)

Fig 3.2—Frequency and phase responses of the FIR pre-emphasis high-passfilter



spectrogram of "five wornan played basketball" before pre-emphasis

frequency(Hz)

time(s)

Figure 3.3 —Spectrogram of the speed signal before and after pre-emphasis
3.3.2Hil bert Transformer

After the speech signal has been pre-emphasized, a complex version d the signal is
cdculated using an approximate Hilbert transformer [8]. The Hilbert transform of a
functionis defined as:

f(x)OL,(IR) (3.2)
H{f}(Y)=%PVm%X)),dX (3.2

Where PV stands for "principal value." The primary reason kehind conwverting the signal
into its complex representation is to al ow the use of complex filters in the formant filter
bank (AZF sand DTF's).

The method d representing a Srslgﬁl]-time discrete signal as a discrete

_ . .| Signal
complex signal is shown g Delay

in Figure 3.4.

| Hilbert
| Transform | s,n




Sclnl

Fig 3.4Converting the real-valued signal into its analytic representation

Thereal-time discrete signal, Sg[n], can be represented by its complex form, Sc[n], as

Scln] = SkIn] +jSuln], 3.3

Where Sy[n] is the Hilbert transform [10] of Sg[n]. The particular technique used to
implement the Hilbert transformer in the formant tradking algorithm uses an ogimum
FIR filter.

The Hilbert transformer is implemented with a 20th-order linear-phase FIR filter
designed uwsing the Parks-McClellan agorithm (Remez exchange algorithm). The
frequency and plase responses of the filter are shown in Figure 3.5. Thefilter is designed
using the Remez exchange dgorithm [24] and Chebyshev approximation to have an
optimal fit between the desired and adtual frequency resporses.

The real part of the signal is added bad to the Hilbert transformed part after a signa
delay to acourt for the delay in implementing the gproximate Hilbert transform (10
samples in this case). The results obtained for the anaytic signal using the FIR filter
method were foundto be approximately the same as those obtained using an ided Hil bert

transform. Figure 3.6 shows the speed signal after taking its Hil bert transform.
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Figure 3.5 —Frequency response of the Hil bert transform



Spectrogram of the speech signal after HILBERT TRANFORM
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Fig 3.6Spedrogram of speed signal after Hil bert transform

3.3.3The Adaptive Band-PassFilterbank

The alaptive band-pass filterbank used in the formant tracking algorithm (shown in
Figure 3-7) is smilar to the one proposed by Rao and Kumaresan [10] but it has a
modified first formant filter that removes the dfeds of the pitch from the first formant
filter band.

Eacdh channel of the filter bank consists of an al-zero filter (AZF) cascaded with asingle
pole dynamic tradking filter (DTF). The combination d the AZF and the DTF iscdled a
formant filter [10] and is resporsible for tradking one individual formant frequency. The
filters are designed in the cmplex domain because it is easier to design the unity gain
and zero phese lag filtersin the cmmplex domain.

Adaptively varying the zeros and poe of each formant filter, allows the suppresson d
interference from neighboring formant frequencies and from other spedral noise sources,
while tradking an individual formant frequency as it varies with time.
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Figure 3.7 —Adaptive band-passfilterbank

3.3.3.1All Zero Filters

In Figure 3.7 the box labeled ‘AZF in each formant filter is the adaptive al-zero filter
whaose three zero locations are dways set to the value of the previous formant frequency
estimated from the other threeformant filters [8]. The transfer function d the kth AZF at

time sampleindex nis

4 .
H ey (n.2) = K, 1] % ] (i-r 2z ) (3.4
=1

1£k

Where

Kk [n] = 4 1
- j2r(f, [n-2]-f, [n-1])
[]0-re )

12k

(3.9



andr, is the radius of the zeros on the Z-plane, fi[n-1] is the formant frequency of the I

filter estimated at time index n—1 and, f,[n] is the formant frequency of this filter (k™
filter) estimated at index n—1 The gain of Ky[n] (Equation 5) ensures that the AZF has
unity gain and zero phese lag at the estimated formant frequency of the k™ comporent. A
wide range of values for r, were tested and the best results were obtained (for the range of
values tested) for r, = 0.98[10].

3.3.3.2Dynamic tracking filters
The box labeled ‘DTF in ead formant filter [8] in Figure 3.7 is a single-pole dynamic
tradking filter. The pde locaion is aways set to the previous estimate of the formant

frequency of that formant filter. The transfer function d the kth DTF at index nis

1-r,
H orex (n’ Z) = (1_ ] ejznfk[n_l]z_l) (3.6
p

Where r, is the radius of the pde and fk[n-1] is the formant frequency of the kin filter at
time index n-1. A wide range of values for rp were tested and the best results were
obtained (for the range of valuestested) using ro=0.90.

3.3.3.3TheFirst Formant Filter

The transfer function d the 1« formant AZF is dightly different than that of the other
AZFs. The AZF of the first formant filter has an additional zero at the locaion d the
pitch estimate to suppress pitch eff ects on the first formant estimate. The transfer function
of the I« AZF at index nis

HAZFl(n,Z) = Kk[n]>< 'j (1— l’zejm' [n —1]2_1) (3.7

12k

Where



1

K =
" 'il (- r e7tlil-D)
=1

£k

(3.9

And fp [n-1] is the pitch estimate & time index n-1, that is provided to the 1st formant
filter by the gender detecor [8] [10].

After the placement of the pole and zeros for each of the formant filters, the transfer
function and the complex filter coefficients of the four formant filters are caculated.
These complex filter coefficients are then used to filter the anaytic speed signal into

four band-limited spedral regions from which the four formant frequencies are estimated.

3.3.3.4The Frequency Response of For mant Filters

The frequency resporses of the four formant filters are set as; pitch (Fo) is %t to 200Hz,
the first formant frequency (F,) is st to 700Hz, the second formant frequency (F,) is st
to 1500Hz, the third formant frequency (F3) is %t to 2200Hz and the fourth formant
frequency (F,) is %t to 3500Hz.

pitch(Fo) (Hz) 200
First formant frequency(F;) (Hz) 700
Seoondformant frequency(F;) (Hz) 1500
third formant frequency(F3) (Hz) 2200
fourth formant frequency(F,) (Hz) 3500

Table 3.1 Positionsfor first four formant Frequencies

The paosition d the pole and the zeros of the filters is updated for eat sample. The
bandwidth of the formant filters is related to the values of rzand rp, and is kept constant
since the values of rz and rp are nat changed. All four of the filters have unity gain and
zero phese lag at the location d the pale (peak of the band-passfilter that corresponds to
the estimated formant frequency).



Figures 3.8, 3.9, 3.10, 3.11, 3.12how the spedrograms of a speet signa and the
spedrograms of the arrespondng spedral regions that come out of the first formant
filter (used for F; estimation), seand formant filter (used for F, estimation), third
formant filter (used for F3 estimation), and fourth formant filter (used for F4 estimation).
As can be seen from the spedrograms, the pitch areais effedively filtered ou and the
higher formant frequencies are gredly attenuated for the F; region. The dfed of the
pitch, the first formant frequency and the upper formant frequencies are al minimized for

the F, region.

Fig 3.8Spedrograms of the original speed signal



Fig 3.9Spedrograms of the speed signals from thefirst formant filter bank

Fig 3.10Spedrograms of the speed signalsfrom the second formant filter bank



Fig 3.11Spedrograms of the speed signalsfrom thethird formant filter bank

Fig 3.12Spedrograms of the speed signalsfrom the fourth formant filter bank

3.3.4Adaptive Energy Detector

After the speedh signal has been filtered using the alaptive band-pass filterbank, the
RMS energy of the signal over the previous 20 msin each band is calculated. In order for
the dgorithm to estimate aparticular formant frequency from the spedrum (instead of
using the moving average value), the energy caculated in that formant band hes to be
abowve acertain ‘energy threshold level’, in addition to that speed segment being voiced.
As mentioned in Sedion 32 the global RMS energy of the speech signal is normalized
after pre-emphasis, so that the signal has an RMS of 0 dB. The energy threshald level

[10] for eath of the formant frequenciesis different and is adaptive to long term changes



in the spectral energy of the formant frequency bands. The energy threshold level for
eadt formant frequency is updated at every voiced segment of speech, all owing operation
in dynamicdly changing environments. Equation (3.9) describes how the energy level of
eadt formant frequency is updated duing voiced segments of speech:

ET: ()= ET. (0-1)- (0020(ET:, (0 -1)- E-: (n)) (39

where ETg (n) is the energy threshald level (in dB) of the i formant frequency at time
index (n), ETs (n —1) energy threshold level (in dB) of the i™ formant frequency at time
index (n-1), and Ex is the RMS energy (in dB) of the previous 20 ms of the speed
signal.

