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Abstract

Man y practical in teractiv e v oice resp onse systems require sp eak er indep enden t sp eec h

recognition. Ac hieving sp eak er indep endence is di�cult as w e do not ha v e direct

metho ds to prepare sp eak er indep enden t reference patterns of the sub-units of the

sp eec h and compare a giv en sub-unit of sp eec h with them. Hidden Mark o v Mo dels

pro vide b etter means than other metho ds to ac hiev e sp eak er indep endence with the

help of training sp eec h b y a su�cien tly large n um b er of sp eak ers. Hidden Mark o v

mo dels ha v e the inheren t capabilit y to mo del the v ariations in sp eed of the sp eec h.

W e dev elop ed an in teractiv e v oice resp onse system based on discrete Hidden Mark o v

Mo dels. In our system w e use a w ord detector and a linear prediction based signal

pro cessing fron t end whic h are also dev elop ed in this w ork. W e recorded telephone

qualit y sp eec h with the help of mo dem in terface and prepared database of sp ok en

digits of 160 sp eak ers using mo dem for the training purp ose to ac hiev e sp eak er inde-

p endence. W e also presen t di�eren t �ne tuning metho ds to impro v e the p erformance

of sp eec h recognition. W e also presen t w ord rejection criterion to impro v e con�dence

of the recognition. W e also presen t an in teractiv e v oice resp onse system whic h is

dev elop ed using the tec hnology dev elop ed in this thesis.
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Chapter 1

In tro duction

1.1 In tro duction

In teractiv e v oice resp onse systems are getting more and more deplo y ed in applications,

esp ecially where query tra�c is v ery high and queries are to b e attended t w en t y four

hours a da y . F or these reasons sp eec h recognition has gained lot of in terest in the

researc hers from v arious �elds. Despite this, sp eec h recognition has b een one of the

most di�cult problems to solv e. In this w ork w e dev elop a sp eak er indep enden t

isolated digit recognition system for telephone qualit y sp eec h. W e ha v e used linear

prediction, v ector quan tization and Hidden Mark o v Mo del to dev elop this system.

W e ha v e collected the required telephone qualit y sp eec h for training purp ose. This

sp eec h recognition system uses a mo dem as input and output device for sp eec h. T o

in teract with the system, the sp eak er has to dial the telephone n um b er of the mo dem

and in teract with it using the telephone.

1.2 Related W ork

Researc h in automatic sp eec h recognition has b een done for ab out �v e decades. The

�rst sp eec h recognition system w as built in the y ear 1952 at Bell Lab oratories. The

recognizer w as built using acoustic features to recognize the digits sp ok en b y a single

sp eak er. While the researc h had b een carried out with acoustic phonetic approac h,

in mid 1970s, Itakura sho w ed ho w linear prediction could b e applied to sp eec h recog-

nition [5 ]. In late 1970s and early 1980s, researc hers at A T&T Bell Lab oratories
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conducted man y exp erimen ts [10, 11 , 16 ] to incorp orate sp eak er indep endence in the

sp eec h recognition systems. The tec hniques w ere re�ned o v er a decade. In course

of dev eloping an isolated sp eec h sp eec h recognition system, they dev elop ed an algo-

rithm for w ord detection [18]. Although Hidden Mark o v Mo del (HMM) w as initially

in tro duced in 1960s, researc hers at only a few lab oratories could apply it to sp eec h

recognition after a decade [1, 6 ]. A decade later it w as wide published [15] and

b ecame p opular. T o da y almost ev ery sp eec h recognizer uses HMM. Wilp on [17 ], at

A T&T Bell Lab oratories studied on abilit y to automatically recognize the telephone

qualit y sp eec h in real w orld conditions. He rep orted a w ord detection rate of 98% and

sp eec h recognition rate of 86% in online digit recognition. He used a total of 11,035

digits of 3100 sp eak ers.

1.3 Goals

� T o dev elop a sp eak er indep enden t isolated digit v oice recognizer for telephone

qualit y sp eec h.

� T o built an application for Computer In teractiv e V oice Resp onse system (CIVRS)

that uses the tec hnology dev elop ed in this thesis.

1.4 Organization of this w ork

The rest of the thesis is organized as follo ws.

In c hapter 2, w e discuss di�eren t approac hes to sp eec h recognition and the basic

sp eec h recognition system in our implemen tation. W e discuss di�eren t parts of sp eec h

recognition system namely , signal pro cessing fron t end, v ector quan tization and hid-

den Mark o v mo del bac k-end.

