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ABSTRACT

We propose a new speech recognition system using speech spectrum envelop on Bark scale, the
regression on 'voice energy and a quantized pitch for speech features. Bark scale is a
psychoacoustics measurement on human hearing property and all critical bands are defined on
Bark scale. We have estimated the frequency selectivity of the hearing system by calculating
critical band intensities (CBI). The regression on the speech energy is used to help classifying
short and long vowels. Each tested phonemes including consonants and vowels. All vowels are
automatically extracted and recognized in our experiments. The speech features are represented
by 16 parameters vectors of logarithm CBI into discrete cosines transform (DCT(log(CBI))), 16
parameters of their differentials, a parameter of regression on the speech energy (RE) and a
parameter of quantized pitch (QP). Feature, we have focused on the improvement of the accuracy
on vowel recognition using advanced robust speech detection technique, i.e., running spectrum
filter(RSF), in the presence of noise using frequency response masking running spectrum filter
(FRMRSF). This filter has been designed from model filters and masking filters. It has low
numbers of FIR filter coefficients while realizing a narrow transition bandwidth. In this thesis, the
modified FRM design based on band-pass filter is introduced and it is applied to the speech
recognition system. The new design, RSF, can be used for robust speech recognition with low

calculation cost.
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Chapter 1

Introduction

1.1 Background

The speech recognition has motivated many researchers to develop machines that can accept
the human speech and respond properly. Spoken language processing research intends to develop
and implement algorithms for a machine to be able to generate, recognize, and understand a
spoken language. In order to implement such a machine, speech analysis, speech synthesis,
speech recognition, natural language processing, and human interface technology are incorporated
in spoken language processing system. The spoken language systems have been developed for a
wide variety of applications, ranging from a small set of vocabulary to a large set of vocabulary.
It realizes communications between humans and machines, i.e., voice dialing in mobile phones,
aviation information retrieval, weather information retrieval, automated reservation, etc.. there
application have been applied to practical device such car navigation systems, video games, pet
robots, etc.. In the field of speech processing, such demands have induced various research
activities: speech recognition, speaker recognition, speech coding, speech synthesis and acoustic
processing. The choice of speech features is vary important. They directly affect the accuracy of a
speech recognizer. Moreover, the technology is quite essential for future advantaged applications
represented by automatic speech translation systems and artificial intelligence. It is expected that
speech recognition systems will be embedded into electrical devices. In the context of speech
recognition, the main goal of the feature extraction step is to compute a parsimonious sequence of
feature vectors providing a compact representation of the given input signal. A basic question
then is how to deal with the redundancy and variability carried by the speech signal.

The feature extraction is usually performed in three stages. The first stage is called the
speech analysis or the acoustic front-end. It performs some kind of spectrum temporal analysis of
the signal and generates raw features describing the envelope of the power spectrum of short
speech intervals. The second stage compiles an extended feature vector composed of static and
dynamic features. Finally, the last stage transforms these extended feature vectors into more
compact and robust vectors that are then supplied to the recognizer.

Basically, spectrum-based features have been widely used in speech recognition tasks. The



speech spectrum envelops from minimum mean square estimation (MMSE) technique has
provided good way to generate speech patterns for classification [1], [2], [3]. In addition, tonal
information which is derived for fundamental frequency, .i.e., pitch information, is employed into
several speech recognition systems [1],[4]. In conventional speech recognition systems, speech
spectrum envelops and cepstrum coefficients are calculated from auto-regressive model (AR
model) using MMSE, MFCC and PLP. The log energy measures are also extracted as features
directly and appended to MFCC or PLP [1], [5], [6],[7].

As a unique spectrum distortion measure, Bark scale has been studied [1], [7], [8]. This scale
is based on human physiological and psychological property. Bark scale is recognized as a
suitable scale for recognizing many auditory phenomena, such as perception of loudness and
timbre. These processes provide good performance in many languages. An auditory-based
warping of the frequency axis derived from Bark scale has been widely used in speech
recognition, i.e., PLP [6] method. The method employs the critical band spectral, the equal-

loudness curve and the intensity loudness power.

1.2 Objective

Our proposed technique focuses on the improvement of the accuracy on vowel recognition
using new speech features from the critical band intensity on the Bark scale, a polynomial
regression on the voice energy function and a quantized pitch concept. These concepts provide
good performance in tone languages .i.e., Thai and Laotian. For new features, we can estimate
the frequency selectivity of the hearing system by approximating its critical band intensities (CBI).
The MMSE spectrums are mapped onto the Bark scale and the respective CBI are used as feature
vectors has been studied [9], [10]. In addition, a regression method on the voice energy has been
used to classify short and long vowel has been studied [11], [12]. The quantized pitch is important
feature that allows gender-free modeling of the recognition has been studied [13], [14]. These
features are estimated for isolated word speech recognition experiment using HMM.

However, speech recognition systems are used in various practical environments where the
robustness of recognition systems becomes more essential [15]-[20], [31]-[39]. In real
environments, input speeches may include various noises derived from sound sources such as cars,
speech babble, etc.. Therefore, the robustness of speech recognition system is considerably
needed for practical use. We proposed an advanced noise robust speech adaptive with running

spectrum filter. The modified frequency response masking design based on band-pass filter is



applied to the design of running spectrum filter. These filter have been designed from Finite
impulse response (FIR) filters allowing low number of filter taps while realizing narrow transition
bandwidth. In this thesis, Using the new design, we have reduced the calculation cost.

Experiments indicates speech recognition in the presence of noise robustness can be improved.

1.3 Thesis overview

The remainder of this thesis is organized into seven chapters. Chapter 2 describes the rules
of spoken languages and grammatical structure words and phrases are selected and ordered.
Consonants, vowels, and tones for Thai and Laotian languages consists consonant, vowel and
tone. Chapter 3, principal algorithm of implemented speech recognition system is described. We
provide the linear prediction coding, Bark scalar, Mel scale, vectors quantization and hidden
Markov modeling (HMM). Chapter 4, feature extraction techniques are explained. Our proposed
speech focuses its on the improvement of the accuracy on vowel recognition using new speech
features: critical band intensity on the Bark scale and the robustness of recognition systems, a
regression method on the voice energy and a quantized pitch concept. These concepts provide
good performance in tone languages such as Thai and Laotian. Chapter 5, the noise robust
techniques used for noise reduction are the Running Spectrum Filter(RSF). In additional,
modification frequency response masking design based on band-pass filter is introduced and it is
_ applied to the design of running spectrum filter for reduced the calculation cost. Chapter 6,
several experiments are carried out. The conventional recognition system consists of ordinary
feature extraction based MFCC, PLP or DCT(log(CBI)). Then, FRMRSF/DRA and RSF/DRA are
applied together. This chapter is summarized the performance results of recognition, Chapter 6 is

conclusions.



Chapter 2

Thai and Laotian Language Structure

Thai and Laotian language belongs to the Tai language family which also includes Thai,
Shan, and languages spoken by smaller related ethnic groups in Laos, Thailand, Burma, southern
China, and northern Vietnam [21]. The languages in the Tai family all share a common grammar
and tone structure, called “Tonal Language”. Thai and Lao language has many regional varieties.
The main difference between these varieties is tonal, different varieties will have some changes in
tone and vocabulary from region to region. However the Bangkok and Vientiane variety are
considered as the unofficial national language. This can be seen in the capital where people from
all over the country live. Since the syllable is principally considered a fundamental unit for
acoustic phonetic analysis, it is important to have a good understanding about Thai and Lao
syllables. Each syllable sound consists of consonant, vowel and tone. They are described in the

structure as follow.

2.1 The language structure for Lao

2.1.1 Lao Consonants

There 27 original consonants realized Lao alphabetical order. These consonants are divided
into three classes, 6 for high consonants, 8 for middle consonants, and 13 for low consonants.
Laotian language is formed by a serial construction of these syllables. Representing 27 original
sounds as shown in Table 2.1. Note that, a special Lao consonant (*) is not defined in any class.
Since the consonant class is one of the critical factors in determining a syllable’s tone, the
consonant class has to be known in order to correctly pronounce a Thai and Lao syllable or a
word. Normally, all Lao consonants can all be used at the beginning of a syllable, namely “Initial
Consonant” and at the end of a syllable, called “Final Consonant”. Understanding this system

helps in understanding Lao tones and enable learners to write Lao correctly.

2.1.2 Lao Vowels
The Lao language has a complex vowel system. It is consisted a total of 27 vowels for Lao.
Lao vowels have 12 sounds vowels are monophthong, 12 vowels are diphthong, and addition only

3 sounds but 4 forms of script are special vowel of Lao, as shown in Table 2.2. Lao vowels



Table 2.1 Three consonant classes

High consonants Middle consonants Low consonants
Letter sound Letter sound Letter sound
2 k! n g/ 3 K/

8 Is/ 9 i/ 9 ng/
1 /th/ 0 1d/ g Is/
A} /ph/ 0 17 g ny/
A it U v/ un h/
n N y p/ u h/
3] Iyl w /ph/
® /z/ u I
B /m/
R N
by Iwl
s M/
s It/*

Note: *. (1) is not used as the main consonant in Lao syllable. It is used only when words from

foreigner languages are pronounced in Lao

divided into two groups as 12 short so (short duration vowel) and 12 long'sounds (long duration
vowel). The short vowels have shorter duration and more immediate stop of vocal cord input, and
while the long vowels are repetitions of the vowels over a longer input, with gradual release of air
from the lung. Remember vowel length changes meanings. It is vary important pronounce
correctly, pay attention to the speaker's lips. Note that, the special vowels are not defined to both
short and long vowels. The syllables comprise of a special vowel are not allowed to pronounce

associated with any final consonants. However, they are categorized as long vowels for tone rule

purpose.

2.1.3 Lao Tones
As described above, Thai and Laotian language is a tonal language of Tai language family.
A tonal language or tone language is one in which changes in pitch of syllable or word, lead to

changes in syllable or word meaning. Example of tone languages are Thai, Chinese, Burmese,



Table 2.2 Vowel categories, monophthong, diphthong and special vowel

Monophthongs Diphthongs
Special vowels
Short Vowel | Long Vowel Short Vowel Long Vowel
xte |/a/ |xa |jaa |Ge |/way |[&e |/ea/ |lx |/ai/
X ht | X i/ |Xov | mas [%0 ha/ | Ix | /ai
% oy | X oo | Xow | flay | e fia) | X9 | /a0l
X ha:l | % fau/ xh fam/
{xy le:/ x lee/
xy E:/ ©x /EE/
Txe fo:/ x oo/
xae | /O X 100/
x 1€/ X IEE
Table 2.3 Lao tone mark
Category | Tone Mark Name
x mai-zeek
Dynamic v
X mai-thoo
Static x mai-tii
x mai-jattavaa

Vietnamese, Lao, and some European and African languages. Most languages use tone to convey
grammatical structure or emphasis, but this does not make them tonal languages in this sense. In
these cases, tones can change how the audience is intended to interpret a word. But in tonal
languages, the tone is an integral part of award itself.

In Thai and Laotian language, tone is an integral component of a syllable, where tone
information is an essential lexical meaning of Thai and Lao utterance. For tones of Lao words are
determined by the tone chart as show in Table 2.3. All languages in the Tai family follow the tone
system explained here, with tones integrated into other aspects of pronunciation: initial

consonants, final consonant sounds, and vowel length. Lao writing system has 4 tone marks,



Table 2.4 Tone chart of Lao spoken in Vientiane

Syllable Syllable* Syllable**

Inherent Tone X X Long Short
Initial (low tone (falling tone vowel Vowel
consonant mark) mark)
high cons., . .

Low Rising(4) Low Falling(1)

felialein/e/n/ Low
middle cons., Low Rising(4) Rising(4)
Iluro/g/diiny Low falli Mid(0)

(or Low falling) High
Low cons., Falling(1)
/siale/uim/e High Rising(3) Mid(0)
/9/01d1/e/

Notes: * A S);Ilable consists of long vowel or ending with sonorant finals.
** A syllable consists of short vowel or ending with stop finals.

- The number 0,1,2,3 and 4 are made up to represent for five Lao tone types in thesis only.

categorized as dynamic tones and static tones as show in Table 2.4. However, there are more than
4 tone sounds in Lao pronunciation. Ancient Lao spoken language system has 5 tone sounds. In
recent years, advance research has found that, there are perhaps more than 5 tones in Lao spoken
language, depending on the region pronunciation. For example, there are five tones of
Luangphapang pronunciation (Northern of Laos), six tones of Pakse pronunciation (Southern of
Laos). Vientiane population is emigrated from many region of Laos. However, Vientiane
pronunciation with five tones is commonly used as the official spoken language of Laos. Thus,
we are used Vientiane tone is only one that has to be studied in this thesis.

From history, five Vientiane tone chart has been presented by Brown in 1965; Reinhorn,
1970-1971; Strecker in 1980 (unpublished); Chittavoravong in 1980 (unpublished); Enfield in
2000 and Senglathsamy Chanthamenavong in 2004. Since, Hoshino, Marcus in 1973; and
Levy 1980 have presented six tones of Vientiane pronunciation. However, the tone chart of
Crisfield-Hartmann and Enfield, as illustrated on the Table 2.4 are used in this thesis.

A tone is a feature of pitch or fundamental frequency movement within a syllable. Figure 2.1,
shows the average of pitch contours, extracted from male and female voiced (Vientiane speaker)

of a syllable, which has different tones.



Hgh Rising

Hgh Fdling
sy
[ =4
[
g
: |
Md
Low Falling

Time Duration

Figure 2.1 Average pitch contours over syllables of Vientiane speaker (Laotian), which are

represented five tones

Table 2.5 Phonetic symbol of Thai consonant

High consonants | Middle consonants Low consonants
Lefter { sound Letter sound Letter sound
4,9 /kh/ ) /g/ f,a,9 9%

R /ch/ T 9 4/ N /ng/
g n ) /d/ %, /ch/
0 i A W % Is/
H p/ Y v/ U Iyl
o /e 1 Ip/ nANs | N
fl /sl ] lof U I
H Is/ f /d/ NN /p/
o /sl 9 W W i}
" // u /m/
bl It/
aW v
g wi
g //




2.2 The language structure for Thai

2.2.1 Thai Consonants
There are 44 consonantal letters in Thai. These letter represent 21 phonemes, grouped by
traditional Thai grammarians into 3 classes; the high class, the middle class and the low class.
These classes are very important in determining the tone of a syllable. These consonants are
divided into three classes, 11 for high consonants, 9 for middle consonants, and 24 for low

consonants. Representing 44 phonetic symbol of Thai consonant as shown in Table 2.5.

2.2.2 Thal vowels
Thai has 18 monophthongs, nine short and nine long. Thai vowels divided into two groups as
12 short (short duration vowel) and 12 long sounds (long duration vowel). The short vowels have
shorter duration and more immediate stop of vocal cord input, and while the long vowels are
repetitions of the vowels over a longer input, with gradual release of air from the lung. A pair of "
short and long monophthongs is quantitatively different but speech spectrum quite similar. The

Vowel categories as shown in Table 2.6.

Table 2.6 Phonetic symbol of Thai vowel

Monophthong Diphthong

Short Vowel Long Vowel Short Vowel Long Vowel
0% fa/ 91 laal | 100% |/wa/ | 1B® Iwal
) i/ o hi/ vz | fia/ o6 | Aav
) fo:/ ] low / 972 fua:/ 97 fan/
9 fu/ 9 fun/
[\i}4 e/ 19 lee/
19 [E:/ 11 /EE/
Toz | /o To foo/
1 | /04 9 100/
ooy | /ey 109 €€/

2.2.3 Thai Tones

Thai language is a tonal language of Tai language family. A tonal language or tone language

is one in which changes in pitch of syllable or word, lead to changes in syllable or word meaning.
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Similarly Lao tones as described in subsection 2.1.3. For tones of Thai and Lao words are
determined by the tone chart as show in Table 2.3. There are five different lexical tones in Thai:
the mid, the low , the falling , the high, and the rising [11],[12].

All five different tones are found only on sonorant ending syllables, i.e., open syllables with
long vowels and syllables ending with nasals. Obstruent ending syllables, i.e., open syllables
ending with short vowels and syllables ending with stops, are restricted to specific tones; we
found only the low, the fall, and the high but the fall in this type of syllable is scarce. For
syllables with long vowels ending with stops, we found only the low, the fall, and the high but the
high in this type of syllable is also scarce.

Tones integrated into other aspects of pronunciation: initial consonants, final consonant
sounds, and vowel length. Thai writing system has 4 tone marks, the tone chart of the
Transliteration's list from the Royal Institution and PhD. Wit Thiengburanathurm, Thai-English
Dictionary, and Issues in Thai Text-to-Speech Synthesis by the NECTEC in 2000, as illustrated

on the Table 2.7 are used in this thesis.

Table 2.7 Tone chart of Thai spoken

Consonant
Vowel Monophthong Diphthong
Short vowels Long vowels Short vowels Long vowels
Live syllable | Mid, Low, Mid, Low, Mid, Low,
Falling, High Falling, High, - Falling, High,
Rising Rising
Dead syllable | Mid, Low, Mid, Low, Low, Falling,
Falling, High Falling, High . High
Open syllable | Mid, Low, Mid, Low, Low, Falling, Mid, Low,
Falling, High Falling, High, High Falling, High,
Rising Rising




Chapter 3

Speech Recognition System Fundamentals

Speech recognition is the process of converting an acoustic signal, captured by a microphone
or a telephone, to a set of words. Speech recognition systems can be characterized by many
parameters. A more general form of speech recognition process includes speech pre-processing,
feature extraction, spectral analysis of speech, dynamic time warping and recognition by discrete
Hidden Markov Modeling. In addition, applications cover vowels and tone recognition, speaker
dependent and independent recognition, modeling, and descriptions of some well-known
algorithms.

When the speech signal is generated and propagated to the listener, the speech perception
process begins. First the listener processes the acoustic signal along the basilar membrane in the
inner ear, which provides a running spectrum analysis of the incoming signal. A neural transducer
process converts the spectral signal at the output of the basilar membrane into activity signals on

the auditory nerve, corresponding roughly to a feature extraction process.