The energy in each band is caculated independently of the energy of the other bands.
Therefore, it is possble for the energy in some of the bands to be below their threshold
level and the energy in aher bands to be @&ove the threshad levels concurrently. This
scenario results in ore or more of the formant frequencies being spedrally estimated,
while others revert to their moving average value. Keeping the threshad levels and the
energy calculations in each o the frequency bands independent all ows accurate formant
estimation in at least a few of the formant bands when there is low energy in oy some
of the frequency bands.

If there ae long term changes in the energy of aformant band, the threshold level adapts
to these energy changes gradually. Not changing the threshdd levels abruptly prevents
long term errors to the energy detedor and all ows the dgorithm to recover quickly from
brief loud sounds. The threshold levels are measured in dedbels and the initia energy
threshold levels are set at the start of the algorithm and updited at voiced segments of
speed.

Various initial threshold levels were tested and the best results were obtained using the
following initial threshold levels:

Initial F; Energy Threshold Level =—-35dB,;

Initial F, Energy Threshold Level =—-40dB,;

Initial F3 Energy Threshold Level =—-45dB,;

Initial F4 Energy Threshold Level =-50dB.



It is important to nde that these initial values are calibrated for speech signals whase
energy levels have been namalized to have amean of 0 dB. If the signal energy is not
normali zed, the dgorithm would require some time to adapt to the actual levels of energy
present in ead formant frequency band, before normal operation d the dgorithm can
resume.

The variation d the energy threshold levels for the four formant filters throughou an
energy normalized speech signa is $iown in Figure 3.13 The signa used is a
synthesized speech signal for afemale speaker saying “five women played basketball”.

Energy Threshold Levels for the different Formant Filters
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Figure 3.13 —Variation of the energy threshold levelsthrough timefor a female
speaker speed signal: “five women playing basketball”

3.3.5Calculating the Linear Predictor Coefficients

Linear prediction provides a good model of the speed signa. Thisis espedadly true for
the quasi stealy state voiced region d speech in which the dl poe modd of LPC
provides a good approximation to the vocd tract spedra envelope. During unvaced
transient region d speech, the LPC model [14] is lesseffedive than for voiced regions,
but it still provides aceptably useful models. The linea prediction method povides a
robust, reliable, and accurate method for estimating the parameters that charaderize the

linea time varying system.



Linear prediction models the human vocd trad as an infinite impulse resporse (IIR)
system that produces the speech signal. For vowel sounds and other voiced regions of
speed, which have aresonant structure and high degreeof similarity over time shifts that
are multiples of their pitch period, this modeling produces an efficient representation o
the sound.

The linea prediction [25 problem can be stated as finding the wefficients a which
results in the best prediction (which minimizes mean-squared prediction error) of the
speed sample s[n] in terms of the past samples s[n— k], k= {1. . .P}.

The ideabehind linea predictionis to approximate eat sample of the speech signal asa
linear combination d past samples. By minimizing sum of squared dfferences between
the adua speedh samples and the predicted ores, a unique set of predicted coefficients
can be determined. A linea predictor of order p is defined as

é‘[n]=gaks[n—k] (319

Where §[n] isthe prediction d S[n] by the sum of p past weighted samples of §[n].
The system function o the p™ order predictor is aFIR filter of length p given by:

P(z)= Zak z (3.10)

Andthe associated prediction error filter is:

p

Alz)=1- ZakZ"‘ =1-P(2) (3.12

=1

And prediction error is defined by:



eln] = S[n] - S|n]

= g[n]- 2ak8[n —K] (3.13

The roats of the inverse of the prediction error filter corresponds to the poles placal to
model the original signa as closely as passble while minimizing the mean squared error
between the estimated and aiginal signals. First order linea prediction (p = 1) obtains
ore linea predictive wefficient and the corresponding single pde is placed to model the
original signa as well as possble. Second ader LPC [25] tries to model the original
signal using two pdes, and so on.

The first four formant frequencies of the speech signa are estimated from the four
filterbands of the adaptive bandpassfilterbank using first-order LPC. The analytic signal
from each o the bands is first windowed using a 20-ms periodic Hamming window and
then the linear predictive wefficient (one per band) of the previous 20 ms of the
windowed signal from eadh band is calculated. LPC tries to fit a single poe model to
eat signa and the locdion d the poe @rrespond roughly to the vocd trad poe
(formant frequency) in that band, for voiced segments of speech. The LPCs are only
cdculated from the bands if the entire previous 20-ms window of the speed signa is
voiced (as determined by the voicing detedor).

3.3.6Voicing Detector

Figure 3.14 shows a block diagram of the voicing detedor [8] that has been designed for
use with the formant tracing a gorithm. The purpose of the voicing detedor isto provide
the formant tracking algorithm with a reliable sample by sample dedsion on whether a
signal is voiced o unwiced. Functionality has been bult into the voicing detedor to
prevent it from switching its dedsions uriously. Parameters of the voicing detector
need to be changed to be &le to work for both male and female speakers. The gender
detedor provides regular updates to the voicing detedor abou the gender of the spedker

so that the voicing detedor can use the mrred set of parameters.
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Fig. 3.14Block diagram of voicing detedor

3.3.6.1The High PassFilter and L ow PassFilter of the Voicing Detector
The original speedh signal (the red valued signal) isfiltered into two dfferent frequency
bands by passng it through a High-PassFilter (HPF) and a Low-PassFilter (LPF). Figure

3-15 shows the frequency and phase resporses of the 20n-order Butterworth HPF and
LPF where the aut-off frequency of the two filtersis st to 700Hz (dotted bladk line).

Oncethe signal is filtered into the two frequency bands, the log ratio of the RMS energy

for the previous 20 ms of the signal, between the lower and the higher frequency bandsis

cdculated.



Freguency and Phase response of the HPF and LPF
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Fig 3.15The Frequency and Phase responses of the HPF and L PF

Voiced speech is made up o lower frequency componrents than unvaced speed, so the
energy in the lower frequency band is expeded to be greaer than the energy in the higher
frequency band during voiced speech. During voiced speech segments, the log ratio of
the low frequency band to high frequency band is positive, indicaing that the energy in
the lower frequency band is greder than that in the higher frequency band. The log
energy ratio is cdculated with a dliding window moving sample by sample axd a
windowed signal is classfied as voiced if itslog ratio exceads a set threshold level. This
energy ratio measure serves as the primary means of classficaion for determining if a
speed segment isvoiced or unvaced.

The best value of the aut-off frequency of the HPF and the LPF depends on the gender of
the spesker. A large number of values were tested for the seledion d the aitoff
frequency for bath genders. For the range of values tested, the best results were obtained
when the aut-off frequency was st to 700Hz for mae speech and 1120 Hz for female
speed. The voicing detedor gets updates every 20 ms abou the gender of the speaker
from the gender detector and is able to modify the ait-off frequency of the LPF and the



HPF if the gender of the spe&er changes. If the ait-off frequency is to be changed, it is
slowly increased ar deaeased so that there ae no transient effeds, as shown by Equation
3.12 The dgorithm is configured to shift the aut-off frequency from 700Hz to 1120Hz
(from male speaker to female spedker) or vice versa over 40 ms as iown in equations
3.14and 3.15.

F.[n]= F.[n-1+10, 1fG[n] =0andFJn] <120 (3.19
F.[n] = F.[n-1]-10, IfG[n]=0andF[n] > 120 (3.19

Where F_[n] isthe aut-off frequency at time index n and G[n] is the estimated gender at

timeindex n (zero for female and ore for male).