In c hapter 3, w e presen t the design and implemen tation of the sp eec h recognition

system. W e also presen t the w ord-detection algorithm and exp erimen tal results that

help ed us to c ho ose v arious parameters for the sp eec h recognition system.

In c hapter 4, w e presen t v arious exp erimen ts for w ord rejection criterion and p erfor-

mance �ne-tuning.

In c hapter 5, w e presen t an in teractiv e v oice resp onse system application, dev elop ed

using the sp eec h recognition tec hnology presen ted in this thesis. Finally w e conclude

2



this w ork in c hapter 6
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Chapter 2

Basic Sp eec h Recognition

T ec hniques

Sp eec h recognition systems accept audio data as input and pro duce a sequence of

sym b ols corresp onding to the sequence of sp ok en w ords in the input sp eec h.

Sp eec h signals are slo wly v arying time signal. When examined o v er a su�cien tly short

in terv al of time (sa y , 5 to 100 ms), a sp eec h signal is fairly stationary . When examined

o v er a long in terv al of time, around 200 ms or more, the signal c haracteristics c hange

to re
ect the di�eren t sounds sp ok en. A sp eec h recognition system, therefore, should

b e able to mo del the short time c haracteristics of the signal and their v ariations o v er

long p erio ds of time.

Ev en though extensiv e researc h has b een carried out during the past �v e decades, w e

are far from ac hieving the goal of a robust sp eec h recognizer whic h can understand

sp ok en w ords on an y sub ject b y all sp eak ers in all en vironmen ts. F ollo wing are some

of the reasons for the di�cult y .

� Lac k of a sophisticated and y et tractable mo del of sp eec h.

� Di�erences in the v o cal tract sizes among individual sp eak ers con tribute to the

v ariabilit y of sp eec h and most of the parametric represen tations of sp eec h are

not completely sp eak er indep enden t.

� Inheren t mismatc h b et w een training and test en vironmen ts.

� Lac k of consisten t units of sp eec h that are trainable and relativ ely insensitiv e

to con text.
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� Inadequate use of h uman kno wledge of acoustics and phonetics.

Sev eral sp eak er dep enden t recognition systems are a v ailable with acceptable p erfor-

mance. Ac hieving sp eak er indep endence has b een the most di�cult task in realizing

the sp eec h recognition systems. This is due to the sp eak er dep enden t nature of

parametric represen tations of sp eec h, and a set of reference patterns suitable for one

sp eak er ma y p erform p o orly for another sp eak er.

There are three approac hes to ac hiev e sp eak er indep endence. The �rst approac h

is to �nd the p erceptually motiv ated sp eec h parameters that are relativ ely in v arian t

among sp eak ers. The second approac h is to use m ultiple represen tations for eac h

sp eec h unit to capture the b et w een-sp eak er v ariations. In this approac h, for eac h

sp eec h unit w e ha v e a v ery large database. Using this database, a mo del for eac h

sp eec h unit is generated. During recognition sp eec h-unit mo dels for v arious sp eec h

units are used for comparison. In the third approac h, the recognizer kno ws v arious

c haracteristics of the sp eak er after a few sen tences and uses this kno wledge to adapt

the system to the new sp eak er. Adaptation starts with an initial set of parameters.

The new sp eak er is ask ed to sp eak kno wn sen tences and the resp onse is used to to

adjust the set of parameters.

In this w ork, the �rst t w o approac hes are incorp orated up to some exten t. The

sp eec h pro cessing fron t-end generates di�eren tial cepstral co e�cien ts. These co e�-

cien ts incorp orate the forman t slop e information whic h is relativ ely in v arian t among

sp eak ers. The bac k-end of the sp eec h recognition uses Hidden Mark o v Mo del (HMM),

whic h incorp orates sev eral reference reference patterns for a sp eec h unit.

In this c hapter di�eren t parts of the sp eec h recognition system are discussed that

are implemen ted in this w ork. Among the di�eren t parts are Linear Predictiv e Co ding

(LPC) mo del, V ector Quan tization and Hidden Mark o v Mo del.

2.1 Approac hes to Sp eec h recognition

Sp eec h recognition approac hes can b e broadly classi�ed in to three categories [14].