3.1 Speech production system

The speech generation process begins when the talker formulates a message that he wants to
transmit to the listener via speech. The human vocal tract begins at the opening of the vocal cords,
or glottis, and ends at the lips. It consists of the pharynx and the mouth. In the average male, the
total length of the vocal tract is about 17 cm. The cross-sectional area of the vocal tract,
determined by the position of the tongue, lips, jaw and velum, varies from zero to about 20 cm?.
And the nasal tract begins at the velum and ends at the nostrils. When the velum (a trapdoor-like
mechanism at the back of the mouth cavity) is lowered, the nasal tract is acoustically coupled to
the vocal tract to produce the nasal sounds of speech.

A schematic diagram of the human vocal mechanism is shown in Figure 3.1[22]. Air enters
the lungs via the normal breathing mechanism. As air is expelled from the lungs through the
windpipe, the tensed vocal cords within the larynx vibrate in the mode of a relaxation oscillator
by the air flow. The air flow is chopped into quasi-periodic pulses which are then modulated in
frequency in passing through the pharynx, the mouth cavity and possibly the nasal cavity.

Depending on the positions of the various articulator i.e., jaw, tongue, velum, lips, mouth,
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~+ NASAL Cavily

// //— VELUM
— TONGUE

SPINAL
" CoLUMN

Figure 3.1 Schematic view of the human vocal mechanism [22

different sounds are produced.

When the vocal cords are tensed, the air flow causes them to vibrate, producing the voiced
speech sounds. When the vocal cords relax, in order to produce a sound, the air flow must either
pass through the constriction in the vocal tract and thereby become turbulent, producing the
unvoiced speech sounds, or it can build up pressure behind a point of total closure within the
vocal tract, and when the closure is opened, the pressure is suddenly and abruptly released,
causing a brief transient sound. Speech is produced as a sequence of sounds. Hence the state of
the vocal cords, as well as the positions, shapes and sizes of the various articulators, changes over

time to reflect the sound being produced.

3.2 Fundamental frequency and pitch

Fundamental frequency (f, ) estimation, also referred to as pitch detection, has been found in
many research topic for many years, and is still being investigated today [11]-[12]. Most research
into this area goes under the name of pitch detection, although what is being done is actually f,
estimation. Because the psychological relationship between f;, and pitch is well known, it is not

an important distinction to make.
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Larynx is an energy provider that serve inputs to the vocal tract. The volume of air
determines the amplitude of the sound. The vocal cords at the base of larynx, and glottis
triangular-shaped space between the vocal cords are the critical parts from speech production
point of view. They separate the trachea from the base of vocal tract. The types of sounds are
determined by the action of vocal cords, and we call it excitation. Normally excitations are
characterized as phonation, whispering, friction, compression, vibration, or a combination of
these. Speech produced by phonated excitation is called voiced, produced by the cooperation
between phonation and frication is called mixed voiced, and produced by other types of excitation
is called unvoiced [23].

Voiced. Voiced speech is generated by modulating the air stream from the lungs, and the
generation is performed by periodically open and close vocal folds. The frequency of vocal cords
vibration is called the fundamental frequency (f;), and it depends on the physical characters of
vocal cords. Vowels and nasal consonants belong to voiced speech.

Unvoiced. Unvoiced speech is generated by a constriction of the vocal tract narrow enough to
cause turbulent airflow, which results in noise or breathy voiced. It includes fricatives, sibilants,

stops, plosives and affricates. Unvoiced speech is often regarded and modeled as white noise.

3.3 Linear predictive coding
The technique of linear prediction is based upon the assumption that sample values of speech

may be approximated by a linear combination of the preceding p samples. Mathematically,

s'(n) = as(n-1)+ays(n—2)+ays(n-3)--- aps(n -p) 3.1
= zp: a,‘s(n - k) (3.2)
k=1

where s'(n) is the predicted sample at time n and @,a,...a, are the predictor coefficients.
Generally it will not be possible to exactly predict the signal, leading to an error e(n) for each

sample:

e(n)=s(n)-s'(n). (3.3)

The coefficients are determined by solving a set of linear simultaneous equations so as to

minimize the mean squared error, E , between the predicted signal and the actual signal.
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E= Zez (n)= Z[s(n)~ s'(n)]2 = Z[s(n)—kz,;:aks(n - k):| (34)

where n is the number of samples over which the error is to be minimized. We need to find a,

such that

%:-z;s(n-f>-[s(n>—§aks(n-k>} - 63

j=L2,...,p

which gives

éakzs("-f)'S("—k) = Y s(n)-s(n-J) (3.6)

n n

ji=12,...,p

A set of p linear equations for the set of p unknowns a, . The choice of p is a
compromise between modeling accuracy and computation time. pis generally therefore between
10-20 orders, and solving this system of equations is not trivial. Two efficient methods exist for
finding the solution. The auto-correlation method and the covariance method. Again these are
both covered in most signal processing texts and will not therefore be covered here.

Once the predictor coefficients are known they may be used to estimate the vocal tract
response.

The error signal may be calculated if the predictor coefficients are known

e(n)=s(n)- gaks(n —k) (3.7)

and it follows that the original signal may be reconstructed if the error signal and predictor

coefficients are known:

s=e(n)+ iaks(n—k). (3.8)
k=1

Taking z-transforms
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S(z):E(z)+|:kZ:akz"‘}S(z) (3.9)
S(z)= E(z)/(l - éakz"‘) (3.10)

= E(z)H(z) (3.11)

where E(z) and S(z) are the z-transforms of e(n) and s(n). H(z) is the transfer function of an
all pole filter and equation 3.11 shows that the speech signal may be viewed as the output of this
filter when the error signal, E(z) is input. From a physical point of view, E(z) describes the
vocal tract excitation and H (z) the response of the vocal tract. An approximation of the vocal

tract response may be obtained by substituting z = e’ in H (z):

H(w)= 1/(1 - Zp:a,,e'j“"} (3.12)

k=1

and evaluating iH (a)x at various values of @ as shown in Figure 3.2.

Amplitude

0 50 100 150 200

Pow er spectrum

Figure 3.2 Approximation of the vocal tract frequency response obtained using LPC analysis.
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3.4 Barkscale

Critical Band Rate scale or Bark scale is a reasonable estimation of the width of the critical
band. Below 200 Hz, it seems that the method using the delectability of phase effects when
switching from FM to AM is the most reliable one. Although the lowest critical bandwidth in the
audible range from 0 Hz to 20 Hz to that 80 Hz, it is attractive to add the inaudible range from 0
Hz to 20 Hz to that critical band, and to assume that the lowest critical bands ranges from 0 Hz to
100 Hz as shown in Figure 3.3 Although there is a small tendency for the critical band to increase
somewhat for levels above about 70 dB, the curve given in Figure 3.3 represents a good
approximation for critical bandwidth as a function of frequency. The critical bandwidth remains
near 100 Hz up to a frequency about 500 Hz. Above that, the critical bandwidth increases a little
slower than in proportion to frequency and for frequencies above about 3 kHz a little fast. It is
useful to assume constant bandwidth of 100 Hz up to a center frequency of 500 Hz, and a relative
bandwidth of 20% for center frequency above 500 Hz. More exact value are given in Table 3.1,
which gives the lower and upper limit of the critical bands if they are accumulated in such a way
that the upper cut-off frequency of the lower critical band is identical to the lower cut-off
frequency of the next higher critical band.

The critical-band concept is important for describing hearing sensations. It is used in so
many models and hypotheses that a unit was defined leading to the so-called critical-band rate
scale. This scale is based on the fact that our hearing system analyses a broad spectrum into parts
that correspond to critical band.

Adding one critical band to the next in such a way that the upper limit of the lower critical
band corresponds to the lower limit of the next higher critical band, leads to the scale of critical-
band rate. If the critical bands are added up this way, then a certain frequency corresponds to each
crossing point (see Table 3.1). The procedure is illustrated in Figure 3.3. The first critical band
spans the range from 0 to 100 Hz, the second from 100 to 200 Hz, the third from 200 to 300 Hz
and so on up to 500 Hz. The frequency range of each critical band increases. Plotting the ordinal
number of each critical band lined up as a function of frequency produces a series of dots plotted
in Figure 3.4. It can be seen that the audible frequency range to 16 kHz can be subdivided into 24
critical bands. The series of dots does not mean that critical bands exist only between two
neighboring dots: rather, they should be though of as able to be shifted continuously along a scale
produced by a curve through the dots. The scale produced in this way is called critical-band rate.

It grows from 0-24 and has the unit “Bark™ (in memory of Barkhausen, a scientist who introduced
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the “phone”, a value describing loudness level for which the critical band plays an important role).
The relation between critical-band rate, z, and frequency, f , is important for understanding

many characteristics of the human ear.

5000
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Figure 3.3 Critical bandwidth as a function of frequency. Approximations for low and high

frequency ranges are indicated by broken lines
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Table 3.1 Critical band B, Lower ( f;) and Upper ( f, ) frequency limit of critical band, Center

frequency f, and Band-Width Af center at f,

7 | Srower  Jupper| fo | f. |Bandwidth| » Srower ! Jupper | S f. |Bandwidth
Bark Hz Hz |Bark Hz Bark Hz Hz Bark Hz
0 1720
0 50 | 0.5 100 12 1850 12.5 280
100 2000
1 150 | 1.5 100 13 2150 13.5 320
200 2320
2 250 | 2.5 100 14 2500 14.5 380
300 2700
3 350 | 3.5 100 15 2900 15.5 450
400 3150
4 450 | 4.5 110 16 3400 16.5 550
510 3700
5 570 | 5.5 120 17 4000 17.5 700
630 4400
6 700 | 6.5 140 18 4800 18.5 900
770 5300
7 840 | 7.5 150 19 5800 19.5 1100
920 6400
8 1000} 8.5 160 20 7000 | 20.5 1300
1080 7700
9 11704 9.5 190 21 8500 | 21.5 1800
1270 9500
10 1370 | 10.5 210 22 10500 | 225 2500
1480 12000
11 1600 11.5 240 23 13500 | 23.5 3500
1720 15500
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Figure 3.5 (a-b). (a) Frequency on linear scale and (b) Frequency on logarithmic scale

The critical-band rate is closely related to several other scales that describe characteristics of
the hearing system. For example, both the just-noticeable increment in frequency and the
threshold for frequency modulation are closely related to critical bandwidth. Furthermore, critical
bandwidth seems to bear a relation to the function relating frequency to the position of maximal
stimulation on the basilar membrane. For comparing critical bandwidth, just-noticeable variations
in frequency and the position of maximal stimulation on the basilar membrane, it is convenient to
advance in constant step sizes (0.2 mm) along the basilar membrane, and to plot the increment in
frequency, Af , as a function of frequency corresponding to each point. At low frequencies, the
step of 0.2 mm leads to a frequency increment of about 15 to 20 Hz. At high frequencies near the
oval window, however, a step size of 0.2 mm produces a frequency increment, Af , of about 500
Hz.

The relationship between frequency on one hand, and length of the basilar membrane or
critical-band rate or ratio pitch of tones on the other is important. This relationship is outlined in
Figure 3.5 using different frequency scales, one divided linearly and the other logarithmically.
Sometimes approximations may be useful, especially if only the low frequency or the high
frequency ranges are considered. These approximations, shown as broken straight lines in the
figures, are also given numerically. On the left of Figure 3.5, the uncoiled inner ear, including the
basilar membrane from helicotrema to oval window, is shown. The dotted line drawn along the
center of the basilar membrane may be assumed to be row of the inner hairless. Part (b) shows

frequency on linear abscissa scale, and critical-band rate as the ordinate, also on linear scale.
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Ratio pitch is given as the ordinate on the right. Because critical bandwidth at low frequencies is
100 Hz, and because frequency and ratio pitch are linearly correlated at low frequencies with the
factor of proportionality being unity, the approximation given in part (b) for low frequencies
becomes evident: 1 Bark is equal to 100 mel. The approximation of direct proportionality shown
as the broken line in part (b) indicates the range within which the ratio pitch in mel is equal to the
frequency in Hz. This is the range that governs harmony in music. The critical-band rate in Bark
is proportional too, but 100 times smaller than frequency (Hz) in this range. An increment of the
critical-band rate of 1 Bark corresponds to a change in ratio pitch of 100 mel.

A logarithmic frequency scale is used in part (c) as the abscissa. The straight broken line
indicates that a logarithmic relation between critical-band rate and frequency is a very useful
approximation for frequencies above 500 Hz. This approximation leads to the relation between
increments in Bark (or increments of 100 mel) to a relative frequency change of about 20%.

In many cases an analytic expression is useful to describe the dependence of critical-band
rate (and of critical bandwidth) on frequency over the whole auditory frequency range. The

following two expressions have proven useful:

z/Bark =13 arctan(0.76f/kHz) +3.5 arctan(f/7.5kHz)2 (3.13)
and

A [Hz =25+ 751 + 1.4(f [kHz)*1"® (3.14)

The frequency selectivity of our hearing system can be approximated by subdividing the
intensity of the sound into parts that fall into critical bands. Such an approximation leads to the
notion of critical-band intensities. If instead of an infinitely steep slope of the hypothetical
critical-band filters, the actual slope produced in our hearing system is considered, then such a
procedure leads to an intermediate value called excitation. Mostly, these values are not used as
linear values but as logarithmic values similar to sound pressure level. The critical-band level and
the excitation level are the corresponding values that play an important role in many models as
intermediate values. The critical-band intensity, /; , can be calculated by the following equation

that takes into account the frequency dependence of critical bandwidth:

+0. SfG(f)dI
I 3.15
o= J: Sfa(f)df 3.15)



21

We have already seen that the critical-band rate is useful in describing the characteristics of
our hearing. system. Because critical-band rate, z, is a definite function of frequency, (3.15) can

also be expressed in critical-band rates:

+0.5z5(2) I
I = —dz. .
o= Losporas ™ (.16)

In logarithmic expressions, and using [, = 1072 W/m” as reference value, the critical-band

level, L, is defined as

L; =10~log119- dB (3.17)
0

Critical-band intensity can be seen as that part of the overall weighted sound intensity that
falls within a frequency window that has the width of a critical band. The transformation of
frequency in critical-band rate transfers the frequency-dependent window width into a window
width of 1 Bark, independent of critical-band rate. This window of 1-Bark width can be
continuously shifted along the critical-band scale. Consequently, a critical-band wide narrow-
band noise produces a critical-band intensity which is a function of critical-band rate, and which
shows the form of a triangle with a base width of 2 Bark. A sinusoidal tone, however, produces a

function with a rectangular shape and the width of I Bark.

3.5 Filter Banks

The information needed in each frame is a description of the frequency distribution, i.e. how
the power of the signal is distributed over different frequencies. A filter bank, in its simplest form,
is a set of band-pass filters with different frequencies covering the interesting part of the spectrum.
The output of the filters during a frame can be used as features. The center frequencies of the
filters can be chosen in several ways. Usually they are set according to some perceptually
motivated scale. The perceived pitch of a sound is not equal to the actual frequency. A popular

approximation of the real mapping is the mel scale, the mel frequency ( fm,) :

Frnet =259510g,,(1+ £/700) (3.18)
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where f is the actual frequency. An increase in frequency is easier to recognize in the lower
register than in the higher.

The human auditory system can not distinguish between frequencies that are close to each
other. The higher the frequency the bigger are these critical bands (the intervals within which the
frequencies can not be separated from the center frequency). Using for instance the mel frequency
the size of the critical band is approximated by:

BW e =25+ T5[1 +1.4(1,. 11000} ] (3.19)

In a critical band filter bank the band-pass filters are linearly spaced on a perceptually
motivated scale (for instance the mel scale). The bandwidth of the filters are set to the critical
bandwidth for the center frequency. That is, they are logarithmically spaced. Figure 3.6 shows the

critical band filter bank and mel-filter bank, including the pre-emphasis usually connected to them.

F 3
I 2 3 4 Eg:
A Critical-band basis functions
b ¥ T >
Freq:
1 2 3 4 KHz

Mel-filterbank basis functions

Figure 3.6 Critical-band and mel-filter bank basis functions

Another way to a accomplish a corresponding feature vector is to use the Fourier transform
to sample the signal at the desired frequencies (like for instance the centers of the filters in the

mel-filter bank).

3.6 Cepstrum coefficients
MFCC is a representation defined by cepstrum of a short-time signal by using discrete furrier

transform (DFT) [24]. The DFT of input signal is given by
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X, (k)= (N -1)s(n)e™>™¥ , 0<k<N. (3.20)

n=0

We define a filter bank with M filters (m =1,2,..., M ), where filter m is a triangular filter,

given energy band by:
( 2(k fmel (m 1))
(fmel (m + ]) fge (m 1)X6me1 ('31) fmel (m 1))
Y, (k) =1 LA 3.21
M( ) (.fmel(m+ l) fmel(m l)xfmel(m)—fmei(m —1)) ( )
| 0, Otherwise

These filters are computed by t}}e average spectrum of multiple frequency bands. The
structure of frequency bands is shown as Figure 3.6. Y, (k) is defined from the lowest and highest
frequency of the mel filter bank.

The contribution from the vocal tract tends to be slowly varying (low frequency) while that
from the excitation source is of higher frequency. Hence the contributions are separable by means
of a linear filtering operation on the log magnitude spectrum. We compute the log energy at the

output of each filter as
N-1 N
S(m)= log(2|xa(k)| H, (k)) , 0<m< M. (3.22)
k=0

Taking the inverse transform of the log magnitude spectrum gives the cepstral coefficients of
the speech signal. The component due to the periodic excitation source may be removed from the
signal by simply discarding the higher order coefficients. The mel frequency cepstrum is the

discrete cosine transform (DCT) of the M filter outputs:

) , 0<n< M. (3.23)

()= zs(m)cos m(

where M varies for different implementations from 20 to 40. In this study, 12 coefficients are

used to feature for speech recognition system.
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3.7 Energy Measures

Amplitude of a speech wave is a peak of a speech waveform. In other words, the amplitude
is a maximum displacement of a vibration of a mass, which is displaced from its rest position and
moving back and forth between two positions that mark the extreme limits of its motion (Denes
and Pinson, 1963). In speech recognition, an absolute acoustic energy contour could be directly

computed from a short-time analysis of speech waveform using the following relation as

E(n)=§[s<m)12 620

where, E(n) is an absolute energy value of frame n, s(m) are speech sample of frame n, and M

is a frame length.