3.3.6.2T hreshold with Hysteresis

The log energy ratio used to determine if the inpu is voiced o unvaced is reliable and
acarate only for phanemes whose frequency comporents do nd vary too much ower
time. The presence of transient frequencies in certain phoremes makes the log energy
ratio urreliable on its own for determining voicing in continuows geech. Thisis becaise
transient frequency comporents can make the voicing detector results oscill ate too
quickly between the voiced and unvaced states. In order to avoid these fast oscill ations
between the two states, Bruce ¢ al. [26] proposed athreshold with hysteresis. This all ows
changes in the voicing state (from voiced to unwiced or vice versa) only if the state of
the arrent sample dchanges from the previous sample and the aurrent sample has a log
ratio greaer than a set threshold level. These threshold levels depend onthe gender of the
spe&er and have to be changed as the gender of the speaker changes.

If the previous sample is unvaced and the airrent sample has a log ratio greder than a
set threshold level (Log_Ratio_Threshold_Voiced), then the current sample is assgned as
being vaced, i.e. the switch from unvaced to voiced state occurs only if the log energy
ratio is greder than the proper threshold level.

If the previous sample is voiced and the aurrent sample has a log ratio lessthan a set
threshold level (Log_Ratio_Threshold_Unvoiced), then the current sample is assgned as

being unvaced, i.e. the switch from voiced to unvaced state occurs only if the log



energy ratio is below the proper threshald level. From the range of values tested, the best
results were obtained when the level was st to 0.2 for males and 0.3for females for
Log Ratio_Threshod Voiced and 0.1 for maes and 0.2 for females for
Log_Ratio_Threshdd_Unvoiced. The gender of the spe&ker is checked every 20ms to
confirm that, the proper set of parameters are being used. If the gender of the spedker
changes, the threshold levels are updeted slowly over 40ms, to avoid any transient
eff ects.

3.3.6.3Autocorrelation Test

The contribution d energy due to additi ve white Gaussan ndse over short time durations
may not be ‘white’, bu instead be ‘colored’ (be randamly concentrated in the lower or
upper frequency band). Voicing decisions based solely on the log ratio measure would
rely only onthe energy distribution d the signal over the previous 20 ms of data. If the
short-term energy from AWGN is concentrated in the lower frequency band, the log
energy ratio will erroneously detect the signal as being voiced.

In order to avoid the problem of erroneous voicing detedion in the presence of AWGN,
the voicing detedor agorithm performs an autocorrelation based test to check if the
energy in the lower frequency band of the signal is due to AWGN or due to some other
nonrandam signal. The autocorrelation d the previous 20 ms of the signal is cdculated.
The signal is clasdfied as voiced, if the autocorrelation at any lag (t # 0) is greaer than
the autocorrelation_threshold multiplier times the autocorrelation at zero (t = 0) and
there is at least one paint in the window whase aiutocorrelation is greater than O. If the
low frequency energy in the signal is determined to be due to AWGN, the aitocorrelation
of the signal will be very low since randam signals have very low or zero autocorrelation
values (when 1 # 0 ), and the above test will fail.

The value of the autocorrelation_threshold_multiplier is different for male and female
spekers. Through trial and error the best results were obtained when the
autocorrelation_threshald_multiplier was st to 0.25 for female spesers and 0.6for male
speers. The gender of the spedker is chedked every 20 ms and the value of the
autocorrelation_threshad_multiplier can be danged if the gender of the speaker

changes.



3.3.6.4Voicing Detector Testing and Results

The testing of the voicing detector algorithm was condwcted using synthesized sentences.
Testing using the synthesized sentences allows quantitative measurements of the
performance of the voicing detector for bath male and female spe&ers snce the exad
time of the onset of voicing is known. Figures 3.16 and 317 show the performance of the
voicing detector for the male and femae synthesized sentence “five women payed
basketball”. When the lines are at zero (‘low’), it indicaes that the speech is unvaced
and when the lines are non-zero (‘high'), it indicates that speed is voiced. The dgorithm
is also robust and there is very little or no cscill ation d the output between voiced and

unvaced states.

_l L I L u

Figure 3.16-Voicing Detector resultsfor a synthesized male speaker



Figure 3.17-Voicing Detector resultsfor a synthesized female speaker
3.3.7Gender Detedor
The difference in pitch between male and female spedkers is aufficient to serve & a
discriminating parameter between the two types of spe&kers. The gender detedor
cdculates the pitch and determines the gender of the spe&ker. It provides this information
to the voicing detector so that the voicing detector can update its parameters to work
properly for bath male and female speders. Accurate pitch estimation from continuous
speedt is a difficult task to acammplish. Severa complicaed agorithms have been
proposed to adiieve this task. However, for the purposes of constructing a low-
computation and low-delay gender detector, it was deemed sufficient to have an
approximate estimate of the pitch as long as there is dill clea discriminability between
male and female speakers. Therefore, a well known fast and simple gproach to pitch
estimation[25] is chasen that uses an autocorrelation based approad.
In the gender detedor algorithm, pitch is estimated from the real valued speed signal
using the short-time autocorrelation d the previous 60 ms of the signal. The 60 ms signa
is divided into norroverlapping frames whose length must be greder than at least one
pitch period in order to measure the pitch in the frame acarately. The gender detedor
algorithm segments the signal into nonoverlapping 20 ms-frames.
Each frame is lowpassfiltered using a fourth-order Butterworth filter (LPF) to reducethe
range of spedral estimation. The pitch information is contained within the lower



frequencies of speech (< 1000Hz) so the higher frequencies contained in the signal can
be discarded. The frequency resporse of the LPF is shown in Figure 3-18
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Figure 3.18-L PF for the Gender Detector
3.3.7.1Determination of the Average Pitch Period and the Gender of the Speaker

There can be interadion between the pitch frequency and the first formant frequency
when the first formant frequency bandwidth is narrow relative to the harmonic spadng.
In such cases the autocorrelation function of the signa has higher peaks due to the vocd
trad resporse (first formant frequencies) than due to the vocad excitation (pitch
frequency). This makes it difficult to estimate the pitch frequency using short time
autocorrelation. To avoid this problem, a norlinea time-domain technique cdled centre-
clipping is used that makes the periodicity of the speet signal more prominent while
suppressng the other features of the speech that contribute to the extra pedks of the

autocorrelation function. Center clipping functionis shown in figure 3.19.




Fig.3.19Center clipping function

Center clipper definitionis
If x (n)>CL,y(n)=x(n)-C. (3.19

Ifx(n) < CL,y()=0 (3.17)

After the signal has been centre clipped, its autocorrelation, Ra(p), is
cdculated and the location d the highest pe&, p, d the autocorrelation function is
locaed. If Rn(p) islessthan 0.4x Rn(0), then the segment is classfied as being unvaced
and its pitch is %t to 0 Hz. Otherwise, the pitch period [14] is cdculated as being the
locaion d the highest peak of the autocorrelation function.

The range of acceptable values for the pitch frequency is between 60and 320Hz, and if
the cdculated value of the pitch is outside this range then it is st to the moving average
value of the pitch in that segment. The value of the pitch frequency in each frame is used
to cdculate the average pitch frequency of ead segment of the signal (of 60 ms duration)
passd to the gender detector algorithm.

The average pitch frequency of each segment is sent to the first formant filter to be used
for the placement of the alditional zero at the pitch frequency locaion. The gender G[n]

of the speaker is considered to be male (‘0’) if the average pitch frequency is below 180

Hz andis st to femae (‘1) if it isabowve that value.

3.3.8 Moving Average Decision Maker

The moving average decision maker [8] has two main purposes:

* To calculate and update the moving average value of each formant
frequency and,

* To determine whether to assign the LPC estimated value or the moving
average value to each formant frequency.