1. Acoustic phonetic approac h

2. P attern recognition approac h

3. Arti�cial in telligence approac h
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2.1.1 Acoustic Phonetic Approac h

The Acoustic phonetic approac h is based on the theory of acoustic phonetics with the

assumption that there exist �nite, distinctiv e phonetic units in the sp ok en language

and these units can b e broadly c haracterized b y a set of prop erties. The acoustic

prop erties of the phonetic units are highly v ariable, b oth with sp eak ers and with

other phonetic units. It is assumed that the rules go v erning these v ariations are

straigh t forw ard and can b e learned and applied in practical situations.

     FEATURE
DETECTOR 1

FEATURE 
DETECTOR 2

FEATURE 
DETECTOR Q

SPEECH

SYSTEM
ANALYSYS

SEGMENTATION
         AND

LABELLING
CONTROL
STRATEGY

RECOGNIZED
SPEECH

LPC 

FILTER BANK

FORMANTS
PITCH
VOICED/UNVOICED
ENERGY
NASALITY
FRICATION

PHONEME LATTICE
SEGMENT LATTICE

speech

S(n)

DECISION TREES
PARSING STRATEGIES

PROBABILSTIC LABELLING

Figure 2.1: An Acoustic Phonetic Sp eec h Recognition System

The �rst task in this metho d is to segmen t the input sp eec h in to discrete regions.

Eac h of these regions corresp onds to one or more phonemes. F or this w e analyze the

sp eec h in short in terv als of time to study the sp ectral prop erties and then c haracterize

these sp ectral prop erties as acoustic ev en ts, suc h as forman ts, pitc h, nasalit y , frication,

etc. (Figure 2.1). Using this acoustic ev en t information, w e lab el the discrete regions

as one or more p ossible phonemes. The exact sequence of phonemes in the sp eec h

is ho w ev er not kno wn at this stage. This is b ecause some regions migh t ha v e b een

lab eled as more than one p ossible phonemes. The exact com bination of phonemes in

the sp eec h is determined b y the dictionary of w ords with their phoneme sequence.

The grammar of the language also pla ys an imp ortan t role in this pro cess.
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FEATURE 
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SPEECH
ANALYSYS

SYSTEM
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speech

FILTER BANK
LPC 
DFT

TEST
PATTERN

PATTERN 

TRAINING
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PATTERN 

CLASSIFIER

DECISION

LOGIC

RECOGNIZED

SPEECH

LOCAL DISTANCE MEASURE

PATTERNS

REFERENCE

DYNAMIC TIME WARPING

Figure 2.2: P attern Recognition Sp eec h Recognition System

2.1.2 P attern Recognition Approac h

In the pattern recognition approac h, sp eec h patterns are used directly without explicit

acoustic c haracterization of the sp eec h sp ectral analysis information. This approac h

generally has t w o stages, namely sp eec h pattern training and sp eec h pattern recog-

nition. The concept is that if enough v ersions of a pattern to b e recognized are

included in a training set, then the system should b e able to adequately c haracterize

the acoustic prop erties of the pattern. During pattern training, the system learns

acoustic prop erties of the sp eec h class, reliable and rep eatable for the giv en training

set. In pattern recognition stage, the system compares an unkno wn sp eec h with all

trained patterns, and classi�es the unkno wn sp eec h according to the go o dness of the

matc h.

2.1.3 Arti�cial In telligence Approac h

The basic idea of arti�cial in telligence approac h is to compile and incorp orate kno wl-

edge from v ariet y of sources to realize the di�eren t stages of sp eec h recognition system.

This approac h is a h ybrid of the acoustic-phonetic approac h and the pattern recog-

nition approac h. It exploits the ideas and concepts of b oth metho ds and attempts to

mec hanize the recognition pro cedure according to the w a y a p erson applies his in tel-

ligence. The follo wing are some of the kno wledge sources and their brief description.

� Acoustic kno wledge: Evidence of whic h phonetic units are sp ok en on the basis

of sp ectral measuremen ts and presence or absence of features.

� Lexical kno wledge: The com bination of acoustic evidences so as to p ostulate

w ord as sp eci�ed b y a lexicon that maps sounds in to w ords.
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� Syn tactic kno wledge: The com bination of w ords to form the grammatically

correct strings.

� Seman tic kno wledge: Understanding of the task domain so as to b e able to v al-

idate sen tences and phrases that are consisten t with the task b eing p erformed,

and the previously deco ded sen tences.

� Pragmatic kno wledge: Inference abilit y necessary in resolving am biguit y of

meaning based on w a ys in whic h w ords are generally used.

In this thesis w e ha v e implemen ted the second approac h, the pattern recognition

approac h.