3.8 Addition of dynamic coefficients

In the recognition methods to be described, no use is made of the fact that consecutive
frames of speech are likely to be highly correlated, since the articulators may only move a limited
distance in the 10 ms gap between frames [25]. Dynamic features, that is, values which attempt to
explain the way in which the speech signal is varying between successive frames, such as those
presented in [26] is therefore appended to the static coefficients. The following was used to

calculate the first order dynamic coefficients, known as velocity, or delta coefficients:

N
z B(CM - Cr-—l)

D=5 — (3.25)

N
22 62
0=l

where D, is the delta coefficient at time ¢ and c, is the static coefficient at time ¢ and N is the
width of the window. Since this formula relies on the current samples preceding and subsequent
samples, at the beginning and end of the speech the first and last parameters a.re copied to fill the
required regression window. Second order, known as acceleration, or delta-delta coefficients are
obtained by applying the same formula to the delta coefficients. In this study the window size

used was two.
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3.9 Statistical speech pattern recognition

Any method of modeling speech must account for the fact that the information in the signal
is carried by the temporal ordering of the sounds. The model must also be able to describe the
variation within sounds, while identifying the differences between them. A stochastic process is
able to perform both these requirements. Such a method, and one which has become extremely
popular in the modeling the speech data is that of hidden Markov modeling (HMM).

Here a brief description of the general principles behind the method is given, followed by a
discussion of how HMMs may be used in the classification of unknown speech signals. More

detailed descriptions are given in [14, 45, 54, 67, 69].

3.9.1 Application of HMM:s to speech recognition

If we make the assumption that the speech articulators, while generating a given sound are
moving between a series of target positions, and at each position they generate a characteristic
output for a varying length of time, the correlation between this and HMM is clear. Each ‘target
position” becomes a state in the model, and the ‘sound generated’ (actually the vector output by
our front end at that time frame) is represented by the output symbol. With our present example
the outputs must be discreted into a finite number of symbols by, for example, vector quantisation
of the speech vectors. The model can however be extended to allow for a continuous set of output
symbols defined by a probability density function, which is more appropriate for modeling speech
sounds. There are two problems associated with the application of HMM:s to speech recognition:

The training problem: Given a set of utterances, labeled at some level of speech unit,
generate a set of models (i.e. estimate the values of 4, B and 7 ) each of which
represents one of the units of speech.

The recognition problem: Given a sequence of speech frames whose classification is
unknown, and a set of well trained models, identify the most likely model for each input
vector.

The training problem is the more difficult of the two. However an algorithm exists (the
Baum-Welch and the Viterbi algorithm) which guarantees to produce a locally optimal model for
a given set of training data and recognition. This procedure is covered in detail elsewhere [1],{27]
and will not be discussed here. We will assume that a well-trained set of models exist for the

speech we wish to recognize. The recognition problem may be solved by means of maximum
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likelihood classification. That is we find the model, or series of models which has the highest

probability of having produced the given unknown observation sequence.

3.9.2 Hidden Markov Models

Figure 3.7 shows an example hidden Markov model. The model consists of a number of
states, shown as the circles in Figure 3.7. At time ¢ the model is in one of these states and outputs
an observation. At t+1time the model moves to another state, or stays in the same state and
emits another observation. The transition between states is probabilistic and is based on the
transition probabilities between states which are given in the state transition matrix, 4, where

aij is the probability of being in state i at time f and moving to state j at time ¢+ 1. Notice that

in this case 4 as upper triangular. While in a general HMM transitions may occur from any state
to any other state, for speech recognition applications transitions only occur from left to right i.e.,
the process cannot go backwards in time, effectively modeling the temporal ordering of speech
sounds. Since at each time step there must always be a transition from a state to a state each row

of A must sum to a probability of 1.

[0.8 0.2 00 0.0 0.0] (0.1 0.8 0.1 0.0]
00 06 04 0.0 00 00 02 08 0.0
A=[g;]=l0.0 00 07 03 00|, B=[bi]=|07 0.0 01 02
00 00 00 04 06 00 02 03 0.5
100 00 00 00 1.0 100 00 0.0 1.0]

z=[04 06 00 00 0.0]

Figure 3.7. A 5 state left right, discrete HMM with 4 output symbols.

The output symbol at each time step is selected from a finite dictionary. This process is again
probabilistic and is governed by the output probability matrix B, where b, is the probability of
being in state j and outputting symbol k .Again since there must always be an output symbol at

time ¢, the rows of B sumto 1.
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Finally, the entry probability vector, & , is used to describe the probability of starting in each
of the i states of the model. 7, being the probability of starting in state i

The model is fully described by the parameter set A = [7;, A,B].

3.9.3 The three basic problems of HVIM
There are three basic problems of interest that must be solved for the model to be useful.

These problems are the following:

3.9.3.1 The evaluation problem

Given the observation sequence O = 0,,0,,...,0r, and the model A4 = [II,A,B] , how to
compute P(OI /?.), the probability that the observation sequence is produced by the model. This
problem can be also viewed as given several competing models and a sequence of observations,
how to choose the model which best matches the observations for the purpose of classification or

recognition.

3.9.3.2 The decoding problem

Given the observation sequence O = 0,,0,,...,Or, and the model A = [rr, A, B] , what the
most likely state sequence Q= gq,,q;,....qr according to some optimality criteria is. This
problem is the one to uncover the hidden part of the model to find the correct state sequence.
Apart from the degenerate model, there is no correct state sequence to be found. Hence for
practical situations, an optimality criterion is employed to solve this problem as best as possible.
Unfortunately, there are several reasonable optimality criteria that can be imposed, and therefore,
the choice of criterion is a strong function for the uncovered state sequence. Typical uses might
be to learn about the structure of the model, to find the optimal state sequences for specific task,

or to get average statistics of individual states.

3.9.3.3 The estimation problem

Given the observation sequence O =0,,0,,...,Or , how to adjust the model parameters
A= [rr,A,B] , to maximize P(O|A). The problem concerns how to optimize the model
parameters so as to best describe how a give observation sequence. The observation sequence
used to adjust the model parameters is called a training sequence. The estimation problem is the
crucial one for most applications of HMM, since the model parameters can be optimally adapted

to observed data for real phenomena.
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3.9.4 Solutions to the three basic problems of HMM
3.9.4.1 Solution to the evaluation problem
To calculate the probability of an observation sequence O =0,,0,,...,0r , given the
model P(Ol /1). The most straightforward way is to enumerate every possible state sequence of
length T (the number of observations). For every fixed state sequence Q = {q,,qz,...-,qr}, where

q, is the initial state. The probability of the observation sequence O for this state sequence is
T
P(01,2) = []Plolg,t) (3.26)
t=1

From the output-independent assumption, the observations are assumed statistically

independent. This probability can be written as

P(OIQ’;L) = bql(ol)bq2(02)"'qu(oT)' (3.27)

By applying Markov assumption, the probability of the state sequence Q is

T
P(Q|2)=Plg | )] [ P(g, 1915 2) (3.28)
t=1

=x.a _a a (3.29)

Q992 9297 qradr

=a __a (3.30)

909 192 "'a4r=1‘lr

where, a, . denotes 7, for simplicity.
The joint probability of O and Q, which O and Q occur simultaneously, is simply the product

of the above two terms

P(0,0| A)= P(0,0| 1)P(Q, 1) (3.31)

The probability P(O| A) is obtained by summing this joint probability over all possible state

sequences g giving

P(0]1)=>) P(0,0|)P(0,2) (3.32)

allQ
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T
ZH 1sa,ba € (3.33)
Q 1=1

The interpretation of the computation in the above equation is the following. A transition
starts from an initial state g; with probabilitya, , , and generates the symbol o, in this state
with probability b, (0,). Then, a transition is made from the initial state g, to state g, with

transition probability g and generates the symbol o, with output probability b, (oz)attached

@92
to the corresponding state g, . This process continues in this manner until the last transition from

state gr_; to state gy with transition probability a and output probability generating

radr ?
b, (oT) symbol o is reached.

The computation of P(O| 1), according to its direct definition (Eq.3.33) involves on the
order of O(NT )calculations. At every time t=1, 2,..., T, there are N possible states with can be
reached. Therefore there are N7 possible state sequences. This calculation is computationally
unfeasible, even for small values of N and T.

Clearly, a more efficient procedure is required to solve the Estimation Problem. Fortunately,

such a procedure exists and is called the forward-backward procedure.
3.9.4.1.1 The forward procedure
Consider the forward variable ¢, (t)deﬁned as

a, = P(0,0,..0,,g, = S; | 1) (3.34)

This is the probability of the partial observation sequence O and state S; at time ¢, given the
model A. This probability can be inductively calculated as follows:

1. Initialization

a,()=xb(0), 1<i<N (3.35)
2. Induction
N | 1<t<T-1
am(]):[;a:(’)ay]bj(om)’ 1<j<N (3.36)

3. Termination
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P(0]A)= iar(i) (3.37)

In the first step, the forward probabilities are initiated as the joint probability of S; and
initial observation o,. The induction step, which is the most important forward calculation, is
illustrated in Figure 3.8. This figure shows how S;can be reached at time 7 +1 from the N
possible states, S;, 1<i<N , at time r . Since a,(t) is the probability of joint event that
0,,0,,...,0, are observed, and the state at time ¢ is S;, the product o, (l)a,j is then the probability
of joint event that o,,0,,...,0, are observed, and the state at time ¢ is S;, the product «, (t)ay is
then the probability of joint event that 0,,0,,...,0, are observed, and S; is reached at time
t+1via S, at time ¢ . Summing this product over all the N possible states S;, I <i< N at time ¢
results in the probability of S; at time ¢+1 through all the previous partial observations. By
multiplying the summed quantity by the probability b;(0,.,) ,,,,(/), the probability of the new
observation sequence 0;,0,,...,0; ,0,,; is obtained in S; . The computation of the induction step is
performed for all S, , 1<j<N, for a given f. This computation is then iterated for
t=12,...,T —1. Finally, the termination step gives the desired calculation of P(O|A) as the sum

of the terminal forward variables &, (z)

t t+7
(i) L J)

Figure 3.8 Computation of the forward variable
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RE7ZVAVAREN

* OBSERVATION, t

Figure 3.9 Implementation of the computation of &, (x) in terms of a lattice

The computation in the calculation of &, (1) requires only on the order of O(N 2) rather than
O(N T) as required by direct calculation. The forward probability calculation is based on the
lattice (trellis) structure depicted in Figure 3.9. Since there are only N states (nodes) at each time
slot in the lattice, all possible state sequences will remerge in these N nodes, no matter how long
the observation sequence. At time #=1, the first time slot in the lattice, the value of ¢ (i),
1<i< N, is calculated. At time =1, 2,...,T, the only values of a,(i), 1<i< N, are needed to
compute. Each calculation involves only N previous values of a,_l(i) because each of N grid

point is reached from the same N grid points at the previous time slot.

3.9.4.1.2 The backward procedure

In the similar way, a backward variable S, (1) can be defined as

Bi())= Plos1042--07 | g1 =Si, A) (3.38)

which is the probabiliiy of the partial observation sequence from #+1 to the end, given state S at
time ¢ and the model A. This backward variable can be also solved inductively in the manner
similar to the forward variable as follows:

1. Initialization

Br()=1, 1<i<N (3.39)
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2. Induction

N
B =Y a0, )Bn(j), 1=T-LT-2.,, 1<j<N (3.40)
j=1 '

The initialization arbitrarily defines f, (1) to be 1 for all & In order to be in §; at time ¢, and
to account for the rest observation sequence, a transition from S; to every one of the possible
states at time £ +1 must be made (the a;; term), which accounts for the observation symbol o,,, in
S; (the S j(o,,,,)tenn), and then accounts for the remaining partial observation sequence from
S; (the B, (j) term).

The computational complexity of ﬂ,(i) is similar to that of a,(i), which also produces a
lattice with observation length and state number. The induction step is illustrated in Figure 3.10.
As mentioned above, both the forward and backward procedures can be applied to compute
P(O] A) for the evaluation problem. They can also be used together to formulate ;1 solution to the

problem of model parameter estimation as discussed in the next section.

t t+7

£.() Bea(N)

Figure 3.10 Computation of the backward variable

3.9.4.2 Solution to the decoding problem

The hidden part of HMM, which is the state sequence, cannot be uncovered, but can be
interpreted in some meaningful ways. A typical use of the recovered state sequence is to learn
about the structure of the model, and to get average statistics within individual states. There are
several possible ways to find the optimal state sequence associated with the given observation

sequence. One possible optimality criterion is to choose the states g, , which are in the best path
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with the highest probability. A formal technique for finding this single best state sequence is
called the Viterbi algorithm, which is very similar to the Dynamic Time Warping (DTW)
algorithm.

Firstly, the variable y, (i), the probability of being in state S;at time ¢, given the model A and

the observation sequence, is defined as

7.(i)=P(g, = $,10,2) (3.41)
This variable can be simply expressed in terms of the forward-backward variables as

7, (l) _% (i)ﬂ: (’) a, (i)ﬂl (’) (3.42)

POIA) - S0 )6)

i=l

a, (x) accounts for the partial observation sequence 0;,0,,...,0, and the S; at time ¢, while
B (1) accounts for the remainder of the observation sequence o,,,,9,,,...,0r and the S, at time ¢.

The normalization factor P(O| A1) , makes y, (l) a probability measure so that
N
> r)=1 (3.43)
i=1

Using 7,(i), the individually most likely state g, at time ¢ can be solved as

q, = arg max[y,(i)l 1<t<T (3.44)

1SisN

Although the above equation maximizes the expected number of correct states by choosing
the most likely state for each ¢, there could be some problems with the resulting state sequence.
For example, when the HMM has state transitions, which have zero probability, the optimal state
sequence may not even be a valid state sequence. This problem occurs because the solution in
equation (3.44) simply determines the most likely state at every instant, without regard to the
probability of occurrence of sequences of states.

One solution to the above problem is to modify the optimal criterion. The most widely

used criterion is to find the single best state sequence to maximize P(Q,0|A) , which is
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equivalent to maximizing P(Q,0|A). A formal technique for finding this single best state

sequence is called the Viterbi algorithm.

3.9.4.2.1 The Viterbi algorithm
To find the single best state sequence, O ={q,,4,,....qr} , for the given observation

sequence O = {0},0,,...,0,} the quantity &, (l) is needed to define

5,(i)= \ r;:m; P[q,qz....q,_l =S,,0,0,..0, | 1] (3.45)
10925+ G1

where 9, (z) is the best score along a single path at time ¢, which accounts for the first ¢

observations and end in S, . By induction, the equation (3.45) becomes to
Sr (J) = lm’ax S, (’)ay k)j (Om) (3.46)

To actually retrieve the state sequence, we need to keep track of the argument that
maximized equation (3.46), for each ¢ and j. We do this via the array y, (j) The complete
procedure for finding the best state sequence can now be stated as follows:

1. Initialization

5,()=nblo) 1<isN (3.47)
y1()=0, 1<i<N (3.48)

2. Induction
2<t<T

5,()=maxls @, by0) | (3.49)
. 2<t<T
v, (f)=arg maﬂfﬁ’ ()ay | 1% FEN (3.50)
3. Termination
P’ = max(s, (7] (3.51)
g7 = argmax|8; ()] (3.52)

ISisN
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4. Path (state sequence backtracking)

g =valgn), t=T-1,T-2,.,] (3.53)

The Viterbi algorithm (except for the backtracking step) is similar in implementation to the
forward calculation. The major difference is the maximization over the previous states in equation
(3.53), which is used instead of the summing procedure of the forward variable calculation.
Moreover, a lattice or trellis structure efficiently implements the computation of the Viterbi

procedure.

3.9.4.3 Solution to the estimation problem
The most difficult problem in HMM is to determine a method to adjust the model parameters
A = (4, B, ) maximize the probability of the observation sequence given the model. There is no
known way to analytically solve for the model, which maximizes the probability of the
observation sequence. Actually, given any finite observation sequence, there is no optimal
method of estimating the model parameters. However, by choosing 4 = (4, B, T0). P(O]| ) is
locally maximized, an iterative algorithm or gradient technique for optimization is used. In this

section, one iterative algorithm known as Baum-Welch algorithm is described.

3.9.4.3.1 Baum-Welch re-estimation algorithm
The mathematical foundations of the Baum-Welch algorithm for the maximum likelihood
estimation. An iterative method for monotonically increasing value of an arbitrary homogeneous

polynomial P(X ) with non-nega{tive coefficients of degree d in variables x;

i i=12,..p,

9
J=12,.q, j=12,..,q, defined over a stochastic domain , x; 20, Zx,j =1, through a series
Jj=1

of transformations performed on {x,.j } , was firstly purposed. The transformation is defined as

aP(x)
i ox;;
— y

J=l i

and is often referred to a growth transformation of P(X). A special case of the re-estimation

procedure for probabilistic functions of Markov chains with discrete observations was described.
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Later, the method was generalized to functions of Markov chains with continuously distributed
observations. Recently, an analysis, which extends the algorithm to accommodate a large class of
distributions and mixture distributions, was presented. For the discrete output distribution,
transition and observation parameters are both re-estimated according to equation (3.54) in the
following. However, the re-estimation formulas for the parameters of a continuous density HMM
will be described later,

The purpose of the solution to the estimation problem is to obtain the model from
observations. If the model parameters are known, the forward-backward algorithm can be used to
evaluate probabilities produced by given model parameters for given observations.

In order to describe the procedure for re-estimation of HMM parameters, 5,(1‘, j) the
probability of being in S; at time ¢ and S; at time #+1, given the model and observation

sequence, is introduced.