The moving average decision maker assigns the estimated value to the

formant frequencies (from the LPCs) only when the segment is voiced and



the energy of the formant frequency is above its respective threshold
level. If the segment is unvoiced or if the energy of a particular formant is
below its respective threshold level, then the current value of the formant
frequency decays toward the moving average value for that formant

frequency according to:
F.[n] = F [n-1]- (0.0020(F, [n-1] - F,**[n - 1])) (3.18)

Where F, [n] is the formant estimate of i" formant frequency at time index

(n) and F"[n-1] is the previous value of the moving average for the i"

formant frequency. Equation 3.19 describes the update rule for the

moving average value of each formant frequency:
1 n
R [n] - Z F [k]
n=

(3.19)

Where F" is the moving average value for the i" formant frequency at
index n and

F.[n] is the estimate of the i* formant frequency at index n.

3.3.9Limitations on the Proximity of Formant Frequencies

The filter response of the formant filterbank becomes poor when the
location of the poles and zeros are very close. Therefore, the formant
tracking algorithm limits how close the formant frequencies can come to
each other. The algorithm does not allow F, to be less than 150 Hz from
the pitch frequency and any estimate of F, that is less than 150 Hz from
the pitch is set to be pitch+200 Hz. F, is also limited from being less than
300 Hz from F,. Any F, values that are less than 300 Hz from F, are set to
be F,+400 Hz. Similarly, F, is not allowed to be less than 400 Hz from F2.
All values of F, that are less than 400 Hz apart from F, are set as F, +400

Hz. Finally, all F, values that are less than 400 Hz from the F, values are



set as F,+400 Hz. This limitation on the proximity of the formant
frequency values ensures that the poles and zeros of the formant
filterbank are never too close to cause problems to the frequency
response of the filterbank. Figure 3.20 shows the algorithm used for

updating the formant frequencies values when they are too close to each
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Fig 3 .20- Update rules for the formant frequency proximity

3.4 Formant Tracking With RLS Algorithm

Several speet processng agorithms assume the signal is gdationary during short
intervals (approximately 20 to 30ms). This assumption is valid for severa applications,
but it is too restrictive in some ontexts. This work investigates the gplicaion o
adaptive signal processng to the problem of estimating the formant frequencies of

speed.



Advantages of RLS algorithm [9]:

* Very fast adaptation

 converges very close to the optimum
Disadvantages of RLS algorithm:

* high implementation complexity

e numericd problems

* nedalfor areference signa or atraining sequence

Least-square dgorithms am at the minimization d the sum of the squares of the
difference between the desired signal and the model filter output. When new samples of
the incoming signals are recelved at each iteration, the solution for the least-squares
problem can be computed in recursive form resulting in the reaursive least-squares (RLS)
algorithms. An important feaure of the RLS algorithm is that it utilizes information
contained in the inpu data, extending back to the instant of time when the dgorithm is
initiated. The resulting rate of convergence is therefore typicdly an order of magnitude
faster than the simple LM S agorithm.
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Fig 3.21Representation of RLS algorithm
This improvement in performance, however, is achieved at the expense of a large

incresse in computational complexity and some stability problems [27]. Figure 3.21
shows the representation d RLS algorithm [9].

The least squares lution manifested by the normal equation operates in a block mode.
This means that the process of estimating the weight vedor W has to wait urtil al the



data samples are available. In addition, whenever new samples beame avail able, finding
W requires lving the inverse of the inpu covariance matrix. Doing so, havever, is
computationally expensive. A reaursive procedure that can provide estimates of the

parameter vedor at every step in time using any new information withou having to

compute the inverse of X' X, therefore, would be gpredated [29]. Reaursive least
squares algorithms achieve exadly this goal.

RLS agorithm can be summarized as [9]:
Initi ali zed the dgorithm by setting

w(0)=0 (3.20
P(0)=57"1, (3.29)
And

& ={ small pasitive constant for high SNR
{ Large positive constant for low SNR

For instant of time, n=1, 2...compute

(n)=P(n-1u(n),

k() = A+ ul'-*[((rr]1))n(n) (3.29

£(n)=d(n)-w" (n-1u(n)
W(n) =Wn-1)+k(n)"(n),

and (3.23

P(n)=A*P(n-1)-Ak(n)u" (n)P(n-1),



The M-by-M matrix P (n) is referred to as inverse @rrelation matrix, k (n) is a gain
vedor, A isaforgetting factor, u(n) is ainpu vedor, w(n) is a weight vector, n(n) isa
intermediate quantity, & (n) isapriori estimation error, o is aregularization parameter.
The euations shown above ae mlledively and in that order, constitute the RLS
algorithm.

The standard RLS algorithm is known to have optima properties in stationary
environments where the parameter vedor is assumed to be time invariant. However, it is
unsuitable for tracking the time varying parameters in norstationary environments as in
speed signal. This is due to the property that the adaptation gain in k (n) converges to
zero as the parameter estimates approacd their true values to reduce the noise dfect on
the estimates. Consequently, the dgorithm loses it ability to tradk possble parameter
changes and, eventually, it getsturned off.

An important requirement for adaptive signal processng and adaptive @ntrol isto have a
reaursive estimator that has the aility to track parameter changes in norstationary
environments. The standard RLS algorithm, howvever, does not satisfy this requirement.
Therefore, considerable research effort has been direded towards the development of
modified versions of the dgorithm which have good trading cgpabiliti es in time varying
environments [28]. The common goa for most of these modificaion procedures is to
prevent the adaptation gain from tending to zero. Numerous parameter-tradking
modifications have been propased in the literature. Most of these modifications, hovever,
foll ow the forgetting factor approach [29].

The main pupaose of such a forgetting factor is to introduce relative weightings on the
estimation error contributions to the st function. Doing so implies that certain data
points are more informative than ahers. In the cae of the exporentia weighting
methods, the most recent data samples are assumed to be more informative than past data
samples and hence the past samples are exporentially discarded [30]. Variants of the
standard RLS algorithm that are based onthe forgetting factor approach minimize a ost
function that differs from the st function in (3.22 by the presence of a weighting or

forgetting fador L. The minimized cost function becomes



J :ZA”‘ief, 0<A<1 (3.24

J= Ze,z =e'e (3.25

Notice that using A = 1 reduces the cost function in (3.24) to the standard cost function
described by (3.25. As a @mnsequence of using the modified cost function, the standard
RLS agorithm gets transformed into a new algorithm that is cgpable of tracking possble

parameter changes.

The modified RLS algorithm becomes

W(n)=W(n-1)+k(n)(n)
&(n)=d(n)-x"(nw(n-1)
K(n)= S(h-1)x(n)

~ A+ x (n)s(n-1)x(n)

(3.26

s(n) = A*[s(n-1)- k(n)x" (n)s(n - 1))

In stationary environments, the parameter vector can be estimated with a forgetting
fador A = 1, thus, emphasizing the fact the all data samples is of equal importancein the
estimation process In fact, setting the forgetting fador to ore reduces the modified RLS
agorithm in (3.23 to the standard RLS algorithm which is known to have optimal
properties in stationary environments. In norstationary environments (li ke speed signal),
however, A is required to be smaller than unity to track any parameter changes. This
means that only the most recent datais to be used in the estimation algorithm.

The avantage of doing so is that the dgorithm is aways in a state of alert against
possble parameter variations and this improves the tradking capability of the dgorithm.

The disadvantage, on the other hand, is that the algorithm becomes ensitive to ndase



because of the fact that the adaptation gain never converges to zero. One solution that has
been proposed to dea with this problem sets the value of A to some number smaller than
one when an abrupt parameter change is detected; then it increases A to unity [31] [32].
This procedure dlows the estimated parameter vector to converge to the true value. The
net result is an algorithm with good parameter tracking cagpability during the transient
stages, and at the same time the alaptation gain is allowed to tend to zero duing the
stationary stages and hence noise sensitivity is greatly reduced.



Chapter 4
RESULT SAND OBSERVATIONSFOR FORMANT

TRACKING ALGORITHMS

4.1 Introduction

The primary goal of formant tracking algorithms isto develop areliable formant tradking
algorithm that isrobust in red-time naise scenarios. Different test cases are described and
the performance of the dgorithms under these mnditions has been discussd. Both of the
formant tracking algorithms has been tested using synthesized speedt signals as well as
speed signals from the TIMIT recorded speech database. The TIMIT corpus of real
speet has been designed to provide speech data for the aquisition d acoustic-phoretic
knowledge and for the development and evaluation d automatic speedr reaognition
systems. TIMIT has resulted from the joint efforts of the Massachusetts Institute of
Tedndogy (MIT) and Texas Instruments (T1).