2.2 Liner Predictv e Co e�cien ts (LPC) Mo del for

Sp eec h Recognition

The �rst task of the P attern recognition approac h is to parametrically represen t the

sp eec h signal. Among the di�eren t p ossibilities to represen t the sp eec h parametrically ,

sp ectral en v elop for short duration of the sp eec h is probably the b est. The function

of feature measuremen t blo c k in �gure 2.2 is to represen t the sp eec h signal in terms

of compact, e�cien t set of sp eec h parameters.

2.2.1 In tro duction

The theory of linear prediction [13] as applied to sp eec h, has b een w ell understo o d

for man y y ears. F ollo wing are some of the reasons underlying the widespread usage

of LPC.

1. LPC pro vides a go o d mo del of sp eec h signal and pro vides a go o d appro ximation

to the v o cal tract sp ectral en v elop. During the un v oiced and the transien t

regions of sp eec h, the LPC mo del is less e�ectiv e than for the v oice sp eec h, but

it still pro vides an acceptably useful mo del for sp eec h-recognition purp oses.

2. The w a y in whic h LPC is applied to the analysis of sp eec h signals leads to

a reasonable source-v o cal tract separation. This is imp ortan t for a sp eak er

indep enden t v oice recognition system.
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3. LPC is an analytically tractable mo del. The metho d of LPC is mathematically

precise and is simple and straigh tforw ard to implemen t.

4. The LPC mo del has b een sho wn to w ork w ell in v oice recognition applications

[4, 14 ].

2.2.2 The Mo del

In linear prediction, a sample in the signal is predicted as a linear com bination of

its past v alues. Let the predicted time series of the signal b e ^s

1

; ^s

2

; � � � ; ^s

n

and the

real signal b e s

1

; s

2

; � � � ; s

n

, then the predicted v alue ^s

i

of the i

th

sample is a linear

com bination of ( s

i � 1

; s

i � 2

; � � � ; s

i � p

), where p is called the order of the LPC mo del.

In LPC mo del, with an order p , only p co e�cien ts are needed. These co e�cien ts can

b e computed b y solving a set of equations whic h are w ell do cumen ted in the standard

texts [13, 19 ]. This LPC co e�cien t v ector is sp ectral appro ximation of the sp eec h

signal.

2.3 V ector Quan tization

2.3.1 In tro duction

The LPC co e�cien t v ectors are generated for the w a v eform on a short time basis.

These v ectors are ho w ev er v ery large. A tec hnique of v ector quan tization helps in

reducing this space. In v ector quan tization, a table called co de b o ok of �nite size is

main tained. Eac h en try of the co de b o ok is a v ector. The sp ectral LPC v ectors are

then mapp ed on to one of these v ectors and only the index is used to represen t the

w a v eform instead of the en tire LPC v ector.

F or v ector quan tization, it is necessary to ha v e a measuremen t of dissimilarit y b et w een

the t w o v ectors. W e exp ect suc h dissimilarit y measure to con�rm to the kno wn

linguistic c haracteristics.

2.3.2 Distance Measure Criterion

Let x; y b e t w o feature v ectors de�ned on a v ector space � . W e de�ne a metric or

distance function d on the v ector space � as a real-v alued function with the follo wing
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prop erties.

1. Positive de�niteness: 0 � d ( x; y ) < 1 for x; y 2 � and d ( x; y ) = 0 if and only

if x = y

2. Symmetry: d ( x; y ) = d ( y ; x ) for x; y 2 �

3. T riangle ine quality: d ( x; y ) � d ( x; z ) + d ( y ; z ) for x; y ; z 2 �

4. Invarianc e: d ( x + z ; y + z ) = d ( x; y )

2.3.3 V Q training and classi�cation structure

T o build a V Q co deb o ok and implemen t a V Q analysis pro cedure, w e need the fol-

lo wing:

CLUSTERING 
ALGORITHM

CODE BOOK

TRAINING SET

OF VECTORS

{V1,V2,...,V  }
L

CODE BOOK
INDICES

QUANTIZER

d(. , .)

d(. , .)

INPUT SPEECH VECTORS

M=2  VECTORS
B

Figure 2.3: V ector quan tization training and classi�cation structure

1. A large set of sp e ctr al ve ctors , v

1

; v

2

; � � � ; v

L

, whic h form a training set. The

training set is used to create the optimal set of co de b o ok v ectors for represen ting

the sp ectral v ariabilit y observ ed in the training set.