&G, j)=Plg, =594 =5;10,1) (3.55)

-1 t t+g 2

uy f)’ ((-)ul.)

a, (i) ali) Balh .20

Figure 3.11 Computation of the joint event that the system is in S, at time # and S ; at time t+1

The sequence of events leading to the conditions required by equation (3.55) is illustrated in
Figure 3.11. From the definition of the forward and backward variables, &, (i, j}can be written in

the form

()= 209,008 ()

PO12) (3.56)
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a (i)a,,b, 0.1)810)

- (3.57)

ZZO’. )ay ' 0/+1)ﬂ,+1(1)

i=] j=1

where the numerator term is just P(q, =8,,4,, = S;| O, 2)and the division by P(O| 1) gives the
desired probability measure.
Since y, (i), the probability of being in state S,at time ¢, given the observation sequence and

the model, is previously defined &, (i, J ) , can be related to 7, (i)by summing over j , giving
N
7. 0)=> &0, 1) (3.58)
=l

If 7, (1) is summed over the time index ¢, a quantity, which can be interpreted as the expected
number of times that state S, is visited, or equivalently the expected number of transitions made
from S;, is obtained. Similarly, summation of £ (i, j) over ¢ from t=1to t=T—1can be

interpreted as the expected number of transitions from §; to S, . That is

T-1
z Y, (x) = expected number of transitions from S (3.59)
=1

T-1

ZZ_,‘, (i, /) = expected number of transitions from S; to S - (3.60)

t=1

Using the above formulas and the concept of counting event occurrences, a method for re-

estimation of the HMM parameters is given. A set of re-estimation formulas for 4, B, and = are

7, = expected frequency in state S;at time y, (&) (3.61)

_  expected number of transition from S; to S (3.62)
a. = .
expected number of transitions from S,

(t J)
(')

(3.63)

L[\/]"’L[v].i
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(3.64)

5 (k) expected number of times in S, and observing symbol v,
j =

expected number of timesin S

i?’t(j)

_ SLop=vp

3 ,0)

(3.65)

From equation (3.61) to (3.65), it can be proven that either:

1. The initial model A defines a critical point of likelihood function, where new estimates

equal old ones,

2. Model A is more likely than model A in the sense that P(O|1)> P(O] 1)

Thus, if 2 is iterativ'ely used to replace A and repeats until the above re-estimation
calculation, P(O] A1) can be improved until some limiting point is reached. The final result of
this re-estimation procedure is call a maximum likelihood estimation of the HMM. It should be
pointed out that the forward-backward algorithm leads to local minimum only, and that in the

most problems of interest, the optimization surface is very complex and has many local minimum.

S

3.9.5 Continuous density HMM

If the observation does not come from a finite set, but from a continuous space, the discrete
output distribution discussed in the previous sections can be extended to the continuous output
probability density function (Maneenoi E., et al., 2003). This implies that the vector quantization
technique, which maps observation vectors from the continuous space to the discrete space, is no
longer necessary. Consequently, the inherent error can be eliminated. The Baum-Welch re-
estimation algorithm discussed in subsection 3.8.4), can be extended to estimate continuous
probability density function with the auxiliary Q function. The generalized method to continuous
output density functions can be applicable to the Gaussian, Poisson, and Gamma distributions but
not to the Cauchy distribution. Furthermore, the estimation algorithm is expanded to cope with
finite mixtures of strictly log concave and elliptically symmetric density functions. This section
will discuss general re-estimation formulas for the continuous HMM, which is applicable to a
wide variety of elliptically symmetric density functions.

Using continuous probability density functions, the first candidate for a type of output

distributions is the multivariate Gaussian, since
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1. Gaussian mixture density functions can be used to approximate any continuous
probability density functions in the sense of minimizing the error between two density functions.

2. By the central limit theorem, the distribution of the sum of a large number of
independent random variables tends towards a Gaussian distribution.

3. The Gaussian distribution has the greatest entropy of any distribution with a given
variance.

The most commonly used distribution is the continuous Gaussian density function defined as

N(O,,u,Z)=

1 -1
1 e-?(o By 3 (0-4) (3.66)

@7)[z]

where 7 is the dimensionality of the observation vector O, u and X are the mean vector and the
covariance matrix respectively. The advantage of normal distributions is that the parameters of
Gaussian can be easily and reliably estimated from a large number of data. In order to obtain
more accurate approximations, Gaussian mixtures are used. With enough components, such
mixtures can approximate any density function with an arbitrary precision. The probability

density of the multiple Gaussian mixtures is defined as

M
bj(O,)=2cij(o,;/1j,,,,ij) (3.67)

m=1

where M is the number of mixture components and m is the mixture weight for the mixture

component in state . The mixture weights satisfy the stochastic constraint

M
> em=1, 1<j<N (3.68)
m=}

Cpm 20, Isms<M (3.69)

For the continuous probability density functions, the likelihood of an input observation is

expressed as
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P(012)=> P(0,014) (3.70)
allQ

=Y P(Q,2)P(0|Q,2). (3.71)
allQ

An information-theoretic QO-function, which is considered a function of A in the

maximization procedure, is applied to derive the re-estimation formulas as

olx.7) =

(OM)ZP 0,01 )10 P(0,017). (3.72)
allQ

By using an auxiliary Q-function, re-estimated HMM parameters for the multi-modal

Gaussian distributions are

ZT:r,(f,m)

C. =—t= (3.73)

Jjm T M
Z 7,(j»m)
=1

m=1

ZT:}', (. mo,
iy
t(j’m)(oz ".ujmxol —.ujm)'

! (3.75)

Z::r,(i,m)

‘

= (3.74)

™M
I
[

jm

where prime denotes vector transpose and ¥, (j,m) is the probability of being in state j at time ¢

with the m™ mixture component for o,

y,(jm) = a(’)ﬁ'(’) cmNORT) | (3.76)
Za, 18.() Zc,,.N(o Z)

The term 7,(j, k) generalizes to y,(;/)of equation (3.41) in the case of a simple mixture, or a

discrete density. The re-estimation formula for a; is identical to the one used for discrete
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observation densities. The interpretation of equation (3.73-3.76) is fairly straight forward. The re-
estimation formula for ¢, is the ratio between the expected number of times the system is in the
state j using the m™ mixture component, and the expected number of times the system is in state
j - Similarly, the re-estimation formula for the mean vector 1, weights each numerator term of
equation(3.74) by the observation, giving the expected value of the portion of the observation
vector accounted for by m™ mixture component. A similar interpretation can be given for the re-

estimation term for the covariance matrix ¥, .



Chapter 4

Feature Extraction Techniques

This chapter introduces the feature extraction and robust technique for automatic speech
recognition (ASR). Feature extraction is an important part of ASR system that transforms speech
into vectors of features that are suitable for further processing. The purpose of this extraction is to
parameterize the incoming speech signal. There are two main processes. Firstly, we represent the
speech spectrum on a Bark scale, tone analysis using pitch quantization techniques and regression
on the voice energy. Secondly, we improve the running spectrum filtering (RSF) techniques,
frequency response masking (FRM) techniques, and dynamic range adjustment (DRA) to the

extracted features from the speech signal.

4.1 Extraction techniques based on Bark scale

The speech data are first segmented into frame of 300 samples where its time length is 27.21
ms with 11.025 kHz sampling rate. Figure 4.1 shown the proposed system for speech spectrum on
the Bark scale. Fach frame of speech is represented by the parameters vector from
(DCT(log(CBI). This features are the applied with Hidden Markov Modeling technique for
training and recognition.

The Bark scale is a psychoacoustics measurement on human hearing property and speech
features extraction processes consists of four steps : (1) speech preprocessing, (2) auto-regressive
model (AR model), (3) critical band intensity (CBI), (4) discrete cosines transform on the
logarithm of CBI (DCT(log(CBI)).

4.1.1 Speech Pre-processing

Signal processing is vitally important for optimal speech recognition. The purpose of signal
processing is to derive a set of parameters to represent speech signals in form, which is suitable
for consequential processing. Various techniques of signal processing and feature extraction are
commonly used for speech recognition. However, only some of those techniques, which are
correspond to the framework of this thesis. The thesis proposed a process for speech recognition

as follows.
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Figure 4.1 Block diagram of a proposed speech feature on a Bark scale.

Pre-emphasis: The pre-emphasis is applied to smooth spectrum of input speech signal s(n). The
input signals are passed though first order FIR filter transfer function defined by (4.1) and (4.2),
where « is the coefficient of filter, ?(n) is the product of Signal pre-emphasis at sequence n

and s(n) is the input speech signal at sequence n.

H()=1-0z" @)
5(n)=s(n)-as(n-1) (4.2)

The coefficient of filter & , has the value in the range from 0.95 to 0.99 [1]. It is
recommended at 0.97[23] Comparison of the pre-emphasized speech waveform and original
speech waveform are indicated in Figure 4.2.

Frame Blocking: speech waveform is blocked into frame of N samples, with shifting every
M samples for each frame. This process continues until all the speech data is accounted for within

once or more frames. [ is the frame index and L is the total number of frame:

~ n=12,.,N
x,(n)=5(M1 +n), I—0la 11 4.3)

The short-term analysis principle is an accepted approach to speech processing. The speech
signal changes continuously due to the movements of vocal system, and it is intrinsically non-
stationary. Nonetheless, in short segments, typically 20 to 40ms, and overlap of 50% to 75%,

speech could be regarded as pseudo-stationary signal [23].
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Figure 4.2 Example of Pre-emphasized speech waveform

In this thesis, we have defined the frame to have a duration of 27.21 ms, with an overlap of
1/3 of the frame duration. The sampling rate of the speech data is 11.025 kHz. The corresponding
value of N and M are respectively, 300 and 100 samples for optimal performance of speech
recognition in our experiments.

Windowing: Hamming window (4.5) is applied to each individual frame to minimize the
signal discontinuities at the beginning and end of each frame. The concept is identical to the one
discussed with regard to the frequency domain interpretation of short-time spectral analysis.
Which depends on windowing of speech waveform. The results depend on the properties of the
specific window function. With a window of finite time duration, the window can move
progressively along the speech signal to select short sections for analysis.

Consider w(n) as a window function, when 0 <n< N —1, where N is window size. The

extracted signal with window function can be defined by

% (n)=x,(n)w(n) , osn<N-1 (4.4)

Since, Hamming Window is famously used as the window function of speech analysis. The

hamming window is given by

w(n)= 0.54-—0.46cos(1\2,7m1), o<n<N-1 (4.5)
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The Figure 4.3 shows the output signal of windowing process with the frame blocking: N = 300

samples

Amplitude
o

Samples

Figure 4.3 Example signal of windowing processed

4.1.2 Auto-Regressive Model (AR model)

In the linear acoustics model of speech production , speech spectrum envelops are calculated
from auto-regressive model (AR model) using minimum mean square estimation (MMSE) as
described in section 3.3. The speech signal is produced by filtering an excitation signal with a
time-varying linear filter (the vocal tract) H (z) as shown in Figure 4.4. An Auto-Regressive (AR)

Model can be described by the transfer function

H()=—1 4.6)

p
1- Zakz_k

k=1

The magnitude IH (ej“’] models the spectrum of the analyzed signal, when z'=e/®and
@ =27f . The value f denotes frequency [Hz]. This model is commonly used in linear predictive
coding (LPC) as described in section 3.3. In Equation (4.6) p denotes the model order. The
coefficients a, (k=1,..., p) are calculated from a frame of N samples of the input signal.

The magnitude represents the spectrum envelop of the vocal tract. we can estimate the
frequency selectivity of the hearing system by approximating its critical band intensities (CBD.
The critical band intensity is mapping as a spectrum envelop on Bark scale to speech feature [9],[10].

As an example for Laotian, the spectrum envelops for short duration vowel (SDV) “E:” and long

duration vowel (LDV) “EE” are shown in Figure 4.5.
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Figure 4.4 Linear prediction model of speech

4.1.3 Bark scale and Critical Band Intensity (CBI)

The Bark scale is a psychoacoustics spectrum measure whose property corresponds to
human hearing. In other words, it is based on the fact that our hearing system analyzes
speech with critical bands intensity (CBI). The concept of critical band has been developed
[6]-[10]. CBIs are extracted to speech feature in this thesis as show in Figure 4.1.

Some experiments have .shown that critical bands are narrower at the region of low
frequencies than at the region of high frequenciés. The critical bands are analogous to the band of
a spectrum analyzer with variable center frequencies and bandwidth as described in section 3.4.

The range of human auditory frequency spreads from 20 to 20,000 Hz. It covers
approximately 25 critical bands on Bark scale. In this thesis, the underlying sampling rate is set
to be 11,025 kHz with a bandwidth of 5.5 kHz. Accordingly, there are 18 critical bands as listed
in Table 3.1. The mapping between frequency scale and Bark scale is given in Figure 3.4, the CBI
of the m-th Bark (am) can be calculated by

fum

da
a, = ﬁj @dﬂ @.7)

where f;,, and f, , are the lower and upper band frequencies of the m-th critical band,
respectively. a is defined as the intensity of voice in the critical band and it is represents by the
spectrum energy of MMSE spectrum envelop. In other words, &, represents the integrated power of
MMSE spectrum envelops in the m-th critical band.

As an example for Laotian vowel, the spectrum envelops and CBI on Bark scale for short
duration vowel “E:” and long duration vowel “EE” are shown in Figure 4.5(a) and (b),
respectively. The spectrum of MMSE is shown in Figure 4.5 (a). The corresponding 18 CBI are shown
in Figure 4.5 (b). According to Figure 4.5(a) and (b), we can see that, there are no large difference

between them.
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Figure 4.5 Examples of Short-Duration Vowel /E/ and Long-Duration Vowel /EE/. (a) Speech

spectrum envelope, (b) Critical Band Intensities

4.1.4 Logarithm CBI on discrete cosines transform (DCT( log (CBI))) and delta

In the linear acoustics model of speech production the composite speech spe:tr;lrﬁ‘,\ as
measured by z -transfer function. We refer to CBIs computed critical band. The CBI is very
important characteristics of speech feature. The dynamic range of CBI indicates the difference
between maximum and minimum of values in critical band. However, The dynamic range is

compressed using an amplitude compression scheme by logarithm. The log CBI &, as

6, =logo(a,) (4.8)

where m is parameter feature vector is a set of Bark scale (m =1to 18 on 1-5.5kHz).

A logarithm function, it is generally believed to be sensitive to certain types of noise and
signal distortions. The amplitude of log,, CBI is reduced in maximum value comparing
amplitude of CBI and increase in minimum value as show Figure 4.6.

In final operation of extraction processes, DCT is applied to & ,, to feature vector.
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Figure 4.6 Critical Band mapping between linear frequency scale and Bark scale

=7, Z 5, co s[”(ZkA“;l)’"] m=0]..,M-1 (4.9)

J—}-:/—, m=0

Ym= )
1’—-, m#0

N

where M is the number of CBI. In our case, M = 18.

The DCT basis were modified with speech features. The spectrum at low order of coefficient
was emphasized over that at high order of coefficient. The spectrum was applied to simulate
human hearing. DCT vector is chosen as basis function for its high energy compression ratio and
energy preservation feature.

The performance of a speech recognition system can be greatly enhanced by adding time
derivatives to the basic static parameters. The delta coefficients are computed using the following
regression formula as described in section 3.7. The value of € is set using the configuration
parameter. This thesis used @ =2. The component of feature vector the calculate eighteen

DCT(log(CBI)) and eighteen differential DCT(log(CBI)).

4.2 Tone analysis
Thai and Laotian has been classified to be monosyllabic which uses tone feature of the
syntax as part of the semantic as described in section 2.3. There are 5 intonation levels as shown

in Figure 2.1. The different tone occurs from the different rate of vibration of the vocal fold in
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human’s vocal tract. The rate of this vibration is represented by the fundamental frequency, F; of
the audio signal. If Fjis constant, the utterance will be monotonic. If F, changes, the utterance
will have a changing tone, as in musical voice.

This thesis proposes a method for implementing a tonal recognition model for Thai and
Laotian speech recognition. the pitch or Fyis calculated for each frame of audio signal using
auto-correlation with center clipping method. After which, the sequence of F;is preprocessed
using median filter to filter out unnecessary discontinuities, followed by quantization of data
sequence in term of raising, decreasing or remain the same state in the sequence. Each frame of
speech is represented by the parameters vector from quantized pitch as shown in Figure 4.7. The
sequences are used as additional component in the feature vectors. This features are applied to

HMM for training and recognition.

Frame Lowpass Center
Speech "I Lowpass filter " fgtre):r > Clipping
Speech . Median filter |, F 0 . Auto
features Quantized Pitch correlation

Figure 4.7 Block diagram of quantized pitch analysis.

4.2.1 Fundamental frequency and Pitch
In Figure 4.7, the sequence of audio signal, s(n) is first segmented into frame (300 samples)
with each frame overlapped the next by 200 samples. Each frame as shown in Figure 4.8(a) is into
low-pass filter with bandwidth of 900 Hz to reduce the damping oscillation effect of the vocal
tract response as show in Figure 4.8(b). The low-passed signal is then center-clipped as shown in
Figure 4.8(c), to locate only the signal’s peak. The clipping threshold value, 7, is a fixed
percentage (60%) of the smaller maximum absolute values [12]. The signal s, (n) is then clipped

using the following conditions.

1 sk)>T,
sek)=40 ()<, (4.10)
-1 s{k)<-T,

The auto-correlation of the clipped signal is calculated to find the pitch for each frame. It is
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N-1-k

()= > s.()s (i +k) (4.11)
i=0

where k =1,2,...,N.The value N is the number sample in each frame.

The auto-correlation function of the periodic signal has the same periodicity to the observed
periodic signal. Let us assumed its period is P. The local maximum of the auto-correlation
function occurs at k = 0, P.... The highest auto-correlation peak r(0) is located at k = 0 and the
next highest peak r(P) is located at ¥ = P. The fundamental frequency is thus calculated as

Fy=F,/P , where F, is the sampling frequency of the signal. The fundamental frequency of

each tone for Laotian are shown Figure 4.9 (a).
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£ g
0 100 200 300
0 100 200 300 S (d)l

Figure 4.8 The seque(rcl:c):e of the audio signal analysis, (a) original signal, (b) set clipping level,

(c) center clipping and (d) locate of pitch.
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Figure 4.9 Fundamental frequencies, (a) original F;, (b) median filter F;

In Figure 4.9(a), the contours is not smooth. The niedian filtering helps enhancing the
continuity in the sequence of the fundamental frequencies. The median filter is done by the

following.
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Figure 4.10 Separate three Fjto group

where F, is fundamental frequency ( Fy) of n-th frame 1< n <T'; T is the number of frames. In the
Figure 4.10, suppose the three value of Fy, in each group are a is a, b and ¢, where value a is
assumed minimum of F;,, b is assumed value between @ and ¢, and ¢ is assumed maximum
of F, . Then filtered F; is selected to be when a < b < cas shown in Figure 4.9(b). The effect of
median filtering is shown in Figure 4.9(b). The discontinuities at the beginning of the sequence
disappear after median filtering.

The sequence of F, as in Figure 4.9(b) is then quantized into three levels. The three levels are
defined as +1(positive change), O(no change) and -1(negative change). The sample of quantized

pitch sequences for five tones is shown in Figure 4.11. The quantization process is implemented to
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extract relative changes of pitch contour. As an important performance, it can realize gender free

model of the recognition engine.
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Figure 4.11 Quantized pitch sequences for five tones
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4.3 Regression on the voice energy

In some conventional speech recognition system, the time variations in energy are calculated
as feature parameter. In addition, its regression combined with cepstrum coefficients has also
been used in the classification of speaker-independent isolated word [29].