Testing using synthesized sentences allows quantitative analysis of the performance of
the formant tracker because the formant frequency values of the synthesized speed
signals are known. The TIMIT database speed signals are recorded from adual speakers
and therefore sound more natural than the synthesized speed signals. However, the
adual formant frequency values of the TIMIT database speedh signals are unknown,
therefore; only qualitative analysis of the results can be performed through visual
inspedion. Algorithms are tested for bath male and female voices. Table 4.1 shows the
range of first four formant frequencies. Generally the estimated formant frequencies vary

in these ranges.

Formants | Minimum frequency (Hz) | Maximum frequency (Hz)

F1 270 730
F, 840 2290
Fs 1690 3010

Fa 2500 4500




Table 4.1 Rangesfor formant frequencies.
4.2 Testing With Robust Formant Tracking Algorithm
Robust formant tracking algorithm estimate and track the formant frequencies of a speedh
signal. The present work shows the testing d robust tradking agorithm for a speed
signa in dfferent environmental condtions and for bath synthesized and TIMIT data
based spedkers.

4.2.1Testing with White Noise

Additive White Gausgan Noise (AWGN) may be present in red-time environments from
avariety of sources sich as fans, air-condtioners, runnng water, etc. Since the formant
tradker is to be implemented and wsed in a real-time environment, it must be le to
operate in AWGN. The operation d the dgorithm is tested and analyzed in the presence
of background AWGN at various Signal-to-Noise Ratios (SNR’s), from 40 dB to -5 dB,
for various synthesized and TIMIT database speech signals (for bath male and female
speers). AWGN adds wideband spedral noise to eat o the four formant bands and
the long-time average energy added to each of the bands is roughly equal. Due to the
equal energy contribution of AWGN on the formant frequency bands and the nature of
the formant tracker, the performance of the formant trading filters saoud na be dfeded
grealy in AWGN for voiced segments of speech. However, the performance of the
voicing detedor and the pitch will both be alversely affeded due to AWGN at low
SNR'’s because of the added energy in the lower frequency bands. The voicing detector in
particular may erroneously detect voicing during unvaced segments of speed. The
addition d the autocorrelation based testing as well as the alaptive energy thresholds in
the voicing detedor prevents this from occurring.

Figure 4-1 shows the spedrogram of a male synthesized speaker saying “five women
played basketball”. Figure 4.2 shows the formant frequencies for female speaker saying
“five women played basketball”. In these speech samples thereisno AWGN. Figure4.3
shows the formant frequencies for male speaker with added AWGN 40dB. Figure 4.4
shows the formant frequencies for female speaker with added AWGN 40dB. The figure
4.3 and 4.4dso show the original formant frequencies (plotted in blad), the estimated
formant frequencies (plotted in white) as well as the voicing dedsions (plotted in



magenta). It can be seen that at this high SNR level the formant frequencies are estimated

acarately and the voicing detedor estimates deteds voicing accurately. As the formant

frequencies change, the formant tradker is able to follow them and cgpture the formant

frequency transitions.

4000

3500

3000 @

Frequency (Hz)

o]
i
]
[

2000

—_
]
]
]

Spectrogram and estimated formant frequencies of the speech signal

04 06 08
Time (s)

— 1
| - F2
- F3
=nn F4
== Voicing

16 18

Fig 4.1Spedrogram and formant frequenciesfor a synthesized male speaker “five

Frequency {Hz)

women played basketball”

Spectrogram and estimated formant frequencies of the speech signal

4000

= F2
== F3
snn [4
== Woicing

Time (s}



Fig 4.2Spedrogram and formant frequenciesfor a synthesized female speaker “five
women played basketball”
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Fig 4.3Spedrogram and formant frequenciesfor a synthesized male speaker with
AWGN 40dB



Spectrogram and formant frequencies for a female speaker at awgnd0
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Fig 4.4Spedrogram and formant frequenciesfor a synthesized female speaker with
AWGN 40dB

Figures 4.3 and 4.4 show that at given SNR’s the formant tracker estimates the second
and third formant frequencies better for the male speder than for the female speker.
This happens becaise the second and third formant frequency values of the femae
speker have very fast transitions during some phoreme boundxries and the energy of the
formant frequency regions drop significantly during these transiti ons.

The formant tradker is unable to keep track of the formant frequencies during these fast
transitions and the dgorithm reverts to using the moving average value of the sesocond and
third formant frequencies. However, the dgorithm remvers quickly and starts tradking
the corred formant frequency when as on as there is aufficient energy present in the
formant regions. The dgorithm estimates the first formant frequencies quite acacrrately
for bath males and females geders during al voiced speet segments. In totaity, the
formant frequencies are estimated accurately and the dgorithm is robust. The voicing
detedor performs well in predicting the voiced segments of speed for both male and
female speakers.

Figure 4.5 shows the spedrogram and formant frequencies of synthesized male spedker
with AWGN 5dB, Figure 4.6 shows the same at AWGN 10dB. Figure 4.7 shows the
spedrogram and formant frequencies of synthesized male speaker with AWGN 20dB.



Figure 4.8 shows the spedrogram and formant frequencies of synthesized male spedker
with AWGN 30dB, Figure 4.9 shows the spedrogram and formant frequencies of
synthesized female speaker with AWGN 5dB. Figure 4.10 shows the spedrogram and
formant frequencies of synthesized female speaker with AWGN 10dB. Figure 4.11shows
the spedrogram and formant frequencies of synthesized female speser with AWGN
20dB. Figure 4.12 shows the spectrogram and formant frequencies of synthesized female
speaker with AWGN 30dB. From figures 4.54.12 it is clea that even at low SNR’s this
agorithm tradk formants accurately. Table 4.2 and Table 4.3 give the estimated formant
frequencies for bath male and female speaker with added AWGN at different SNR’'s
respedively. Actua frequencies are dso shown in these tables. So bah estimated and
adual frequencies can be easily compared.
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Spectrogram and formant frequencies for a male speaker at awgn10
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Fig 4.6Spedrogram and formant frequenciesfor a synthesized male speaker with
AWGN 10dB
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Fig 4.7Spedrogram and formant frequenciesfor a synthesized male speaker with
AWGN 20dB



Spectrogram and formant frequencies for a male speaker at awgn30
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Fig 4.8Spedrogram and formant frequenciesfor a synthesized male speaker with
AWGN 30dB

Spectrogram and formant frequencies for a female speaker at awgnd
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Fig 4.9Spedrogram and formant frequenciesfor a synthesized female speaker with
AWGN 5dB



Spectrogram and formant frequencies for a female speaker at awgn10
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Fig 4.10Spedrogram and formant frequenciesfor a synthesized female speaker
with AWGN 10dB
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Fig 4.11Spedrogram and formant frequenciesfor a synthesized female speaker
with AWGN 20dB



Spectrogram and formant frequencies for a female speaker at awgn30
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Fig 4.12Spedrogram and formant frequenciesfor a synthesized female speaker
with AWGN 30dB

Frequencies | Value of Estimated frequencies with a trading algorithm (Hz)
Tobe Actual With SNR [ With SNR [ With SNR | With SNR | With SNR
Estimated | frequencies | 4o 308 208 1068 508

(Hz) (Hz)

Fr 700 400 300 500 400 600

F 1500 1400 2200 1400 2000 1000

Fs 2200 2400 2500 2600 2400 2000

Fs 3500 3200 3300 3800 3600 3700

Table4.2Tablefor estimated for mant frequenciesfor male speaker at different

SNR’s*five woman played basketball”




Frequencies | Value of Estimated frequencies with a trading agorithm (Hz)

To be Actua With SNR | With  SNR | With  SNR | With  SNR | With SNR
Estimated frequencies | 40dB 30aB 200B 10a0B 5dB

(H2) (H2)

F1 700 500 400 400 500 500

F, 1500 1000 1100 1800 1700 1000

Fs 2200 2500 3100 3100 3000 2400

F4 3500 3500 3500 3600 3600 3500

Table4.3Tablefor estimated for mant frequenciesfor female speaker at different
SNR’s* five woman played basketball”

Tables 4.2 and 4.3 give the estimated formant frequencies for both male and female
spekers at different SNR's obtained from the robust formant tracking algorithm. By
comparing the estimated formant values with the actual formant values it can be seen that
frequencies are estimated acaurately. Although they differ from adua frequencies, bu
are within the frequency range & gownintable4.1.