2. A distanc e me asur e b et w een a pair of sp ectral analysis v ectors so as to b e able

to cluster the training set v ectors as w ell as to classify arbitrary sp ectral v ectors

in to unique co de b o ok en tries.
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3. A c entr oid c omputation pro cedure. On the basis of the partitioning that classi-

�es the training v ectors in to the M clusters, w e c ho ose the M co deb o ok v ectors

as the cen troid of eac h of the M clusters.

4. A classi�c ation pr o c e dur e for arbitrary sp eec h sp ectral analysis v ectors that

c ho oses co deb o ok v ector closest to the input v ector and uses the co deb o ok

index as the resulting sp ectral represen tation.

2.3.4 Clustering the T raining V ectors

The w a y in whic h set of L training v ectors can b e clustered in to set of M co deb o ok

v ectors is as follo ws.

� K-me ans Clustering A lgorithm [14]

1. Initialization: Arbitrarily c hose M training v ectors as the initial set of co de

w ords in the co deb o ok.

2. Nearest-Neigh b or Searc h: F or eac h training v ector, �nd the co dew ord in

the curren t co deb o ok that is closest as measured b y the distance measure,

and assign that v ector to the corresp onding cluster, asso ciated with closest

co de w ord.

3. Cen troid Up date: Up date the co de w ord in eac h cluster using the cen troid

of the training v ectors assigned to that cluster.

4. Iteration: Rep eat the steps 2 and 3 un til the relativ e of a v erage distance

of all training v ectors to their corresp onding co de w ord falls b ello w some

threshold.

� Binary Split A lgorithm [14]

Instead of starting directly with the M initial arbitrary training v ectors, binary

split algorithm starts with one initial v ector and ac hiev es co deb o ok of size M

after l og

2

M steps. A t eac h step it applies K-me ans clustering algorithm to

ac hiev e the optim um co deb o ok en tries. Then it splits eac h co deb o ok v ector

in to t w o, giving double the size of presen t co deb o ok en tries. These newly split

en tries are used as initial v ectors for the next step.
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2.4 The Hidden Mark o v Mo del

Hidden Mark o v Mo del (HMM) [15] approac h is a widely used statistical metho d

for c haracterizing the sp ectral prop erties of the frames of a pattern. The underlying

assumption of HMM is that the sp eec h signal can b e w ell c haracterized as a parametric

random pro cess, and that the parameters of the sto c hastic pro cess can b e determined

(estimated) in a precise and w ell de�ned manner.

2.4.1 De�nition

Hidden Markov Mo del is a doubly em b edded sto c hastic pro cess with an underlying

sto c hastic pro cess that is not directly observ able (it is hidden) but can b e observ ed

only through another set of sto c hastic pro cesses that pro duce the sequence of obser-

v ations.

A hidden Mark o v mo del is collection of states connected b y transitions. Eac h state

carries t w o sets of probabilities: a set of transition probabilities, whic h pro vides the

probabilities of transitions from this state to all the states; and output probabilies

whic h de�ne the conditional probabilit y of emitting eac h output sym b ol if the system

is in that state. Figure 2.4 sho ws an example of a HMM with t w o output sym b ols, A

and B.

1.00.6

A  0.8

B  0.2

A  0.3

B  0.7
1 2

0.4

Figure 2.4: A simple HMM with t w o states and and t w o output sym b ols, A and B

Giv en an observ ation sequence (a string of A's and B's for the example in �gure

2.4) generated b y a HMM, w e ho w ev er cannot determine the exact state transition

sequence. This is b ecause in eac h state the output sym b ol is not unique (in con trast

with the Mark o v c hain). The output sym b ol is again a random v ariable. So, for a

giv en observ ation sequence, w e cannot see the underlying pro cess. Hence this mo del
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has the Hidden Mark o v Mo del.

A HMM is c haracterized b y the follo wing:

1. N , the n um b er of states in the mo del. W e denote the individual states as

S = f S

1

; S

2

; � � � ; S

n

g , and the system state at time t as q

t

2. M , the n um b er of distinct observ ation sym b ols p er state, i.e., the discrete al-

phab et size. W e denote the individual sym b ols as V = f v

1

; v

2

; � � � ; v

m

g .