In this thesis, a regression method on the speech energy is applied and the estimated
coefficient is used as a feature to classify either smooth or erupted and of each word and, hence,
the short or long vowels in Thai/Laotian spoken language can be distinguished.

The energy of each speech frame is calculated from observed speech data. Assume E, is the

energy in frame, £ =1,2,..7T . T is the number of frames. The energy is given as
1<h
E ==Y sk (4.12)
N i=1

where N is the number of samples in the frame.
In the polynomial regression, the parameter of a polynomial is estimated to fit a trajectory of
E,. The set of E, in Figure 4.12 is one of the examples. The points are approximated by

polynomial function.

AE 020
g(x )
E(2) E(T)
. E®3)
E1)
> x
1 3 i T
Figure 4.12 Polynomial regression
Let us assume the estimated polynomial is
g(i)=ay+aj+ayjt +..+a,j 4.14)

where a,, a,,...,a, are the polynomial coefficients. r is the order of polynomial.

The polynomial is estimated by minimizing the following criterion:
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T
e=Y [E()-g)f (4.14)
=1

Using (4.12) and (4.14), a,.(i = 0,1,...,r) are estimated optimally when & is minimized. The

estimated parameters satisfy

T g:, g} 4] ;ZIEU)
;ZJ g‘liz iim lal _ i/E(J) 4.15)

j=] J=1

X . . ;-
20 2 | DR
= o] | = ]

The polynomial regression on the energy of speech represents the slope of the time function
of each word. The order r of the polynomial regression is determined as » = 2 in our preliminary
experiment. In addition, the corresponding feature parameter is derived from the 2nd order
regression function and it is used as one component of a feature vector in every frame. By using
this method, the proposed system can eliminate some noise and personal factors embedded into
the time trajectory of speech power.

Examples for the voice energy of short and long duration vowels are shown in Figure 4.13.
The pause of SDV is more immediate than that of LDV. The example of second order polynomial
regression parameters to the voice energy for SDV and LDV is shown in Figure 4.13. Each curve
represents different trend. The curve fitted to SDV is steeper than that of LDV. The regression

parameter represents the changes of the time function of the voice energy in a syllable.
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Figure 4.13: Energy and its regression parameters



Chapter 5

Robust speech recognition

As robust speech recognition under additive noisy circumstances, some conventional method
have been already proposed [15]-[20]. A linear filtering method reduces additive white noise by
using a winner filter. As a widely used method, a spectral subtraction method (SS method )
analyzed a noise spectrum and then an estimated noise spectrum is subtracted from an observed
noisy speech spectrum. As other sophisticated methods, a hidden markov model (HMM) is used
in robust speech recognition where HMM has been used as a modeling method for stochastic
speech features. A speech/noise HMM technique is designed with the combination of a speech
HMM and a noise HMM on the spectrum domain. A HMM de-convolution analyzes speech data
by using a speech HMM model and a noise HMM model separately. Using these methods, noise
robust speech recognition has been realized.

On the other, robust methods for convolution noise, i.e., a relative spectral processing
(RASTA) and a cepstrum mean subtraction method (CMS method), have been developed [30]-
[33]. The convolution components for observed speech are considered as some distortions of a
recorder and propagation/radiation. A convolution noise can be represented as an additive
component in the log spectrum domain. RASTA employs a low order infinite impulse response
(IIR) filter for the reduction of convolution noises. In CMS, an estimated noise spectrum is
eliminated on the log spectrum domain.

With recent development of speech recognition systems, various related products have been
presented, e.g., a car navigation. However, when the developed speech recognition systems are
used under real environments, the actual recognition performance is considerably deteriorated by
background noises and unexpected microphone characteristics. Accordingly, several noisy robust
systems have been proposed [15-20].

When we consider the property of noises, there are two categories of noises, i.e., an additive
noise such as several recorded acoustic sounds and a system noise which indicates a transfer
function on a microphone recording system. In this thesis, the modulation spectra which influence
speech recognition performance greatly are explored and the important characteristics for speech
recognition are emphasized on the modulation spectrum domain.

In addition to the above conventional methods, we have proposed other noise robust
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techniques [31],[32]. These techniques are used for both of additive and convolution noises. They
are based on FIR filtering in running spectrum domain which is a kind of speech power
spectrogram. It was called as a running spectrum filtering (RSF) method. Using this method, we
can realize noise robust speech recognition. In particular, under 0 dB- 20 dB SNR circumstances
its performance is recognition as higher than other conventional methods. Over 20 dB SNR, its
performance is a little higher or same as others.

The RSF method requires usually high calculation cost since a high order FIR filter is
repeatedly used many times in several stages. When we apply this method to speech recognition,
there is an issue on the calculation cost. Normally a specially designed hardware, e.g., full custom
LSI has been required and we have designed a low power LSI system [33] in order to execute this
method within real time. When such LSI systems can not employed, the cost reduction should be
considered. As a valuable approach for the cost.reduction of a filter, frequency response masking
(FRM) techniques have been developed [34]-[36]. Using this technique, we can realize sharp
transition of a filter with low calculation cost. However, when the band-pass (BP) filter whose
transition areas are sharp and whose properties of right and left edges are different should be
required, e.g., BP filter of RSF, conventional design techniques are not suitable for such desired
design. -

RSF techniques is first explored. The merit of nonlinear RSF is discussed at the theoretical
point of view. In addition, in order to reduce the total calculation cost of RSF, a new FRM

technique is proposed. Using this modified FRM, RSF can be designed with low calculation cost.

5.1 Modulation spectra and noise circumstances

The whole observed speech data are grouped into frames. Each frame including speech
signals is determined as 15msec- 25msec length normally. In many cases, a frame is overlapped
the next frame with 50% length. Once a frame is given, the short time Fourier spectrum can be
calculated in a frame. Since there are many frame in observed data, we can get many spectra or
the running spectrum domain stands for time series of their calculated spectra on a frame axis. On
the running spectrum domain, there are time waveforms at all frequencies. For the specific time
series at the fixed frequency, a modulation spectrum can be calculated from the time series by
using Fourier transform. For a specific time waveform at a fixed frequency, a modulation

spectrum can be calculated that is the Fourier transform as follows Figure 5.1.
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When the Fourier spectra of an additive noise, a convolution noise and a speech signal are

defined as 4,(n), H;(n) and S,(n), respectively, an observed signal X; (1) can be represented as
X,(n)= Hy (S (n) + 4()] (5.1)

where iand nrepresent the i—th frequency component of FFT spectrum and the n—th frame,
respectively. The H,(n) means the distortion in a speech recorder and any propagation/ radiation.

The power spectrum of (5.1) is given by

lXI("‘X2 = |Sl(")Hi(”)+N1(”X2

I (H, () + [N, () + 205, ()S, (N () cos(6, () (5.2)

-~

where N,(n) is H,(n) 4;(n). The value of 6;(n) is phase difference between S,(n) and 4, (n). In
this paper, |X ; (n)2 is called the n—th running power spectrum where n=1,2,... N and N is the
total number of speech frames.

If consider the Fourier spectrum of |X ; (n)2 on n=1,2,...,N where frequency component

i is fixed, the following modulation spectrum can be calculated:

N —j2mn
X =Z‘X,-(n)2e N (5.3)

n=1

where s1is the s—th modulation frequency component and s=1,2,...,¥

Because of the additive noise, i.e., equation(5.2) and (5.2), the energies of all modulation
frequency band increase. It stems from the terms of 2JH,(n)’[S,(n)|4,(n)cos(6;(n)) and |Ni(n]2.
Especially, a large power is added on low frequencies, i.e., 0Hz-1Hz, in the modulation frequency
domain when the component of ]N i (n]2 is approximately constant. In other words, the time
trajectory of IN,.(n)2 dose change rapidly and thus ’N,-(n)2 is located on about 0Hz-1Hz in the
modulation frequency domain.

Equation (5.2) is converted in the running log-power spectrum domain:

loglX; (n) =log|H; (n) + log]s, (n) + 4,(n) (5.4)
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Figure 5.1: The process for obtaining modulation spectrum [17]
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The tendency in modulation log-power spectra is the same as in modulation power spectrum.
The energy in about OHz-1Hz increases. It stems from the convolution noise, i.e., log ]H,-(n]. If
time trajectory of log [H,.(n} can be assumed to be constant when we compare it with time
trajectory of log|S,.(n)+ A,.(n] , its energy is located at OHz-1Hz in the modulation frequency
domain.

The modulation spectrum of speech usually concentrates its energy in the band less than 10
Hz in the modulation frequency domain [16]-[20]. It turns out that the quite important part for
speech recognition can be discriminated from others on the modulation power/log-power spectra.
Almost all of important speech features used for speech recognition exist into 1Hz-10Hz and the
useful properties on the variation of every phoneme are located in 2Hz- 4Hz. According to some
speech recognition experiments, even if only the band under about 7 Hz is considered, the

recognition performance is still good enough [31]-[33].

5.2 Running spectrum filter (RSF)

RSF focuses on modulation spectrum which shows the characteristics of time trajectory on
each frame. time speech characteristics in frequency domain are obtained by applying windowing
and Fourier Transform to speech waveform in time domain. Therefore, the time trajectory in
specific frequency is obtained by tracing its values in each time. The time trajectory of value in
frequency domain is the running spectrum, and what is obtained from its frequency analysis is the
modulation spectrum. Most of the important information required in speech recognition resides in
the range between 1 and 16 Hz in the modulation frequency [16]. The usage of band-pass filter

with these frequency bands can suppress noise components. Taking account of filter group delays

and computation cost, relative spectra (RASTA) [37] employing low-order IIR is implemented in -

conventional systems. However, RASTA occurs the degradation of recognition performance by
phase deformation in some cases. Our proposed RSF employing a high order FIR separates
speech and noise components sharply with a narrow pass-band and has better performance than
RASTA. Figure 5.2 shows the modulation frequency properties in RASTA and RSF where the
filter order of RASTE and RSF is 20 and 240, respectively. It has been reported that the
components under 1Hz cause the degrading of recognition performance in noisy environments.
RSF can reduce these components considerably.

The important properties of speech in the modulation spectrum domain are described as

follows:

v
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5.2-1. The part on 2Hz- 7Hz band is important on speech since it relates to the frame
variation of phonemes.

5.2-2. The influence of additive nc.)ise covers almost whole frequency band on the
modulation power spectra. Especially, there are a lot of additive noise
components on O0Hz- 1Hz band in the modulation power spectra.

5.2-3. The convolution noise seems to be time invariant and it concentrates within 0 Hz -
1 Hz in modulation log-power spectra.

Under the consideration of the above properties, we can get high robust speech recognition
system when the effective filtering technique can be applied to the running spectrum and log-
spectrum. At first, we apply a law-pass filter to time trajectory of running power spectrum to
suppress additive noise, the property of (5.2-2) is assumed for this processing. Secondly, we apply
a band-pass filter to time trajectory of running log-power spectrum to suppress convolution noise,
the property of (5.2-3) is assumed to this processing.

It has been reported [38] that speech components in modulation frequency domain are
dominant around 4Hz and out of the range from 1Hz up to 12Hz can be regarded as noise and
unnecessary components. RSF realizes effective feature extraction and can be applied in practical
speech recognition system. The process of RSF is as follows. Noisy speech signal X (n) as (5.1)

converted to frequency domain by FFT as

X(n) = H(n)S(n)+ H(n)A(n) (5.5)
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Figure 5.3 Indicates speech feature of the 1-th order of DCT(log(CBI)), (a) value of speech
feature in 0 dB SNR and (b) feature after RSF.

In (5.5), H (n)A(n) is additive noise component and the time trajectory of its spectrum is
slower than that of speech component. Therefore, it can be removed with low-pass filtering on
time spectrum domain. Then the logarithmic power spectrum without the additive noise
component is written as

long (nl = long (n)S(n]

= loglH (n] + log]S(nX , (5.6)

and this system noise component H (n) can be removed by applying band-pass filtering to the
time trajectory of logarithmic power spectrum.

The speech signal with SNR of 0dB is shown in Figure 5.3(a). After the process of RSF, a
cleaner speech features is shown in Figure 5.3(b). RSF helps to remove unnecessary parts

(speaker characteristic and background noise) of the speech required for recognition.
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5.3 Frequency response masking (FRM) technique [15-20]

FRM finite impulse response (FIR) filters can be designed from model filters and masking
filters. Since the model filters are interpolated and masked by the masking filters, FRM filters
have very narrow transition bandwidth shown in Figure 5.4. Even if we consider a model filter
with broad transition shown in Figure 5.4(a), it is possible to get a model filter with narrow
transition in (b) and (c) and the same number of coefficients by using an interpolation technique.
For example, assume that the filter of (a) was designed with 20 order FIR filter. If the
interpolation was 3, i.e., M=3, we can design a FIR filter with 1/3 narrower transition band than
its original band and, in addition, the number of FIR filter coefficients was still 20. It means that

we can design sharp transition band FIR filter with low calculation cost.
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Figure 5.4 Power spectra of FRM-FIR filters. (a) Model filters, (b),(c) Interpolated model filters:
F,(e"®) and F, (), (d) Masking filters and (¢) Desired filter

If a FIR filter is required with quite narrow transition band and low calculation cost, the
FRM technique can provide its filter sufficiently.

Note that we have several isolated spectra in 0- 7 by using interpolation shown in Figure
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5.4 (b) and (c). When a certain filter, e.g., Figure 5.4 (d) where F,,, () masks (b) and F.(0)

mask (c). The designed filter is finally given in Figure 5.4 (e).

F(2) = AR+ EE)RG) (5.7)
F,(e) i () (5.8)
F ) = e NDer2(1_ R(p)) (5.9)
F(2) = 27D (2) (5.10)

where M is positive integer and indicates interpolation number. In other words, the sampling
frequency in Figure 5.4 (b) increases M times higher than (a). The function R(a)) shows only
amplitude and thus F, (ej“’) consists of the amplitude and a liner phase component, ie.,
e /V-D9/2 ‘where N stands for the filter order of F, (ej‘”).

The filter, F,,, (z)and F,, (z), are masking filter. The F, (zM )and F, (zM ) are model filter

a(ZM) FMa(z) [ |

—] _g}—> F (z)

{0 (e

F(ZM)

[4

Figure 5.5 Structure of FRM-FIR filters

and Fc(zM ) work as the complementary filter for F, (zM ) The transition of a finally designed
filter is mainly determined by the transition of F, (zM )
F.(z)can be expressed using F, (2), ie., (5.9), F (z) is described as the following equation

and it is expressed as Figure 5.5.

F (z) =F, (zM )FM,, (z)+ (z'(N Wiz _ F, (z))FMC (z) (5.11)

When we design a low pass filter, e.g., Figure 5.4(¢), the pass-band and stop-band transition
of the desired filter are first determined. After that, m,M,0 and ¢ in Figure 5.4 are calculated.

The above design has been applied in FRM filter design [34], [35]. However, if an arbitrary
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band-pass (BP) filter should be designed, a low-pass model filter in Figure 5.6 gives limited
specification to BP design. We introduce a modified FRM technique using a band-pass model
filter and realize lower calc{Jlation cost on the proposed band-pass FIR than the band-pass FIR

which is designed by the conventional FRM technique.

pr

Figure 5.7 Power spectrum of the proposed model filters; (a) The model filters, (b) The
interpolated filters in [2m7r/ M, (2m7r +7r)/M ] and (c) the interpolated filters in
[@mn —z) M 2mn M].

5.4 RSF using modified FRM

To avoid design limitation on band-pass (BP) filter using conventional FRM explained in

Subsection 5.1 and 5.3, we use a BP filter as a model filter. It has 4 edge parameters (two BP
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edges and two stop-band(SP) edges). The desired BP filter can be designed by the model filter.
Let us assume that the required BP filter is given in Figure 5.6. Note that the specification of
the right edge and the left edge can be different from each other. For this BP filter, we introduce
some model filter in Figure 5.7. In Figure 5.7 F},(z) is defined as the BP filter whose right and
left transition properties are M times wide than the filter of Figure 5.6. It is used as a model filter,
In addition, F, (z) is also given as a complementary filter, i.e., 1 — F,(z), as a model
filter. Accordingly, (6,,4,) and (6,,4,) be SP and BP edges of the model filter F,(z),
respectively. They are defined as Figure 5.7(a). The characteristics of the right edge in F, (z) can
be difference from that of the left edge. In Figure 5.7(a), in order to make its difference clear, the
other notation, i.e., Fa.(z) and Fb.(z), are introduced. From these model filters, the up-sampling
Z-transfer function in Figure 5.4 (b) and (c) are easily calculated. In these figures, the M-th
interpolation is applied.

If the desired PB FIR is given as Figure 5.6, the following model filter should be designed:

6 = 4oy (5.12)
¢, = 4, (5.13)
6, = 4o, (5.14)
& = 4o, (5.15)

Where M-th interpolation is applied, we can directly obtain the desired BP FIR. However, in
order to eliminate other redundancy with whole frequency band, a masking filter is also designed.
The masking filter can be simply designed as a low-pass FIR filter with wide transition edge and
with low filter order. In this case, our modified FRM filter is designed in Figure 5.8 where
Fy(Z) is defined as a masking filter.

According to our required BP filter, the specification of the BP filter is given as follows:

5.4-1 On modulation spectrum domain, the lower edge of BP filter is given at about 1 Hz.

5.4-2 The upper edge of BP filter is set around 7 Hz.

5.4-3 The sharp edges are required. The lower edge normally requires narrower transition
than the higher edge or both of them are required to be narrow transition.

Compared with the whole band, the required BP filter only passes narrow band in low
frequency. From the above specification, we can design a model filter as Figure 5.9. The designed

BP filter needs the 85 order of FIR filter since the left transition edge needs sharp. Using M=3,
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we can get interpolated model filter in Figure 5.10. As mentioned above, its pass band is located
in lower frequency. The masking filter is easily designed as sample low pass FIR filter with 19
order as shown in Figure 5.11. Finally, the FRMRSF has the power spectrum of Figure 5.12. Its
structure is given as Figure 5.8. Note that we can get the quite sharp edge and obtain the

attenuation of -40dB.