The dgorithm was aso tested using recorded natural speech for both male and female
speers from the TIMIT database. Figure 4.13 shows the spectrogram and the estimated
formant frequencies for a natural male spe&ker from the TIMIT database saying “fifth
yard contains big juicy peades’. From the spectrogram it can be visually observed the
formant tradker is able to deted and tradk the formant frequencies relatively well and also
makes good vacing dedsions. The formant frequency transitions are dso captured well
by the algorithm.

Figure 4.14 shows the spedrogram and the estimated formant frequencies for a natural
male speker from the TIMIT database saying “fifth yard contains big juicy peaches’
with AWGN at SNR of 25dB. Figure 4.15 shows the spedrogram and the estimated
formant frequencies for a natural male speser from the TIMIT database saying “a bodk
of schdars’. Figure 4.16 shows the spedrogram and the estimated formant frequencies
for a natural male speder in the presence of background AWGN at a SNR of 30 dB.




From the spedrograms of the following figures it can be visually observed the formant
tradker is able to deted and tradk the formant frequencies well and also makes good

voicing decisions. The formant frequency transitions are dso captured well by the

agorithm.

Spectrogram and estimated formant frequencies for a natural male speaker
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Fig 4.13Spedrogram and formant frequenciesfor a natural male speaker “fifth
yard contains big juicy peaches’
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Fig 4.14Spedrogram and formant frequenciesfor a natural male speaker at
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Fig 4.15Spedrogram and formant frequenciesfor a natural female speaker
“a book of scholars’



natural female speaker at awgn 30

Frequency {Hz)

Time (s}

Fig 4.16Spedrogram and formant frequenciesfor a natural female speaker at
AWGN 30dB

4.2.2 Testing in the presence of a background speaker

It has been olserved that in red-life, there is often more than just one spedker present in
an environment. The dgorithm was a so tested for the environment in which badkground
spedker is present by estimating formant frequencies for the dominant spegker in the
presence the backgroundspeakers.

Different cases are mnsidered here. Testing is dorne with the female background spe&ker,
with male background spedker, with multi ple badkground spe&ers. Here the background
spedker serves as the ‘noise source’. The loudress of the badkgroundspeaker often varies
in red-life and therefore the dgorithm is tested at varying SNR’s. In some caes for a
particular time period the background spe&er may contribute significant energy to the
formant frequency regions of the primary speder, especially at lower SNR’s. This will

cause the dgorithm to start tradking the formant frequencies of the background speaker

instead of those of the primary (more dominant) spedker.



There ae short moments of silence during the speed of any speaker while the spegker
inhales, or exhaes, and duing phaneme transitions etc. Another source of concern when
there ae background spedkers present is that if the badkground spe&er says smething
during the brief moments of silence of the primary spedker, the formant trading
algorithm may start to track the formant frequencies of the background spe&ker. In this
case the formant frequencies estimated will switch badk and forth between those of the
primary and the badkground spegkers. Ancther point to keg in mind is that the ‘noise
sourcé is afemale speaker and this can leal to ore of two scenarios when the primary
speer is male. The formant frequencies of the badkground female spedker are higher
than those of the primary male speaker. This may lead the overal performance of the
algorithm to be better for male spe&kers, becaise there will be lessenergy contribution to
the male spedkers' formant frequency regions.

4.2.2.1Testing in the presence of a female single background speaker

First the dgorithm has been tested in the presence of female single background spedker.
Figure 4.17 shows the spedrogram of a synthesized male speaker saying “five women
played basketball” in the presence of a female single background speaker saying “what
are you dang” at an SNR of 300dB. It can be seen that at this high SNR the formant
frequencies are estimated fairly accurately for most of the speech signal. Figure 4.18
shows the same & low SNR of 50B

Figure 4.19 shows the spedrogram of a synthesized female speaker saying “five women
played basketball” in the presence of a female single background speaker saying “what
are you dang”’ a SNR 20dB. Figure 4.20 shows the same at low SNR of 5dB. It can be
seen that a both low and hgh SNR's, formant frequencies are estimated fairly
acarately.

Table 4.4 gives the estimated formant frequencies for bath male and female speer with
single background female spe&er. From the table 4.4 it is clea that the dgorithm
estimates the formant frequencies well in the presence of single badkground female
speker. Values of formant frequencies deviate very less from their adual values.
Formant frequency values are also within the standard frequency range & own in table
4.1.
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Fig.4.17Spedrogram of a synthesized male speaker in the presenceof female single
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Fig.4.18Spedrogram of a synthesized male speaker in the presenceof female single
background speaker at 5dB SNR
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Fig 4.19Spedrogram of a synthesized female speaker in the presence of female
single background speaker at SNR 30dB
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Fig 4.20Spedrogram of a synthesized female speaker in the presence of female
single background speaker at SNR 5dB

Frequencies Estimated frequencies for amale Estimated frequencies for afemale
To be estimated speker (Hz) speker (Hz)

Hz

(H2) With SNR 30dB | With SNR5dB | With SNR 30dB | With SNR 5dB

(= 500 500 500 400

F, 1800 900 1000 1000

Fs 2700 2000 2500 3000

Fa 3700 3800 3500 3500

Table4.4Tablefor estimated formant frequenciesfor male and female speakers

with single female background speaker at different SNR’s

The dgorithm is also tested using more natural soundng speed (for both male and
female speakers) from the TIMIT database & various SNR’s. A figure 4.21 shows the
portion d the spedrogram for natural female speakers saying “abookof schaars’ inthe
presence of a female single badkground spe&er “what are you dang” at 20 dB. Figure
4.22 shows the portion d the spedrogram for natural male speser saying “fifth yard
contains big juicy peades’ in the presence of afemale single badkgroundspedker saying
“what are you dang” at 10 dB.

From visual inspedion d these spedrograms, it can be seen that the dgorithm performs
well for both genders despite the relatively low SNR’s. The dgorithm is also able to track
formant frequencies as the speed switches between vaiced and unvaced segments and
provides gnocth formant frequency estimates. Testing has been dore a different values
of SNR ranging from 40dB to -5dB. But results for few values are presented here.
Algorithm tracks frequencies accurately for entire range of SNR’s.
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Fig 4.21Spedrogram of a natural female speaker in the presenceof female single
background speaker at SNR 20dB
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Fig 4.22Spedrogram of a natural male speaker in the presenceof female single
background speaker at SNR 10dB

4.2.2.2Testing in the presence of a male single background speaker

Algorithm has aso been tested in the presence of a male single background spedker at
varying SNR’s (from 40 dB to -5 dB). Algorithm again tracks very well for the whole
range of SNR’s. But the results for few values have been presented here. Concerns till
remain regarding the dgorithm starting to tradk the formant frequencies of the
badkground spedker instead of the primary spe&ker at low SNR’s. Similar to the femae
single background spe&er case, the estimated formant frequencies can still switch badk
and forth between those of the primary speeker and the badkground speaker due to the
noise contributions from the backgroundspeaker during momentary periods of sil ence of
the primary speder.

Figure 4.23 shows the spectrogram and estimated formant frequencies
for a male speaker saying “five woman played basketball” in the presence
of single background male speaker saying “what are you doing” at SNR of
15dB. Figure 4.24 shows the spectrogram and estimated formant
frequencies for a male speaker saying “five woman played basketball” in
the presence of single background male speaker saying “what are you
doing” at SNR of 35dB.