3. The transition probabilit y distribution A = f a

ij

g , where eac h a

ij

is the tran-

sition probabilit y from state S

i

to state S

j

. Clearly , a

ij

� 0 ; 8 i; j and

P

j

a

ij

= 1 ; 8 i

4. The observ ation sym b ol probabilit y distribution B = b

j k

, where eac h b

j k

is the

observ ation sym b ol probabilit y for sym b ol v

k

, when the system is in the state

S

j

. Clearly , b

j k

� 0 ; 8 j; k and

P

k

b

j k

= 1 ; 8 j

5. The initial state distribution � = f �

i

g , where �

i

= P [ q

1

= S

i

] ; 1 � j � N

W e can sp ecify an HMM mo del as � = ( A; B ; � ; M ; N ; V ). In this thesis w e ho w ev er

represen t � = ( A; B ; � ) and assume M , N and V to b e implicit.

2.4.2 Use of HMM in Sp eec h Recognition

HMM can b e used to mo del a unit of sp eec h, whether it is a phoneme, or a w ord, or

a sen tence. LPC analysis follo w ed b y the v ector quan tization of the unit of sp eec h,

giv es a sequence of sym b ols (V Q indices). HMM is one of the w a ys to capture the

structure in this sequence of sym b ols. In order to use HMMs in sp eec h recognition,

w e should ha v e some means to ac hiev e the follo wing.

� Evaluation: Giv en the observ ation sequence O = o

1

; o

2

; � � � ; o

T

, and a HMM

� = ( A; B ; � ), to e�cien tly compute P ( O j � ), the probabilit y of the observ ation

giv en the HMM.

� De c o ding: Giv en the observ ation sequence O = o

1

; o

2

; � � � ; o

T

, and a HMM

� = ( A; B ; � ), to c ho ose a corresp onding state sequence Q = q

1

; q

2

; � � � ; q

T

whic h is optimal in some meaningful sense, giv en the HMM.

� T r aining: T o adjust the HMM parameters � = ( A; B ; � ) to maximize P ( O j � ).
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The follo wing are some of the assumptions in the hidden Mark o v mo deling for sp eec h.

� Successiv e observ ations (frames of sp eec h) are indep enden t, and therefore the

probabilit y of sequence of observ ations P ( o

1

; o

2

; � � � ; o

T

) can b e written as a

pro duct of probabilities of individual observ ations, i.e.,

P ( o

1

; o

2

; � � � ; o

T

) = �

T

i =1

P ( o

i

)

� Markov assumption: The probabilit y of b eing in a state at time t, dep ends only

on the state at time t-1

Ev aluation

Evaluation is to �nd probabilit y of generation of a giv en observ ation sequence b y a

giv en mo del. The recognition result will b e the sp eec h unit corresp onding to the

mo del that b est matc hes among the di�eren t comp eting mo dels. No w w e ha v e to

�nd P ( O j � ), the probabilit y of observ ation sequence O = ( o

1

; o

2

; � � � ; o

T

) giv en the

mo del � i.e., P ( O j � ).

One could, in principle compute P ( O j � ) b y computing the join t probabilit y , P ( O ; q j M )

for eac h p ossible state sequence, q, of length T and then summing o v er all state se-

quences. Computationally this metho d is v ery costly . Ho w ev er, there is an e�cien t

w a y of computing this probabilit y using forwar d and b ackwar d probabilities.

F orw ard-Bac kw ard Algorithm [15]

� The F orwar d Pr ob abilities: consider the forw ard v ariable �

t

( i ) de�ned as

�

t

( i ) = P ( o

1

o

2

� � � o

t

; q

t

= i j � ) (1)

that is, the probabilit y of the partial observ ation sequence, o

1

o

2

� � � o

t

(un til time

t) and state i at time t , giv en the mo del � . W e can solv e for �

t

inductiv ely , as

follo ws:

1. Initialization:

�

1

( i ) = �

i

b

i

( o

1

) 1 � i � N (2)

2. Induction :

�

t +1

( j ) =

"

N

X

i =1

�

t

( i ) a

ij

#

b

j

( o

t +1

) 1 � t � T � 1 ; 1 � j � N (3)

where N is the n um b er of states in the mo del.
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� The Backwar d Pr ob abilities: Consider the bac kw ard v ariable �

t

( i ) de�ned as

�

t

( i ) = P ( o

t +1

o

t +2

� � � o

T

j q

t

= i; � ) (4)

that is, the probabilit y of the partial observ ation sequence from t + 1 to the

end, giv en state i at time t and the mo del � . Again, w e can solv e for �

t

( i )

inductiv ely as follo ws

1. Initialization:

�

T

( i ) = 1 ; 1 � i � N (5)

2. Induction:

�

t

( i ) =

N

X

j =1

a

ij

b

j

( o

t +1

) �

t +1

( j ) ; (6)

t = T � 1 ; T � 2 ; � � � ; 1 ; 1 � i � N

The t w o forwar d and b ackwar d probabilities can b e used to compute P ( O j � ) according

to

P ( O j � ) =

n

X

i =1

N

X

j =1

�

t

( i ) a

ij

b

j

( o

t +1

) �

t +1

( j ) (7)

for an y t suc h that 1 � t � T � 1. Equations (3) to (7) are referred to as forwar d-

b ackwar d algorithm .