FMAZ) >

Interpolated Model filter Masking filter
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Y

Figure 5.8 The process of modified FRM band-pass filter
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Figure 5.10 The model filter F,(z*)
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5.5 Dynamic Range Adjustment (DRA)

Usually, when a white noise is added into speech, the dynamic range of feature parameters
estimated from noisy speech is different from clean speech and tends to decrease. In addition,
when RSF is applied two times in running power/log-power spectra, the dynamic range is reduced

in almost all cases.

——Clean
-3.5 4 ——0dB
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Figure 5.13 A comparison of trajectories of the 1st order DCT(log(CBI)) of clean speech and
noise speech 0 dB SNR.
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Figure 5.14 A comparison of trajectories of the 1st order DCT(log(CBI)) after DRA of clean

speech and noise speech 0 dB SNR.

One of the other causes of noise corruption is derived from the differences in the dynamic
ranges of coefficient for DCT(log(CBI)) or cepstrum of MFCC and PLP. The dynamic range of
cepstrum indicates the difference between maximum and minimum of cepstral values in each
order. Both the peaks maximum and minimum show the important characteristics of speech.
However, as shown in Figure 5.13, the coefficient amplitude of peak are reduced comparing to
the amplitude of noise free speech and characteristics are degraded. Considering that speech
recognition is a kind of pattern matching, these differences can be compensated by normalizing
both amplitudes of clean speech and noisy speech. Then, using DRA, the difference of cepstrum
dynamic range is adjusted as shown in Figure 5.14 and the cepstrum from noisy speech is
adjusted to the clean speech.

In the DRA, each coefficient of a speech feature vector is adjusted in proportion to its
maximum by normalizing the amplitude of speech features, the following dynamic range

adjustment (DRA) has been proposed [17], [19]-[20]:
5i6)=p,(¢)/ max|p, (), i=1,m (5.16)
Jj=1,..,m

where p; (t) denotes an element of the feature vector, m denotes the dimension, ¢

denotes the frame number and p; (t) is defined as normalized parameter of feature.



Chapter 6

Experiments for Speech Recognition

6.1 Introduction

A wide variety of techniques are used to perform speech recognition. Generally, there are two
parts of speech recognition: speech analysis and speech understanding. Typically speech analysis
starts with the digital sampling of speech as is acoustic signal processing. Most techniques include
spectral analysis; e.g. LPC analysis (Linear Predictive Coding), MFCC (Mel Frequency Cepstral
Coefficients), PLP (Perceptual Linear Predictive) and many more. As a widely used method.
Speech spectrum have also been collected to produce a reasonable estimation of the spectrum from
Bark scale and filter bank, as described in Section 3.4 and 3.5. In speech understanding,
recognition of phonemes, groups of phonemés and words are required. It can be achieved by many
processes: DTW (Dynamic Time Warping); HMM (hidden Markov modeling); NNs (Neural
Networks); expert systems and combinations of techniques. HMM-based systems are currently the
most commonly used and most successful approach. In this thesis, we propose a speech recognition
system based on new features of speech spectrum on a Bark scale and HMM technique.

As one of the quite important factors for a speech recognition, the extraction of robust speech
features are also considered. It has been known that speech features are corrupted by noise.
Practical speech recognition system systems are used in various real environments with noises and
noises are known to corrupt speech features and causes serving recognition error.

There are various widely used noise robust methods: noise robust LPC analysis, HMM
decomposition and composition and the extraction of the dynamic cepstrum, etc.. However, speech
spectrum without adaptation to noise may cause deterioration of speech features such as musical
noise. This indicates that the estimation of an accurate noise status by spectral subtraction becomes
difficult in some circumstances. In this research, we also explore the robustness of speech features

and propose new speech recognition techniques.

6.2 Speech data collection
In this thesis, a vowel speech recognition system for Thai and Laotian language are
implemented. All the sample data are recorded from Thai and Lao speakers. We have taken

isolated utterances of 24 and 27 vowels respective in the context of initial consonants-vowel (CV),
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while the tone information is superimposed on the vowel portion. The initial consonants (Thai 21,
Laotian 26 consonants) have been described in Section 2.1-2.3. All the selected vowels are twice
recorded per each speaker in order to study the system generalization for speaker-dependent and
speaker-independent. The recording configurations are detailed as below:
6.2-1 The Speakers are both male and female, from age around 25-30 year old.
6.2-2 All recorded speeches are in Bangkok pronunciation for Thai and Vientiane
pronunciation for Laotian,
6.2-3 Recording carried out in quiet office environment.
6.2-4 Sample speech data have been recorded with mono-channel, at 11.025 kHz
sampling rate and 16 bits quantizing resolution.

To create acceptable vowel models, a number of training samples must be large enough. A
total of 7,056 utterances for Thai vowel were recorded from 14 speakers (7 males and 7 females) and
9,828 utterances for Laotian vowel were recorded from 14 speakers (7 males and 7 females). The
sample data of 4 males and 4 females are observed for training set. The sample data of other 3
males and 3 females are used for speaker-independent testing set. The recognition methods are

used MFCC, PLP and Proposed DCT(log(CBI)) process.

6.3 Mel-frequency cepstral coefficients (MFCC) method

MFCC is the extraction spectral characteristics of the speech waveform into a sequence of
acoustic vectors suitable for acoustic model processing. Figure 6.1 shows the stages of this
transformation.

In the frame blocking process, input speech signal is blocked into frame of duration. Each
frames overlap the next by 1/2 of the frame duration. The pre-emphasis process spectrally flattens
the frame using a first order filter. After that, the pre-emphasized signals are Hamming windowed
to minimize the effect of discontinuities at the edges of the frame duration. MFCC are feature
representations defined by cepstrum of a short-time power spectrum. DFT is then applied follows
by the me filter bank. These filters are computed by the average spectrum of multiple frequency
bands. The structure of triangular filter is defined from the lowest to highest frequency of the Mel
scale. The range of the values generated by the Mel filter bank is further emphasized by replacing
each value with its natural logarithm. Taking the inverse discrete cosine transform of the log
magnitude spectrum gives the cepstral coefficients of the speech signal. The component as a result

of the periodic excitation source may be removed from the signal by simply discarding the higher
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order coefficients. This representation is called the Mel-cepstrum. We compress the 40-element
vector into a 12-elements cepstral vector by discrete cosine transform. The traditional solution is to
augment cepstral vector with its first and second differentials. The Mel cepstral vector has 12-
elements. After adding the differentials the acoustic vector has 24-elements with first differential

and 36-elements with second differential.

Speech Frame - Pre- Hamming
Signal > Blocking ”1 emphasis ”| Window
\ 4
Log Mel Filter

DCT Compression | 40 Mel Bank Spectrum DFT
Filter
12 Mel cepstral Bank

coefficients
- 36 element acoustic vector
Numer 1.ca.l | (12 Mel cepstral coefficients +
Differentiation "| 12 first derivative +
12 second derivative)

Figure 6.1 Signal processing for MFCC techniques
LS
To evaluate the speech recognition, isolated word speech recognition using HMM has been
curried out. The conventional recognition system consists of ordinary feature extraction based on
MFCC and HMM. The recognition part is implemented using the HTK Toolkit [39]. The acoustic
models has ten states, one with mixture per state HMMs state. The database is as described in
Section 6.2. The speech feature vectors have 36-dimension parameters consisting of 12 cepstral
coefficients, 12 first differential of cepstral coefficients and 12 second differential cepstral

coefficients. Recognition results is shown in Table 6.1.

Table 6.1 Results of vowels recognition with MFCC techniques

Accuracy (%) from vary vectors dimensional parameters

Word recognition
MFCC(12) MFCC+Delta(24) MFCC+Delta+Delta(36)

Thai 84.82 90.75 92.05

Laotian 85.90 91.18 92.65
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Table 6.1 shows the result of the experiments. Every value shows the correct recognition rate
(%). “MFCC(12)” indicates 12 cepstral coefficients are used. The results shows an average
recognition accuracy above 84%. In “MFCC + Delta (24)” 12 cepstral coefficients and 12 first
derivative cepstral coefficients we used. The average recognition accuracy is above 90%, 6%
improvement over MFCC(12). The “MFCC+Delta+Delta(36)” used 12 cepstral coefficients and 12
first derivative cepstral coefficients and 12 second derivative cepstral coefficients. The average

recognition accuracy is above 92%, an improvement of 8% over MFCC(12).

6.4 Perceptual linear predictive (PLP) method

Perceptual linear predictive (PLP) analysis for speech [6] is a formulated method for deriving
a more auditory-like spectrum based on linear predictive (LP) analysis of speech as described in
Section_3.3. Conventional LP analysis approximates the high energy areas of the spectrum and
smoothes out the finer harmonic structure. This estimation is done equally well at all frequencies
which is inconsistent with human hearing. The auditory like spectrum in PLP is achieved by
making some engineering approximations of the psychophysical attributes of the human hearing
process. This technique uses three concepts from the psychophysics of hearing to derive an
estimate of the auditory spectrum: (1) the critical-band spectral resolution, (2) the equal-loudness
curve and (3) the intensity-loudness power law. Figure 6.2 illustrates the process for deriving the
auditory spectrum from which all pole modeling and cepstal analysis is performed.

PLP analysis obtains short term power spectrum by analyzing Fourier transforming frame of
signal similar to MFCC. PLP analysis employs an auditory based warping of the frequency axis
derived from the frequency sensitivity of human hearing. PLP is based on the Bark scale as
described in Section 3.4. The amplitudes of the critical band filters are applied to quantize the
frequency spectrum. The signal is Fourier transformed (spectral analysis) and mapped to a
physiologically motivated frequency scale (critical-band analysis). Then the unequal sensitivity of
human hearing across frequency is compensated for by pre-emphasis (equal-loudness pre-
emphasis). Last the non-linear relation between intensity and perceived loudness is modeled by
taking the cubic root of the intensity (intensity-loudness power law), this operation is
approximation to the power law of hearing (Stevens,1975) . In the final operation of PLP analysis,
critical band spectrum is approximated by the spectrum of all-pole model(auto-regressive modeling)
using the auto-correlation method. The auto-regressive coefficients could be further transformed

into cepstral coefficients of all pole model.
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Figure 6.2 Signal processing for PLP techniques

To evaluate the speech recognition, isolated word speech recognition using HMM has been
carried out. The conventional recognition system consists of ordinary feature extraction based on
PLP and MFCC. The recognition part is implemented using the HTK Toolkit [39]. The acoustic
models has ten state, one mixture per HMMs state. The whole database is as described in Section
6.2. The feature vectors have 36-dimension parameters; 12 cepstral coefficients, 12 first differential
cepstral coefficients and 12 second differential cepstral coefficients. Recognition results is shown

in Table 6.2.

Table 6.2 Results of vowels recognition with PLP techniques

Percentage accuracy Accuracy (%) from vary vectors dimensional parameters

of word recognition PLP(12) PLP+ Delta(24) PLP+Delta+Delta(36)
Thai 85.12 90.45 92.23

Laotian 85.90 90.62 92.67

Table 6.2 shows the result of the experiments for PLP techniques. “PLP(12)” refers to sample
test in which 12 PLP cepstral coefficients. The average recognition accuracy is above 85%. “PLP+
Delta(24)” 12 cepstral coefficients and 12 first derivative cepstral coefficients of PLP. The average
recognition accuracy is above 90%, an 5% improvement over PLP(12) cepstrals.
“PLP+Delta+Delta(36)” uses 12 cepstral coefficients and 12 first derivative cepstral coefficients
and 12 second derivative cepstral coefficients. The average recognition accuracy is above 92% a

7% improvement over PLP(12).
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6.5 Proposed DCT(log(CBI)) process

We propose a speech recognition system based on new features of speech spectrum on a Bark
scale. Speech features extraction processes consists of four steps : (1) auto-regressive model (AR
model), (2) critical band intensity (CBI), (3) discrete cosines transform on the logarithm of CBI
(DCT(log(CBI)). The processing stages has been described as Section 4.1. Extraction features
techniques based on Bark scale follows Figure 4.1.

The speech waveform is blocked into first segmented into frame of 300 samples where its
time length is 27.21 ms with 11.025 kHz sampling rate and Each frames overlap the next by 1/3 of
the frame duration. The pre-emphasis is applied to smooth spectrum of input speech signal.
Hamming window is applied to each individual frame to minimize the signal discontinuities at the
beginning and end of each frame.

An Auto-Regressive (AR) Model can be described by the transfer function defined in (3.12).
This model is commonly used in linear predictive coding (LPC) through the application minimum
mean square estimation (MMSE) to provide auto-correlation coefficients. The transfer function is
computed from to LPC speech spectrum. The spectrum envelop represents an approximation of a
linear speech production model. The critical band intensities, we then mapped from the LPC
spectrum using the Bark scale. In this thesis, the underlying sampling rate is set to be 11,025 kHz
with a bandwidth of 5.5 kHz. Accordingly, there are 18 critical bands. The dynamic range of CBI is
indicated by the difference in maximum and minimum values. For linear acoustic model, the dynamic
range is expanded using logarithm CBI. We can increase the dynamic rang by enhancing the lower
values of CBI. In the final operation of extraction processes, DCT is applied to the log(CBI). The
outcome DCT coefficients are the final extracted features to be used in the HMM for speech
recognition.

We also experimentally compared Thai and Laotian vowel recognition test results between
CBIs, log(CBI) and DCT(log(CBI)). The whole database is as described in Section 6.2. Speech
feature vectors have 18-dimensionnal parameters. The acoustic models are ten state, one mixture
per state HMMs state. The recognition accuracy are shown in Table 6.3.

In the Table 6.3, it is found that the DCT(log(CBI)) coefficient provides accuracy that are
significantly higher (3.5%) than that of CBIs alone and (2.6%) than that of log(CBI).

Different experiments were, carried out to find the optimal number of DCT(Log(CBI))
coefficients. The accuracy steadily increase when the number of DCT(log(CBI)) parameters vary

from 10 to 18 coefficients. The results are as shown in Figure 6.3.
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Table 6.3 Percentage accuracy for vowels recognition with CBI

Recognition following features
Features Dimension
Thai (%) Laotian(%)
CBl1 18 82.34 82.48
Log(CBI) 18 83.17 83.32
DCT(log(CBI)) 18 85.81 86.49
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Figure 6.3 Accuracy with dimension DCT(log(CBI)
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Figure 6.4 Accuracy with dimension DCT(log(CBI) with differential

The average accuracy is indicated in Figure 6.3. It increase up to maximum at 86% and

remain constant from 16 coefficients onward. The optimum number of coefficients of
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DCT(Log(CBI)) is 16 coefficients. The traditional solution is to augment the feature vectors with
its first and second differentials.

Further we append DCT(Log(CBI)) with their differentials and second differentials and test
for the optimal number of coefficients. With first differentials, number parameters of acoustic
vector are varied from 20 to 36 coefficients. With second differentials, the number parameters are
varied from 30 to 54 coefficients. These features are used with first differential, the average
accuracy results are as shown in Figure 6.4. It shows improve with performance of 94% accuracy
and beyond. The optimum number of coefficients of DCT(Log(CBI)) is more 32. The
DCT(log(CBI)) coefficient and first differential (32-parameters) give significantly higher accuracy
(8%) than for 16 DCT(log(CBI)) coefficients only.
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Figure 6.5 Accuracy with dimension DCT(log(CBI) with two differentials

Figure 6.5 shows the average accuracy using DCT(log(CBI)) with first and second
differentials with the number of parameters varied from 30 to 54. The average accuracy increases
up to maximum above 94% and remains constant at 46 parameters. The optimum number of
coefficients of DCT(log(CBI)) is there fore 46.

There is no significant improvement for second differential over the accuracy of first
differentials alone. Therefore we use DCT(log(CBI)) together with the first differential. The
performance results are summarized in Table 6.4.

In Table 6.4 shows the result of the experiments using DCT(log(CBI)). Every value shows the
correct recognition rate (%). “16 DCT(log(CBI))” refer to test in with only 16 DCT(log(CBI))
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coefficients are used. The average recognition is accuracy above 85%. “16 DCT(log(CBI)) + 16
Delta” refers to test in with 16 coefficients and their 16 first derivative of DCT(log(CBI)) are you.
The average recognition accuracy is above 94% an 8% improvement over that of 16 DCT(log(CBI))
coefficients only. Finally, “16 DCT(log(CBI))+16 Delta+16Delta” refer to test in which 16
coefficients, 16 first differential coefficients, 16 second differential coefficients of DCT(log(CBI))
are used. The average recognition accuracy is only slightly higher then DCT(log(CBI)) coefficients

with their first differential.

Table 6.4 Results of vowel recognition with (DCT(Log(CBI))) techniques

Accuracy (%) from vary vectors dimensional parameters

Vowel recognition | 16 DCT(log(CBI)) | 16 DCT(log(CBI)) 16 DCT(log(CBD)) +16

+ 16 Delta Delta + 16 Delta
Thai 85.81 94.12 94.35
Laotian 86.49 94.44 94,71

Since MFCC, PLP and DCT(log(CBI)) have no explicit used tone information, the accuracy
of their recognition systems can be improved for the application of Thai and Laotian speech
recognition. The tone characteristics are based on fundamental frequency and thus a part of
personality, gender and age considerably affects estimated tones. Therefore, the modeling methods
of tones can improve its recognition accuracy. In Thai and Laos spoken languages, the combination
of both 5 difference tones and 2 different time duration are used in human speech recognition.
While there are proposed methods for tone recognition for other languages. They are met suitable
for Thai and Lao. In particular, the difference between short time and long time duration vowels
should be accurately evaluated for the vowels of Thai and Lao.

Figure 6.6 shown the total system proposed in this thesis. The feature extraction is shown in
the first part for this system. Each frame of speech is represented by the parameters vector from
DCT(log(CBI)) in 6.A, the regression of voice energy in 6.B and the quantized pitch of speech in
6.C. These features are applied to HMM for training and recognition.

As, we have carried out the experiments comparing DCT(log(CBI)), MFCC and PLP, we
have found that the accuracy of the recognition systems are not enough for the application to Thais
and Lao vowels recognition. Therefore, we are combined these speech features with regression on

the voice energy in 6.B and a quantized pitch in 6.C.
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Figure 6.6 Block diagram of a proposed speech recognition system
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6.B In quantized pitch (QP) Feature, the estimated pitch is quantized with three levels. A lot
of detail features of pitch are eliminated and thus the estimated feature becomes quite
simple. However, only the dynamism of pitch on time axis can be expressed. It becomes
independent of speakers and gender.