Figure 4.25 shows the spectrogram and estimated formant frequencies
for a female speaker saying “five woman played basketball” in the
presence of single background male speaker saying “what are you doing”
at SNR of 15dB. Figure 4.26 shows the spectrogram and estimated
formant frequencies for a male speaker saying “five woman played
basketball” in the presence of single background male speaker saying
“what are you doing” at SNR of 15dB. Table 4.5 gives the estimated formant
frequencies for both male and femal e speaker with single backgroundmal e speer.
Algorithm has also been tested for TIMIT database. Again it tracks

frequencies accurately. Figure 4.27 shows the spectrogram and formant



frequencies for natural male speaker saying “fifth yard contains big juicy
peaches” in the presence of single background speaker saying “what are
you doing” at SNR of 25dB. Figure 4.28 shows the same for natural
female speaker saying “a book of scholars” in the presence of single

background speaker saying “what are you doing” at SNR of 25dB.
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Fig 4.23Spedrogram of a synthesized male speaker in the presenceof male single
background speaker at SNR 15dB
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Fig 4.24Spedrogram of a synthesized male speaker in the presenceof male single
background speaker at SNR 35dB
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Fig 4.25Spedrogram of a synthesized female speaker in the presence of male single
background speaker at SNR 15dB
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Fig 4.26Spedrogram of a synthesized female speaker in the presenceof male
single background speaker at SNR 35dB

Frequencies Estimated frequencies for amale Estimated frequencies for afemale
To be estimated speker (Hz) speker (Hz)
(H2) With SNR 35B | With SNR 15aB | With SNR 35dB | With SNR 15dB
F 500 300 500 300
F, 1400 1600 1500 1800
Fs 2600 2700 2200 3400
F4 3500 3600 3800 3800

Table4.5Tablefor estimated formant frequencies for male and female speakers

with single male background speaker at different SNR’s

Table 4.5 gives the estimated formant frequencies for bath male and female speer with

single badkground male spe&ker. From the table 4.5 it is clear that the algorithm estimates

the formant frequencies well in the presence of single badkgroundmale speser. Second




formant frequency is estimated very accurately. Values of formant frequencies deviate
very lessfrom their actual values. Formant frequency values are dso within the standard

frequency range & ownintable4.1.
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Fig 4.27Spedrogram of a natural male speaker in the presenceof male single
background speaker at SNR 25dB
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Fig 4.28Spedrogram of a natural female speaker in the presence of malesingle
background speaker at SNR 25dB

4.2.2.3Testing in the presence of multiple background speakers

In this test case the dgorithm is tested using synthesized and natural male and female
speers in the presence of multiple badkground spekers to analyze the dgorithm’s
behavior in a real-time environment where there ae often more than just one or two
spedkers present in the badkground. Again algorithm has been tested for a wide range of
SNR’s but few results are presented here.

Figure 4.29 shows the spedrogram of a synthesized male speaker saying “Five women
played basketball” in the presence of multiple background speakers at a SNR of 10 B.
As can be seen from the spedrogram, the algorithm estimates the formant frequencies
quite well. Figure 4.30 shows the spectrogram and formant frequencies for a female
spedker at SNR with multiple badkground speakers at SNR 20dB. Table 4.6 gives the
estimated formant frequencies for both male and female speaker with multiple
badkground spe&ers. From the table 4.6 it is clea that the dgorithm estimates the

formant frequencies accurately.



The algorithm was also tested for this test case using natural speech
from the TIMIT database for both male and female speakers. The
performance was similar to that in synthesized speech and the algorithm
was able to track formant well.

Figure 4.31 and 4.32 show spectrograms of male and female speakers
from the TIMIT database at a SNR of 20 dB respectively in the presence
of multiple background speakers. The spectrograms show the formant
tracker is able to estimate the first and second formant frequencies
reasonably accurately for both the female and male speakers in these

SNR levels.

Frequencies To Estimated frequencies | Estimated frequencies
be estimated (Hz) | for amale spe&ker (Hz) | for afemale speaker (Hz)
With SNR 10dB With SNR 20dB
F1 300 500
F, 1800 1500
Fs 2700 3000
F4 3700 3500

Table4.6 Tablefor estimated for mant frequencies for male and female speakers
with multiple background speakers
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Fig 4.29Spedrogram of a synthesized male speaker in the presence of multiple
background speakersat SNR 10dB
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Fig 4.30Spedrogram of a synthesized female speaker in the presence of multiple
background speakersat SNR 20dB
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Fig 4.31Spedrogram of a natural male speaker in the presenceof multiple
background speakersat SNR 20dB
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Fig 4.32Spedrogram of a natural female speaker in the presence of multiple
background speakersat SNR 20dB



4.2.3Testing in the presenceof a Echo

Algorithm has also been tested for both male and female speakers in the
presence of echo. Figure 4.33 shows the spectrogram and estimated
formant frequencies for a synthesized male speaker saying “five woman
played basketball” in the presence of echo. Figure 4.34 shows the
spectrogram and estimated formant frequencies for a synthesized female
speaker saying “five woman played basketball” in the presence of echo.
Table 4.7 gives the estimated formant frequencies for both synthesized
male and female speakers in the presence of echo. Estimated formant
frequency values in table 4.7 shows that algorithm tracks formant
frequencies accurately even in the presence of echo. Estimated formant
frequency values are within the standard frequency range shown in table
4.1 and also estimated frequencies are very close to actual formant

frequencies.

Frequencies Vaueof Actual | Estimated frequencieswith a trading

To be frequencies algorithm (Hz)
Estimated (Hz) | (Hz) Echo present Echo present
inmale spe&ker | in female speaker
=1 700 400 300
F2 1500 1600 1500
Fs3 2200 2600 2500
Fa 3500 3300 3300

Table 4.7 Estimated formant frequencies for both synthesized male
and female speakers in the presence of echo.
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Fig 4.33Spedrogram of a synthesized male speaker in the presenceof echo
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Fig 4.34Spedrogram of a synthesized female speaker in the presence of edho

4.2.4Testing the algorithm for fading speed

In this test case the algorithm is tested to observe the effect of a speaker
whose speech is fading ‘in and out’ on the algorithm’s ability to track
formant frequencies. Again the algorithm has been tested for both male
and female speakers saying “five woman played basket ball”.

Figure 4.35 shows the spectrogram and estimated formant frequencies
for male speaker when speech is fading ‘in’. Figure 4.36 shows the
spectrogram and estimated formant frequencies for male speaker when
speech is fading ‘out’.

Figure 4.37 shows the spectrogram and estimated formant frequencies
for female speaker when speech is fading ‘in’. Figure 4.38 shows the
spectrogram and estimated formant frequencies for female speaker when
speech is fading ‘out’.

Table 4.8 gives the estimated formant frequencies for both male and
female speakers for fading speech. Values in the table 4.8 shows that the
formant frequencies are estimated accurately even in the fading

environment. Again formant frequency values are very close to actual

frequencies.
Frequencies Estimated frequencies for amale | Estimated frequenciesfor afemale
To be estimated speer (Hz) speker (Hz)
Hz
(H2) Fading ‘in’ Fading ‘out’ Fading ‘in’ Fading ‘out’
F1 400 500 500 500
F, 1500 1500 1200 1500




Fs 2600 2600 3100 2500

Fa 3200 3600 3800 3400

Table 4.8 Estimated formant frequencies for both synthesized male
and female speakers with fading speech.
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Fig 4.35Spedrogram of a synthesized male speaker when signal isfading in
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Fig 4.36Spedrogram of a synthesized male speaker when signal isfading out
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Fig 4.37Spedrogram of a synthesized female speaker when signal isfading
in
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Fig 4.38Spedrogram of a synthesized female speaker when signal isfading
out

4.3 Testing With Recursive Least Square Algorithm

Reaursive formant tradking algorithm estimates and tradks the formant frequencies of a
speedt signal. This algorithm has been tested again for both male and female spedkers.
Although formant tracing with RLS agorithm gives good formant estimates but exad
values can na be estimated. The estimated formant frequencies are within the standard
formant frequency range. Algorithm has been tested for number of coefficients eight and

forgetting facor vaue .98.

4.3.1Testing With White Noise

Speed signals have been tested with added white noise & different SNR’s. Again testing
is dore for bath synthesized and retural male and female speakers. Figure 4.39and 440
show the spedrogram and estimated formant frequencies for a synthesized male and
female spesker saying “five woman played basketball” respedively. Figure 4.41 shows
the spedrogram and estimated formant frequencies for a synthesized male spe&ker at
AWGN 30aB. Figure 4.42 shows the spedrogram and estimated formant frequencies for
a synthesized female spe&ker aa AWGN 30dB. Figures 4.394.42 show that RLS



algorithm is able to estimate formant frequencies but the formant estimate is nat smoaoth.
There aelong jumpsin the signal tracing.