Setting t = T � 1 in (7) giv es

P ( O j � ) =

N

X

i =1

�

T

( i ) (8)

so that the probabilit y , P ( O j � ) can b e calculated form forwar d pr ob abilities alone.

Similarly P ( O j � ) can b e calculated from b ackwar d pr ob abilities alone, b y setting t = 1.

P ( O j � ) =

N

X

i =1

�

i

b

i

( o

1

) �

1

( i ) (9)

Deco ding

Deco ding is to �nd the single b est state sequence, Q = ( q

1

; q

2

� � � q

T

), for the giv en

observ ation sequence O = ( o

1

o

2

� � � o

T

). Consider �

t

( i ), de�ned as

�

t

( i ) = max

q

1

; q

2

; ��� q

t � 1

P [ q

1

q

2

� � � q

t

= i; o

1

o

2

� � � o

t

j � ] (10)
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that, is �

t

( i ) is the b est score along single path, at time t , whic h accoun ts for the t

observ ations and ends in state i . By induction, w e ha v e

�

t +1

( j ) =

�

max

i

�

t

( i ) a

ij

�

b

j

( o

t +1

) (11)

The complete pro cedure is as follo ws

The Viterbi Algorithm [15]

1. Pr epr o c essing:

~�

i

= log( �

i

) ; 1 � i � N

~

b

i

( o

t

) = log [ b

i

( o

t

)] ; 1 � i � N ; 1 � t � T

~a

ij

= log( a

ij

) ; 1 � i; j � N

2. Initialization:

~

�

1

( i ) = log( �

1

( i )) = ~�

i

+

~

b

i

( o

1

) ; 1 � i � N

 

1

( i ) = 0 ; 1 � i � N

3. R e cursion

~

�

t

( j ) = log( �

t

( j )) = max

1 � i � N

h

~

�

t � 1

( i ) + ~a

ij

i

+

~

b

i

( o

1

)

 

t

( j ) = arg max

1 � i � N

h

~

�

t � 1

( i ) + ~a

ij

i

2 � t � T ; 1 � j � N

4. T ermination

~

P

�

= max

1 � i � N

h

~

�

T

( i )

i

q

�

T

= arg max

1 � i � N

h

~

�

T

( i )

i

5. Backtr acking

q

�

t

=  

t +1

( q

�

t +1

) ; t = T � 1 ; T � 2 ; � � � ; 1

The arra y q

�

con tains the required b est state sequence.
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Learning

Learning is to adjust the mo del parameters ( A; B ; � ) to maximize the probabilit y

of the observ ation sequence giv en the mo del. It is the most di�cult task of the

Hidden Mark o v Mo deling, as there is no kno wn analytical metho d to solv e for the

parameters in a maxim um lik eliho o d mo del. Instead, an iterativ e pro cedure should

b e used. Baum-Welch algorithm [15] is the extensiv ely used iterativ e pro cedure for

c ho osing the mo del parameters. In this metho d w e start with some initial estimates

of the mo del parameters and mo dify the mo del parameters to maximize the training

observ ation sequence in an iterativ e manner till the mo del parameters reac h a critical

v alue. W e de�ne the v ariables �

t

( i; j ) and 


t

( i ) as,

�

t

( i; j ) is the probabilit y of b eing in state i at time t , and state j at time t + 1, giv en

the mo del and observ ation sequence.