6.C In the Regression of Voice Energy Feature (RE), time variation of speech energy is
approximated with a simple polynomial. This is a useful feature in Thai/Laotian language
where its time variation identifies different vowel and hence meaning. Using this feature
into HMM, short and long duration vowel can be distinguished accurately.

In Figure 6.6, the utterance is represented by feature vectors of DCT(log(CBI)), Energy (E),
Regression Energy (RE) and a quantized pitch (QP) sequence. We are carried'out in 6 different
experiments with feature vectors as listed. These feature parameters are tested with Thai and
Laotian vowel. The results of the average accuracy recognition are shown in Table 6.5.

6.5-1. 18- parameters of CBI

6.5-2. 18- parameters of DCT(log(CBI))

6.5-3. DCT(log(CBI)) plus energy (19- parameters of DCT(log(CBI)) +E)

6.5-4. DCT(log(CBI)) plus regression voice energy (19- parameters of DCT(log(CBI)) +RE).

6.5-5. DCT(log(CBI)) plus energy and quantized pitch (QP). (20-parameters of

DCT(log(CBI)) +E+QP)
6.5-6. DCT(log(CBI)) plus regression voice energy and quantized pitch (20-parameters of
DCT(log(CBI)) + RE+QP)
Table 6.5 indicate the percentage of vowels which are correctly recognized Thai and Laotian.
The result shows that an accuracy is above 82% using 18-dimension CBI alone. DCT(log(CBI))
improved the accuracy is above 85%. DCT(log(CBI)) with energy gets better than 86%.
DCT(log(CBI)) with regression energy gets better than 88%. DCT(log(CBI)) with regression
energy and quantized pitch gets better than 89%. DCT(log(CBI)) with differential and regression

energy and quantized pitch gets better than 96%. Sixteen number of parameters for
DCT(log(CBI)) and 16 numbers of their delta are enough to increase the accuracy
beyond 96%.

When, feature is combined DCT(log(CBI)), differential of DCT(log(CBI)) with E/RE and/or

QP. We are carried out in 4 different experiments with feature vectors as listed. These feature

parameters are tested with That and Laotian vowel.
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6.5-7. DCT(log(CBI)) and first differential of DCT(log(CBI)) plus energy (33-parameters of
16 DCT(log(CBI)) + 16 Delta + E).

6.5-8. DCT(log(CBI)) and first differential of DCT(log(CBI)) plus regression voice energy
(33-parameters of 16 DCT(log(CBI)) + 16 Delta + RE).

6.5-9. DCT(log(CBI)) and first differential of DCT(log(CBI)) plus energy and quantized
pitch (34-parameters of 16 DCT(log(CBI)) + 16 Delta + E+QP).

6.5-10. DCT(log(CBI)) and first differential of DCT(log(CBI)) plus regression voice energy
and quantized pitch (34-parameters of 16 DCT(log(CBI)) + 16 Delta + RE+QP).

These feature parameters are tested with Thai and Laotian vowel. The results of the average

accuracy recognition are shown in Table 6.6.

Table 6.5 Results of vowels recognition with combination features

Recognition following features
Test Feature parameter Parameters
Thai (%) Laotian(%)

6.5-1 CBI 18 82.34 82.48
6.5-2 DCT(log(CBI)) 18 85.81 86.49
6.5-3 DCT(log(CBI)) +E 19 86.33 86.75
6.5-4 | DCT(log(CBI)) +RE 19 88.47 89.15
6.5-5 DCT(log(CBD))+E+QP 20 87.46 87.54
6.5-6 | DCT(log(CBI)) +RE+QP 20 89.83 90.97

Table 6.6 Feature is combined DCT(log(CBI)), delta of DCT(log(CBI)) with E/RE and QP

Recognition following features
Test Feature parameter Parameters
Thai (%) Laotian(%)
6.5-7 DCT(log(CBI))+ delta+E 33 94.12 94.45
6.5-8 DCT(log(CBD)+ delta+RE 33 95.47 95.52
6.5-9 DCT(log(CBI))+delta+E+QP 34 94.47 94.67
6.5-10 | DCT(log(CBI))+ delta+RE+QP 34 96.12 96.34
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In Table 6.6, we show the experiment results using 16 parameters of DCT(log(CBI)) and their.
The results were done with Energy feature, Regression Energy and/or Quantized Pitch features.
The results shows an 2% increase in accuracy using RE then E; and 1% increase with QP.

Since, MFCC and PLP are the will known speech features, as described in Section 6.3-6.4.
We have carried out experiments by combining MFCC and PLP together with voice energy (E),
regression on the voice energy (RE) and a quantized pitch (QP). We have carried out 8 different
experiments with three feature vectors combination as listed. The results of the average recognition
accuracy are shown in Table 6.7.

6.5-11 The 37 parameters MFCC consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients and 1 parameter of E.

6.5-12 The 37 parameters PLP consists of 12 cepstrum coefﬁcients, 12 delta, 12 delta-
delta coefficients and 1 parameter of E.

6.5-13 The 37 parameters MFCC consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients and 1 parameter of RE.

6.5-14 The 37 parameters PLP consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients and 1 parameter of RE.

6.5-15 The 38 parameters MFCC consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients, 1 parameter of E and 1 parameter of QP.

6.5-16 The 38 parameters PLP consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients, 1 parameter of E and 1 parameter of QP.

6.5-17 The 38 parameters MFCC consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients, 1 parameter of RE and 1 parameter of QP.

6.5-18 The 38 parameters PLP consists of 12 cepstrum coefficients, 12 delta, 12 delta-
delta coefficients, 1 parameter of RE and 1 parameter of QP.

Table 6.7 shows the result of the experiments using MFCC and PLP. The value are the correct
recognition rate (%). MFCC and PLP feature refer in the test have 36 cepstrum coefficients. “36
MFCC+E” and “36 PLP+E” refers to test in with 36 cepstrum coefficients with additional voice
energy. The average recognition accuracy is above 92%, regression on the voice energy improves
by 1% over that of MFCC, PLP with voice energy. The result obtained using the combination of
the MFCC and PLP with regression on the voice energy and quantized pitch improves above 4%
over that of 36 MFCC, 36 PLP cepstrum coefficients (look at Table 6.1 and 6.2).
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Table 6.7 Feature is combined MFCC, PLP with E/RE and QP

Recognition following features
Test Feature parameter Parameters
Thai (%) Laotian(%)

6.5-11 | 36 MFCC +E 37 92.42 92.68
6.5-12 [ 36 PLP+E 37 92.57 92.89
6.5-13 | 36 MFCC + RE 37 94.25 94.36
6.5-14 { 36 PLP + RE 37 94.56 94.15
6.5-15 | 36 MFCC +E + QP 38 94.07 94.44
6.5-16 | 36 PLP+E + QP 38 94.83 94.97
6.5-17 | 36 MFCC +RE + QP 38 95.35 95.48
6.5-18 | 36 PLP + RE + QP 38 95.86 95.75

6.6 Robust speech recognition the processes of noise

6.6.1 Nonlinear Running Spectrum Filter(NRSF) [33]

When we consider high SNR, the noise components of equation (5.2) are small and can be
neglected. In this case, it is obvious that the first RSF should not be applied to an observed speech
have been described in Chapter 5. In case of high SNR, speech features existing in high modulation
frequency band are useful for speech recognition. When the first RSF is employed under high SNR,
they are disturbed. In order to avoid the performance drop of RSF because of high SNR, we have
introduced NRSF as follows:

The nonlinear method is described in Figure 6.7 [33]. This diagram only shows the robust
speech analysis part by which noise-reduced speech characteristics, i.e., robust mel-frequency
cepctrum component (robust MFCC), are calculated. The MFCC has been used as speech features
in speech recognition and thus our features are also based and extended on MFCC. The basic idea
of this processing is simple. According to estimated SNR, the system decides whether the first RSF
should be used or not.

Just after the calculation of Mel-spectra by using Mel-filter banks, noise powers at every Mel-
frequency are estimated in Mel-spectrum domain from several speech-less flames, i.e., the first
several frames of the observed whole frames. The estimated noise power at the specific Mel-

frequency is different from others. During its observed speech period, the noise power at the specific
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Mel-frequency is assumed to be steady on time axis. Using this processing, we can get estimated
noise powers at all Mel-frequencies.
In speech frame, we calculate the power spectrum, i.e., X;(n), which includes speech

components and noises at the n—th frame. The estimated RSF used in the nonlinear RSF is given

20-1ogmiy'—("]-v2-lj—vi if X;(n)>1.1-N,

SNR(n)= ;

~20 otherwise

where N, is defined an estimated noise power at i — th Mel-spectrum component. It is unnecessary
to check its SNR less than -20dB. The threshold of 1.1+ N, is used for the calculation of only SNR
over -20 dB.

Note that SNR, () is usually changed at every frame. If SNR,(n) is less than a threshold,

the first RSF filter is applied. Otherwise, it is not applied. In other words, the use of the first RSF
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filter is decided at every frame and at every Mel-spectrum frequency. The threshold is determined
as 5 dB in our experiments. In many experiments, it turns out that a threshold from 0 -10 dB show
good results and any threshold among this limit can be applied with good accuracy. Note that
X,(n) is not an average speech power. Accordingly SNR, (n) dose not indicates actual SNR.

By using this method, we can apply the same processing in both training stage and recognition
stage. In addition, the system can realize high performance of speech recognition despite various
noise conditions where SNR is considered over 0 dB.

The experiment of isolated Japanese and Thai word recognition was tried. The speech data was
given from Japanese pre-feature names in Japanese common voice data (names of places) delivered
by the Japan Electric Industry Development Association. and name of public institution in Thailand
with 16 bit AD and 11.025 kHz sampling frequency. The number of words Japanese and Thai was
limited into 100 and 72 word, respectively. The HMM method was used for speech recognition. in
the stage of training, speech data ware given frém 40 male speakers for Japanese. And 16 speakers
for Thai. In the stage of recognition, there were 10 unspecific speakers for Japanese and 8 speakers
in this experiment. We explore the noise robust property of the total system and thus several noise
circumstances were considered, i.e., from 0 dB SNR to 20 dB SNR. The 15 additive noises was
selected among NOISEX-92. The analysis conditions and the selected characteristics were

described in Table 6.8. The HMM with 32 states was used in our system.

Table 6.8 Analysis conditions for NRSF

Window length 23.2ms (256 point)

Frame shift 11.6ms (128 point)

Windowing Hamming window

Pre-emphasis 1-0.97z"

Feature vectors MFCC 12, 12 A, 12 AA,
1 energy, AA1 energy

Table 6.9 and 6.10 show the result of the experiments. Every value shows the correct
recognition rate (%). “BASELINE” means a sample speech recognition method in which there is
no noise robust algorithm. “Conventional RSF” means that only the second filtering of RSF is used
in training stage and both of two filter are applies in speech recognition stage. “NONLINEAR

RSF” is given from the previous sub-section. “Nonlinear RSF (Ideal)” shows NRSF with known
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noise variances as a prior information. In other words. We assumed that noise variances were given

as a prior and thus ideal SNR could be calculated. However, it is impossible to use it into actual

circumstances. Compared with “NONLINEAR RSF”, the NRSF present similar performance at

speech recognition ability in any circumstances.

Table 6.9 Comparison between recognition performances with conventional method and with

proposed method for Japanese

Type of noises BASELINE CONVENTIONAL NONLINEAR RSF NONLINEAR RSF
RSF (deal)

SNR[ dB] 0dB | 10dB | 20dB | 0dB | 10dB | 20d 0dB 10dB | 20dB | 0dB 10dB 20dB
White noise 0.8 332 (924 | 479 | 85.6 | 97.5|50.0 | 871 | 97.7 | 50.2 | 87.] 97.7
Pink noise 0.7 53.5 | 969 {533 | 91.5 1976|523 |926 | 981 | 52.7 | 928 98.4
HF Channel noise 33 26.6 1821 | 493 | 851 | 955|486 [ 861 | 969 | 48.6 | 86.2 96.3
Speech babble 7.8 582 {912 | 202 | 77.0 | 957|189 | 789 | 955 | 22.2 | 825 96.6
Factory floor noise 1 | 2.0 629 [ 974 | 334 | 885 | 984|333 [899 {989 |358 912 98.7
Factory floor noise 2 | 15.0 | 80.0 | 98.1 | 75.2 96.3 | 981755 |97.6 989 | 763 |[972 98.9
Jet cockpit noise 1 0.9 494 1955 | 455 | 885 | 979|447 | 887 | 97.6 | 46.0 | 88.8 97.9
Jet cockpit noise 2 0.2 414 1955 | 51.7 [ 900 | 97.7|51.5 {923 | 984 | 526 | 923 98.3
Destroyer engine room 3.8 55.6 | 947 | 61.0 | 90.7 }197.0|60.1 | 93.6 |98.0 | 61.7 | 93.1 98.0
Destroyer operation room | 4.1 76.1 1985 | 589 | 947 | 985542 1949 | 985 | 57.8 | 94.9 98.9
F-16 cockpit noise 1.7 69.4 | 973 | 562 | 921 |[97.8]|572 |93.7 | 985 |573 | 936 98.4
Military vehicle noise | 52.9 | 87.5 | 98.4 88.4 | 944 |97.5|90.6 §96.0 | 985 | 905 | 96.0 99.0
Tank noise 297 | 912 [ 985 | 80.7 | 97.7 | 98.7 | 82.6 |98.0 | 99.2 | 837 | 982 99.4
Machine gun noise 80.1 | 926 | 975 | 846 | 925 | 968|847 |928 [97.5 | 875 | 94.1 97.8
Car interior noise 939 990 }99.2 |97.0 | 985 | 989|978 [99.0 | 99.7 | 98.4 | 99.1 99.6
Average 198 | 65.1 | 955 | 602 | 909 [ 97.6| 60.1 | 92.1 | 98.1 | 61.4 | 92.5 98.3
Clean 99.5 98.7 99.3 99.3

Table 6.11 shows some comparisons, i.e., cepstrum mean subtraction method (CMS

method) [16]-[20] as described in Chapter 5 and, CMS/DRA and proposed method. The conditions

of this experiment are the same as that Table 6.9 and 6.10. Every value shows the recognition
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correctness. When we consider the average recognition accuracy at each SNR, our proposed
method shows higher scores than others. In addition, when we consider the circumstance of clean
condition where this condition is hardly realized under ordinary circumstances, our method shows
similar performance to others.

When we compare the results of nonlinear RSF in Table 6.9 with the results of nonlinear
RSF using modified FRM in Table 6.10, the rates are the same. It turns out that FRM-NRSF
(frequency response masking techniques and nonlinear running spectrum filtering) has the same

performance as NRSF.

Table 6.10 Comparison between recognition performances with conventional method and with

proposed method for Thai word

Type of noises BASELINE CONVENTIONAL NONLINEAR RSF NONLINEAR RSF
RSF (deal)

SNRIdB] 0dB | 10dB | 20dB | 0dB | 10dB | 20d | 0dB | 10dB | 20dB | 0dB | 10dB | 20dB
White noise 1.85 | 439 | 96.7 | 40.1 | 87.3 | 96.3 | 385 | 84.4 | 94.3 | 38.8 | 86.7 | 96.7
Pink noise 232 1 545 | 962 | 43.6 | 58.8 | 87.7 | 44.1 | 59.5 | 89.7 | 45.7 | 62.3 | 915
HF Channel noise 277 { 317 | 874 | 284 | 76.7 | 975] 27.1 | 788 | 925 | 29.8 | 79.4 | 93.1
Speech babble 787 | 722 | 984 | 58.6 | 88.3 | 92.8 | 582 | 89.6 | 94.8 | 58.6 | 89.8 94.7
Factory floor noise 1 324 | 79.1 | 995 | 39.8 | 82.5 | 98.6 | 41.2 | 87.2 | 96.6 | 39.8 | 79.6 | 943
Factory floor noise 2 | 2.31 | 30.0 | 88.6 | 37.8 | 842 | 96.0 | 385 | 81.5 | 963 37.8 | 837 | 97.8
Jet cockpit noise 1 185 | 25.0 | 901 | 41.2 | 61.1 [ 902 | 41.6 | 63.4 | 97.2 | 40.4 | 59.8 94.7
Jet cockpit noise 2 277 | 381 | 914 | 437 | 705 | 92.4 | 435 | 725 | 944 | 415 | 716 | 947
Destroyer engine room 324 1667 1 930|472 | 847 | 966|466 | 83.0 | 946 | 469 | 86.3 | 96.2
Destroyer operation room | 16.6 | 79.8 | 97.7 | 653 | 83.1 | 98.2 656 | 882 [98.6 | 67.7 { 904 | 983
F-16 cockpit noise 231 | 379 | 866 | 30.7 | 80.4 | 9501294 | 825 | 968 |29.1 | 785 | 932
Military vehicle noise | 42.3 | 88.4 | 97.0 856 | 91.4 [ 987 (851 | 904 |962 | 84.8 | 90.5 | 96.7
Tank noise 36.1 | 839 | 987 | 46.9 | 88.3 | 98.2 | 45.8 | 87.7 | 969 | 459 89.3 | 98.6
Machine gun noise 62.0 | 945 | 100 | 81.5 | 926 | 98.6 [ 80.1 | 914 | 97.4 | 81.0 | 93.6 | 98.5
Car interior noise 68.0 | 957 | 994 | 88.2 | 98.8 | 99.4 | 88.4 | 97.5 | 99.1 | 87.8 | 99.4 | 994
Average 170 | 61.4 | 947 | 519 | 82.1 | 95.7 | 51.5 | 825 [ 95.7 | 51.7 | 92.7 | 95.8
Clean 97.6 97.1 96.8 96.9
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Table 6.11 Comparison between recognition performances with CMS, CMS/DRA and with

proposed method for Japanese

Type of nolses CMS CMS/DRA NONLINEAR RSF
using MODIFIED FRM
SNR[dB] 0dB | 10dB | 20daB | 0dB | 10dB | 20dB | 0dB 10dB | 20dB
White noise 0.6 55.4 95.5 | 282 | 824 93.1 493 87.6 97.5
Pink noise 0.5 58.8 97.1 | 26.4 | 85.5 98.2 52.4 92.6 98.3
HF Channel noise 2.0 513 95.0 |26.8 |814 96.6 48.8 86.3 96.7
Speech babble 4.1 67.1 97.1 | 129 [ 793 98.0 19.2 79.0 95.5
Factory floor noise 1 1.2 59.7 97.1 | 19.2 | 73.9 98.0 341 89.5 98.5
Factory floor noise 2 79 83.6 97.6 | 522 | 93.7 98.6 75.5 97.5 98.9
Jet cockpit noise 1 0.6 54.1 96.6 | 152 | 82.7 97.7 44.4 88.7 97.5
Jet cockpit noise 2 0.3 59.0 97.1 | 26,5 | 83.6 98.1 52.0 92.4 98.0

Destroyer engine room 2.0 59.0 962 | 346 | 88.2 97.5 59.8 93.4 98.0

Destroyer operation room | 3.1 80.2 99.0 | 11.8 | 83.8 98.9 54.8 94.7 98.7

F =

F-16 cockpit noise 1.9 61.0 973 | 322 | 89.0 97.7 577 93.83 98.5
Muilitary vehicle noise 73.9 | 97.2 989 | 874 | 971 99.0 90.5 96.1 98.4
Tank noise 18.1 | 91.1 989 | 63.1 | 96.4 98.8 82.4 98.2 99.3
Machine gun noise 85.4 | 94.0 98.2 | 825 | 92.1 982 84.9 92.8 97.4
Car interior noise 94.0 | 98.8 99.3 | 984 | 99.1 99.4 97.6 98.9 99.5
Average 19.7 | 7114 974 | 403 | 873 98.1 60.2 92.1 98.1
Clean 99.5 99.5 99.3
6.6.2 Robust speech recognition

The experiment of isolated vowel recognition carried out using the speech data from Section
6.2. We explore the noise robust property of the total system. Several noise circumstances were
considered, i.e., from 0 dB SNR to 20 dB SNR. The 12 additive noises was selected from
NOISEX-92. The noise robust techniqués used for noise reduction are the Running Spectrum
Filter(RSF) and running spectrum filter using frequency response masking (FRMRSF).