Algorithm has aso been tested for natural male and female speakers. Fig 4.43 shows the
spedrogram and formant frequencies for a natura male spe&ker saying “fifth yard
contains big juicy peades’ at AWGN 25dB. Fig 4.44 shows the spedrogram and
formant frequencies for a natural female spe&ker saying “a bodk of scholars” at AWGN
300B.
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Fig 4.39Spedrogram and formant frequenciesfor a synthesized male
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Fig 4.40Spedrogram and formant frequenciesfor a synthesized female
speaker
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Fig 4.41Spedrogram and formant frequenciesfor a synthesized male speaker with
AWGN 30dB
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Fig 4.43Spedrogram and formant frequenciesfor a natural male speaker at
AWGN 25dB
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Fig 4.44Spedrogram and formant frequenciesfor a natural female speaker at
AWGN 30dB

4.3.2Testing With Single Background M ale Speaker

Similar to the robust formant tradking algorithm RLS agorithm has also been tested in
the presence of single backgroundmale sped&er. RLS agorithm is able to tradk formant
frequencies but not acasrately. Tradking with RLS algorithm is very noisy. Figure 4.45
shows the spectrogram and formant frequencies for a synthesized male speder in the
presence of single background male spe&ker at SNR 15dB. Figure 4.46 shows the
spedrogram and formant frequencies for a female speder in the presence of single
badground male speaker at SNR 15dB. From figures it can be easily said that this
algorithm estimates formant frequencies accurately within the range shown in table 4.1.
Algorithm has also been tested for natural speakers. Figure 4.47 shows the spectrogram
and formant frequencies for a natural male speaker in the presence of single badkground
male spe&ker at SNR 25dB. Figure 4.48 shows the spedrogram and formant frequencies
for afemal e speaker in the presence of single badgroundmale speaker at SNR 250B.
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Fig 4.46Spedrogram and formant frequenciesfor a synthesized female speaker
with single background male speaker at 15dB
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Fig 4.48Spedrogram and formant frequencies for a natural female speaker with

single background male speaker at 25dB

4.3.3Testing with Single Background female Speaker

RLS algorithm has also been tested in the presence of single badkgroundfemale speaker.
Figure 4.49 shows the spedrogram and formant frequencies for a synthesized male
spedker in the presence of single background female speeker at SNR 5dB. Figure 4.50
shows the spedrogram and formant frequencies for a female spe&ker in the presence of
single badkground female speaker at SNR 5dB. Figures 4.49 and 4.50 show that the
formant tradking is very poa in the presence of single badkgroundfemale speker.
Algorithm has also been tested for natural speakers. Figure 4.51 shows the spedrogram
and formant frequencies for a natural female speaker in the presence of single
badkground femae speaker aa SNR 20dB. Figure 4.52 shows the spedrogram and
formant frequencies for a male speder in the presence of single badkgrourd female
spedker at SNR 10dB.
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Fig 4.49Spedrogram and formant frequenciesfor a synthesized male speaker with

single background female speaker at 5dB
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Fig 4.52Spedrogram and formant frequenciesfor a natural male speaker with
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4.3.4Testing In The Presence Of Echo

RLS agorithm has also been tested in the presence of echo in the speed signal. Figure
4.53 shows the spedrogram and formant frequencies for a synthesized male spedker in
the presence of edho. Figure 4.54 shows the spectrogram and formant frequencies for a
synthesized female spe&er in the presence of echo.
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Fig 4.53Spedrogram and formant frequenciesfor a synthesized male
speaker in the presence of echo
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Fig 4.54Spedrogram and formant frequenciesfor a synthesized female
speaker in the presence of echo

4.3.5Testing In the Fading Environment

RLS algorithm has aso been tested with the speed signal in the fading environment.
Test was done for both male and female speakers with speech fading ‘in’ and fading
‘out’. Figure 4.55 shows the spedrogram and formant frequencies for a synthesized male
spedker with speech signal fading ‘in’. Figure 4.56 shows the spedrogram and formant
frequencies for a synthesized male speser with speed signal fading ‘out’.

Figure 4.57 shows the spedrogram and formant frequencies for a synthesized female
speker with speech signal fading ‘in’. Figure 4.58 shows the spedrogram and formant
frequencies for a synthesized female spedker with speed signa fading ‘out’. Figures
4.554.58show that algorithm is able to tradk frequencies but not acarately. From visual
inspedion it can be seen that for fading environment also formant frequency values are

within the standard formant frequency range shown in table 4.1.
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Fig 4.55Spedrogram and formant frequenciesfor a synthesized male speaker with
speed signal fading ‘in’.
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Fig 4.58Spedrogram and formant frequenciesfor a synthesized female speaker
with speed signal fading ‘out’

In this way both algorithms have been tested in dfferent environmental condtions.
Testing can aso be done in some other condtions like with reverberant speed, in the
presence of traffic noise, other atmospheric noises. Results from both agorithms $ow
that the formants can be estimated and tracked with bah algorithms. But formant
estimation and tradking is acairate only with robust formant tracking algorithm. RLS

algorithm canna tradk frequencies as accurately as with robust formant tradking

algorithm.



Chapter 5

CONCLUSIONSAND FUTURE SCOPE

5.1 Conclusions

Two dfferent formant tradking agorithms have been discussed in the present work.
These dgorithms are: Robust formant trading algorithm and formant tradking with RLS
algorithm. Quantitive analysis of both formant tradking algorithms have shown that it
provides accurate formant frequency estimates for both male and female spe&ers for a
wide range of SNR’s in red-time noise condtions sich as AWGN, a single competing
badkground speser (male and female), multi ple badkground spe&ers, in the presence of
edho, with fading speedch. Robust formant tradking agorithm provides mostly smoaoth
formant frequency estimates than RLS algorithm. The robust formant tracking algorithm
reavers quickly after erroneous estimates to go kadk to tracking the adua formant
frequencies in the speech signal, which is not the cae with RLS algorithm. Because of
this reason RLS agorithm shows naisy tracking. Information abou the gender is not
avail able with RLS algorithm. But the computation complexity of RLS agorithm is less
as compared to robust formant tracking algorithm. There have been some problems
identified with the robust formant tradker. The dgorithm occasionally gives ‘choppy' and
oscill ating formant frequency estimates. This is an uncesirable result because the adua
formant frequencies of speety namaly vary slowly with time and have smocth
transitions. This problem is only encourtered when the SNR is very low and accurs due
to the dgorithm tradking the excessenergy added outside the formant frequency regions
from the background noise source However, the overall performance of the robust
formant tracking algorithm is gill much better than that of formant tracking with RLS
algorithm.

The agorithms discussed in the present work are geared primarily towards use for CEFS
amplificaion. It was identified ealier that in order to apply CEFS to continuows eet
the seamnd formant frequency has to be estimated acarately and in red-time.
Furthermore, the estimated formant frequencies have to be smoaoth and the agorithm has

to be ale to identify formant transitions accurately so that the proper frequency



dependent amplification is applied to the speed signal. Testings on the algorithms have
shown that the formant frequency estimates are smooth and the formant frequency
transitions are tradked accurately. Therefore, the formant tracking a gorithms presented
here can be used to implement CEFS amplification. With RLS algorithm, the formant
frequency estimates are not very smooth and also have large jumps.
Because of this reason robust formant tradking agorithm is a better choice for CEFS

amplification.

5.2 Future Scope

The oscill ating formant frequency problem may be solved in future updetes to the
formant tradking algorithms by either smoathing the formant frequency estimates or by
incorporating additional logicd limitations to prevent abnamal jumps in the formant
estimates.

Another future improvement may be to modify the formant pre-filters to have variable
bandwidths that are dependent on the magnitudes of the poles estimated by the linear
prediction coefficients. This may further improve the formant estimates during rapid
formant transitions at high SNR’s, bu the performance @ low SNR’swould likely remain
unchanged.
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