The analysis conditions and the selected characteristics were described with block in Figure
6.1 of MFCC, Figure 6.2 for PLP and Figure 6.6 (5.A) of DCT(log(CBI)). Ten-states HMM is used

in our system to evaluate the noise robustness of the proposed techniques.
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Figure 6.8 Applied robust speech recognition

The total system is depicted in Figure 6.8. Recent studies [16], [20] have demonstrated that
filters which remove slow variations in the feature vectors used in speech recognition can yield
significantly improved recognition rates. The filters used in these techniques can be implemented
in various forms, which have band-pass frequency responses. The noise robust techniques are
based on our proposing speech feature extraction using FRMRSF, RSF and DRA [20],[32].
FRMRSF or RSF focus on the modulation spectrum obtained from the time trajectory of spectrum
and extract speech components by applying band-pass filtering. We employ- FIR filtering as
described in Chapter 5, the stability and the accuracy. RSF applies filtering twice and after log-
process to and eliminate both addition noise and mintiplicative noise. DRA as described in Section
4.5, normalizes the maximum amplitudes of feature parameters and corrects the differences of
dynamic ranges between that of trained data and observed speech data.

The conventional recognition system consists of ordinary feature extraction based MFCC,
PLP or DCT(log(CBI)). Then, FRMRSF/DRA and RSF/DRA are applied together. Several
experiments of recognition are evaluated in these conditions. MFCC and PLP have speech feature
vectors 36-parameters which consist 12 cepstral coefficients, 12 first differential cepstral
coefficients and 12 second differential cepstral coefficients whereas DCT(log(CBI)) has 32-
parameters which consist 16 coefficients and 16 first differential coefficients respectively.

Table 6.12 shows the results of recognition rates versus white noise power. At a first glance
same tendency of recognition rates are obtained in white noise. RSF, FRMRSF and DRA improves
recognition performances. Comparing recognition performances of RSF, FRMRSF and DRA, the
average accuracy of RSF and FRMRSF are better than DRA whore in white noise. The best
performance is seen when both RSF and FRMRSF combined with DRA are applied. With no noise
robust technique, the average accuracy for SNR of 0 dB 10 dB and 20 dB are above 2%, 34% and,

90% respectively. When, DRA is applied in speech features, the average accuracies improve by
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Table 6.12 Recognition rates versus power using various noise robust features with DCT(log(CBI))

Recognition rates [%)]

Speech Feature

0dB 10dB 20dB
Conventional 2.65 34.76 90.07
DRA 3.15 36.03 90.58
RSF 20.18 82.58 91.35
FRMRSF 19.24 80.49 89.87
RSF/DRA 21.43 87.49 90.68
FRMRSF/DRA 20.73 85.87 91.76

Table 6.13 Comparison between recognition MFCC performances with proposed

RSF/DRA and FRMRSF/DRA

Type of noises MFCC with MFCC with
MFCC
RSF/DRA FRMRSF/DRA

SNR[dB] | 0dB | 10dB | 20dB | 0dB | 10dB | 20dB | 0dB | 10dB | 20dB

White noise 2.65 3476  90.75 | 21.43 8749 89.68 | 19.73 85.87 91.76
Pink noise 5.64 65.68 93.54 | 56.89 83.53 9296 | 56.96 82.53 9296
HF channel noise 9.32 16.86 88.49 | 18.12 80.54 93.87 | 2265 78.88 88.75
Speech babble 7.87 74.32 9444 | 3064 79.62 89.62 | 28.69 79.62 92.98
Factory floor noise 1632  86.21 9553 | 48.85 88.89 91.18 | 4885 89.2  93.08
Jet cockpit noise 1234 30.09 9768 | 11.53 7997 9653 | 10.84 84.44 90.79

Destroyer engine room | 12.77  24.65 87.67 | 43.45 83.26 9459 | 4345 83.05 96.65
F-16 cockpit noise 986  48.14 9444 | 46.87 8504 91.83 | 4574 8259 90.79

Military vehicle noise 37.69  86.75 92.07 | 7853 8332 9537 | 6853 83.64 94381

Tank noise 6543  79.81 90.74 | 82.89 9221 9498 | 84.41 91.84 96.64
Machine gun noise 17.84  51.94  97.68 | 26.63 8632 92.64 | 33.06 8351 90.79
Car interior noise 5843 6842 9467 | 8574 9432 96.96 | 85.84 92.64 97.62
Average 21.34  55.63  93.14 | 4596 8537 9335 | 45.72 | 85.31 93.13

Clean (No noise) 93.50 93.48 93.36
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Table 6.14 Comparison between recognition PLP and DCT(log(CBI)) performances with proposed

RSF/DRA and FRMRSF/DRA

Type of noises PLP PLP with RSF/DRA PLP with FRMRSF/DRA

SNR[dB] | 0dB | 10dB | 20dB | 0dB | 10dB | 20dB | 0dB | 10dB | 20dB
White noise 1.84 28.5 88.64 | 16.81 85.18 90.04 | 20.86 90.87 90.84
Pink noise 364 3954 9527 | 2652 7936 93.18 | 41.84 83.53 90.98
HF channel noise 12.86  58.43 87.58 | 58.59 8838 90.66 | 52.05 80.88 90.64
Speech babble 5.79 36.07 90.64 { 2046 7997 89.64 | 20.58 79.62 89.75
Factory floor noise 7.64 388 9395 | 31.73 8358 9497 | 31.85 81.2 9296
Jet cockpit noise 18.06 63.94 9432 | 4685 89.57 96.75 | 40.84 89.44 9743
Destroyer engine room 10.65  40.64 91.75 | 39.45 83.04 9585 | 39.45 83.05 93.97
F-16 cockpit noise 1876 6748  96.02 | 50.46 8584 96.95 | 47.02 9143 96.95
Military vehicle noise 3402 76.75 96.65 | 65.12 8392 96.29 | 62.53 83.64 97.05
Tank noise 64.65 89.02  95.16 | 73.05 9216 96.85 { 71.54 91.78 96.85
Machine gun noise 2673 61.22 97.13 | 46.89 8694 93.64 | 43.22 8251 95.78
Car interior noise 68.38  88.61 96.39 | 8043 9405 9573 | 82.94 92.03 96.38
Average 2275 5742 93.62 | 4636 8598 94.12 | 4622 85.83 94.04
Clean (No noise) 94.45 94.42 94.40

DCT(log(CBI)) with DCT(log(CBI)) with
Type of noises DCT(log(CBI))
RSF/DRA FRMRSF/DRA
SNR[dB]
0dB 10dB 20dB 0dB 10dB 20dB 0dB 10dB | 20dB

White noise 4.27 35.58 89.84 | 23.09 81.85 90.67 | 23.86 80.84 90.14
Pink noise 584 3862 9632 | 2524 8353 94.85 | 25.84 8323 9545
HF channel noise 11.04 46,53  92.02 | 53.45 8796 92.85 | 52.86 87.18 91.84
Speech babble 569 39.14 89.14 | 2486 7853 88.52 | 1947 79.06 88.26
Factory floor noise 1348 5843 9473 | 36.89 8575 9396 | 33.29 8534 90.84
Jet cockpit noise 15.28 61.98 9794 | 4424  89.91 97.52 | 44.84 89.54 97.26
Destroyer engine room 5.97 36.73 90.38 | 24.86 85.63 9396 | 2442 8292 93.87
F-16 cockpit noise 22,6 66.96 95.92 | 45.67 84.63 98.52 | 47.84 88.87 97.83
Military vehicle noise 3793 6932 9546 | 6429 87.52 9697 | 6589 87.92 96.83
Tank noise 5539 8693 9642 | 73.55 89.75 9512 | 71.57 90.74 97.62
Machine gun noise 3405 6842 9567 | 7046 87.01 94.73 | 69.89 85.28 95.03
Car interior noise 66.92 89.13 96.08 | 7638 9275 98.92 | 8257 92.84 98.47
Average 2320 58.14 94.16 | 46.91 86.23 94.71 46.86 86.14 9473
Clean (No noise) 94.53 94.50 94.48
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Figure 6.9 Recognition by RSF, RFMRSF with DRA

0.5%, 2% and 0.5 %, respectiyely. The best performance is seen when both RSF, FRMRSF and
DRA are applied. The average accuracy for the latter are above 19%, 87% and 90 %, respectively.
An improvement of 21%, 51% and 0.7%, respectively. The advantage of FRMRSF/ DRA and
RSF/DRA are there fore confirmed.

The second last row on the Table 6.13 and 6.14 show the accuracy averaged from 12 types of
noise from 0 dB SNR to 20 dB SNR using feature extraction based MFCC, PLP and
DCT(log(CBI)) respectively. FRMRSF/DRA and RSF/DRA are applied. With no noise robust
technique, the average accuracy for SNR of 0 dB, 10dB and 20 dB SNR are above 21%, 55% and,
93% respectively. When, FRMRSF/DRA and RSF/DRA are applied in speech features,
performances improve by of 24 %, 29% and 0.21 %, respectively.

Figure 6.9 are summarized the performance results of recognition from Table 6.13 and 6.14.
The average accuracy for SNR of 0 dB, 10dB and 20 dB SNR using feature extraction based
MFCC, PLP and DCT(log(CBI)) respectively. FRMRSF/DRA and RSF/DRA are applied. With no
noise robust technique, the average accuracy for SNR of 0 dB, 10dB and 20 dB SNR are above
21%, 55% and, 93% respectively. When, FRMRSF/DRA and RSF/DRA are applied in speech

features, performances are above 45 %, 85% and 93 %, respectively.

6.7 Compares MFCC, PLP and DCT(log(CBI)) performances
We also compare the performance of our proposed method to other well-known front-end

analysis, i.e., MFCC and PLP. MFCC and PLP as described in Section 6.3 and 6.4 Both front-end
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analyses have been successfully used in many speech recognition systems. The proposed
DCT(log(CBI)) as speech features is described as Section 6.4. Three different experiments are
carried out. The performance results extracted from Table 6.1, 6.2, 6.6 and 6.7 are summarized in
Table 6.15, it is found that the 16 of DCT(log(CBI)) coefficients with16 of differential coefficients
provide accuracies that are 2% higher than that of 36 of MFCC coefficients and 36 of PLP
coefficients. When, these features are then used with voice energy (E) and regression on the voice
energy (RE), as shown in the Table 6.16, it is found that the 16 of DCT(log(CBI)) coefficients
with16 differential coefficients and 1 of voice energy provide accuracies that are 0.5% higher than
that of 36 of MFCC coefficients and 36 of PLP coefficients. When voice energy (E) is replaced by

regress in energy(RE), the average recognition of DCT(log(CBI)) is accuracy above 95%, 3%

Table 6.15 Comparison MFCC, PLP and DCT(log(CBI)) performances

Recognition following features
Feature parameter Dimension
Thai (%) Laotian(%)
12 MFCC +12 delta + 12 delta 36 92.05 92.65
12 PLP +12 delta + 12 delta 36 92.23 92.67
16 DCT(log(CBI))+16 delta 32 94.34 94.71

Table 6.16 Comparison MFCC, PLP and DCT(log(CBI)) with proposed plus E/RE

Recognition following features
Feature parameter Parameters
Thai (%) Laotian(%)
12 MFCC +12 delta + 12 delta+E 37 92.42 92.68
12 PLP +12 delta + 12 delta + E 37 92.57 92.89
16 DCT(log(CBI))+16 delta + E 33 93.12 93.45
12 MFCC +12 delta + 12delta +RE 37 94.25 94.36
12 PLP +12 delta + 12 delta + RE 37 94.56 94.44
16 DCT(log(CBI))+16 delta + RE 33 95.47 95.52
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Table 6.17 Comparison MFCC, PLP and DCT(log(CBI)) plus E/RE performances and time

analysis of process

Recognition
Times
Feature parameter Parameters Following features
(Second)
Thai (%) | Laotian(%)
12MFCC +12delta +12 delta +E+QP 38 46 94.07 94.41
12 PLP +12 delta + 12 delta + E+QP 38 48 94.83 94.89
16 DCT(log(CBI))+16 delta + E+QP 34 212 95.56 95.84
12 MFCC+12delta+12delta+RE+QP 38 50 95.35 95.48
12 PLP+12 delta+12 delta+ RE+ QP 38 52 95.86 95.75
16 DCT(log(CBI))+16delta+ RE+QP 34 216 96.16 96.34

improvement 95%, 3% improvement over that of 36 of MFCC coefficients and 36 of PLP
coefficients and 2% than that DCT(Iog(CBI)) plus E. Table 6.17 shown better accuracy using
MFCC, PLP or DCT(log(CBI)) with regression on the voice energy and quantized pitch. 16 of
DCT(log(CBI)) coefficients with16 of differential coefficients,1 of regression on the voice energy
and 1 of quantized pitch obtain average accuracy above 96%, 2% higher than that of 36 of MFCC,
and 1% higher than that of PLP combined RE and QP. As for processing speed is shown as third
column in Table 6.17, we measured processing time of MFCC, PLP and DCT(log(CBI)).

6.8 Summary

In this report, the new techniques for Thai and Laotian vowel recognition. we propose a
speech recognition system based on new features of speech spectrum on a Bark scale, the
regression on the voice energy and a quantized pitch for tone features. The Bark scale is a
psychoacoustics measurement on human hearing property and speech features extraction processes
consists of three steps : (1) auto-regressive model (AR model), (2) critical band intensity (CBI), (3)
logarithm CBI into discrete cosines transform (DCT). The regression on the voice energy is used
to identify smooth or erupted changes in energy, while the changes in pitch are quantized to extract
the tone feature. The detailed information feature is extracted by performing DCT sixteen
parameters vectors , sixteen parameters of differential , a parameter of regression on the voice

energy (RE) and a parameter of quantized pitch (QP). The average accuracy are carried out in
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vowel recognition experiments shows the best performance. This result indicates that
DCT(log(CBI)) combined ER and QP extracts speech characteristic more effectively than MFCC
and PLP.

This thesis explores the extraction of speech features aiming noise robustness for speech
recognition. The noise robust techniques for detection noise are the running spectrum filter using
frequency response masking (FRMRSF) and running spectrum filter(RSF). The noise robust are
used into the total system and thus several noise circumstances were considered, i.e., from 0 dB
SNR to 20 dB SNR. From several experiments, it is shown that the performance of FRMRSF and

RSF robust speech recognition system is superior to other robust speech recognition.



Chapter 7

Conclusions

In this thesis, we propose a speech recognition system based on new features on Bark scale
together with noise robust speech feature extraction. Vowel speech recognition system for Thai
and Laotian language are implemented. All the samples are recorded from Thai and Laotian
speakers. We have taken isolated utterances of 24 and 27 vowels respectively in the context of
initial consonant vowels. The new speech feature and robust speech techniques are summarized as
follows:

7-1. We propose a vowel recognition system based on new features of speech spectrum on a
Bark scale, the regression on the voice energy and a quantized pitch for tone. The Bark
scale is a psychoacoustics measurement on human- hearing property and speech
features extraction processes consists of three steps: (1) auto-regressive model (AR
model), (2) critical band intensity (CBI), (3) logarithm CBI into discrete cosines
transform (DCT). The regression on the voice energy is used to identify smooth or
erupted changes in energy, while the changes in pitch are quantized to extract the tone
feature. The detailed information feature is extracted by performing DCT on the
logarithm of CBIL Additionally, tones are constructed from the quantized pitch
sequences with 3 possible outcomes [-1, 0, 1]. The pitch quantization allows the tone
recognition engine to be gender-independent. A regression method on the voice energy
is applied and the estimated coefficient is used as a feature to classify either smooth or
erupted change for each word and hence, the short or long vowels in Thai/Laotian
spoken language can be distinguished. Finally, the speech feature is represented by the
16 parameters of DCT(log(CBI)) coefficients, 16 of differential coefficients, 1
parameter of RE and 1 parameter of QP. It was found that, the proposed parameters are
performance the conventional MFCC and PLP confer parts.

7-2. We have proposed a robust noise filtration system. The approach has been adapted and
utilized in the features of MFCC, PLP and DCT(log(CBI)) to reduce both additive and
multiplicative noises and hence, improves the recognition accuracy.

7-3. We have proposed and advanced noise robust speech recognition technique. The

modified frequency response masking design based on band-pass filter is introduced
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and it is applied to the design of running spectrum filter. The filters have been designed

from Finite Impulse Response(FIR) filter allowing low number of filter taps while

realizing narrow transition bandwidth. Using the new design, we have reduced the
calculation cost by 60%.

We believe the result of this thesis is another step forward practical speech recognition

system. Future work can extent the techniques for continuous speech recognition for Thai and

Lao languages.
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