�

t

( i; j ) = P ( q

t

= i; q

t +1

= j j O ; � )

�

t

( i; j ) =

�

t

( i ) a

ij

b

j

( o

t +1

) �

t +1

( j )

P

N

i =1

P

N

j =1

�

t

( i ) a

ij

b

j

( o

t +1

) �

t +1

( j )

(12)

where �

t

( i ) a

ij

b

j

( o

t +1

) �

t +1

( j ) is equal to P ( q

t

= i; q

t +1

= j; O j � ).




t

( i ) is the probabilit y of b eing in the state i at time t , giv en the observ ation sequence

O , and the mo del �




t

( i ) = P ( q

t

= i j O ; � )




t

( i ) =

�

t

( i ) �

t

( i )

P

N

i =1

�

t

( i ) �

t

( i )

(13)

where �

t

( i ) �

t

( i ) is equal to P ( O ; q

t

= i j � )

By the de�nition of the v ariables �

t

( i; j ) and 


t

( i ), the follo wing relations are true,




t

( i ) =

N

X

j =1

�

t

( i; j )

T � 1

X

t =1




t

( i ) = expected number of tr ansitions f r om state i in O

T � 1

X

t =1

�

t

( i; j ) = expected number of tr ansitions f r om state i to state j in O

Using the ab o v e form ulas and the concept of coun ting the ev en t o ccurrence, the

parameters of the mo del � = ( A; B ; � ) can b e re-estimated as

~

� = (

~

A;

~

B ; ~� ), as
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follo ws.

~�

i

= 


1

( i ) (14)

~a

ij

=

P

T � 1

t =1

�

t

( i; j )

P

T � 1

t =1




t

( i )

(15)

~

b

j

( k ) =

P

T � 1

t =1 s:t o

t

= v

k




t

( i )

P

T � 1

t =1




t

( i )

(16)

It has b een pro v ed that one of the follo wing t w o statemen ts is true for � and

~

�

1. The initial mo del � de�nes a critical p oin t of the lik eliho o d function in whic h

case � =

~

� .

2. mo del

~

� is more lik ely than the mo del � , in the sense that P ( O j

~

� ) > P ( O j � ).

In case (1), w e stop the iterativ e pro cedure declaring � as the �nal trained mo del

for the observ ation sequence O . In case (2), w e replace the the mo del � b y

~

� as

the initial mo del for the next iteration. The iteration is stopp ed when

P ( O j

~

� ) � P ( O j � )

P ( O j � )

reac hes some minim um v alue and then the mo del,

~

� is declared as the �nal trained

mo del for the observ ation sequence O .

18



Chapter 3

Design and Implemen tation

In this c hapter w e discuss the design and implemen tation issues of realizing eac h stage

of our basic recognizer. W e also presen t relev an t exp erimen tal results where ev er they

are required for justi�cation and understanding.

3.1 W ord End P oin ts Detection

F or isolated w ord recognition, it is assumed that the the w ords are sp ok en with a

su�cien t pause so that no t w o successiv e w ords o v erlap with eac h another. Giv en

an input sp eec h, the problem of �nding the w ord b oundaries in the time domain is

w ord-detection problem. W ord b oundaries are detected b y c haracterization of the

energy c hanges o v er time. In our w ork, the end-p oin t detection algorithm is similar

to the one giv en b y Wilp on etc. [18]. Ho w ev er w e ha v e ev olv ed the algorithm b y

the exp erience of man ual editing of the end p oin ts and b y di�eren t trial and error

exp erimen ts with the sp eec h of 100 sp eak ers. Figure 3.1 is the sp eec h signal of a

t ypical sp eak er sampled at the rate of 7 : 2 K H z . The next �gure 3.2 is the plot of

the energy of the sliding frame of the corresp onding signal. The size of the frame is

300 samples and the slide is 100 samples. Starting with the initial 300 samples as the

�rst frame, at ev ery step energy of the frame is calculated and the frame is mo v ed

100 samples forw ard. This w a y the energy is plotted for the sp eec h signal in �gure

3.2 and others.

The sp eec h signal in �gure 3.1 con tains �v e isolated w ords, whic h are the sp ok en
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Figure 3.1: T elephone qualit y Sp eec h signal of a sp eak er sampled at 7.2 KHz for digits

0 ; 1 ; 2 ; 3 ; 4

digits 0 ; 1 ; 2 ; 3 and 4. The small spik es are due to the presence of noise. By correlat-

ing the sp eec h signal and its corresp onding energy plot w e can easily guess that the

energy can b e used as a feature to determine the w ord b oundaries. T o start with, w e

can form ulate the algorithm to detect a w ord as a group of consecutiv e frames where

the log of energy of eac h frame is ab o v e a threshold. While a high threshold can b e

used to a v oid noise, some end p oin ts will not b e recognized. Similarly a lo w threshold

ma y result in recognizing noise as a w ord. T o resolv e this, a minim um n um b er of

frames criteria is in tro duced in-order to qualify a group of consecutiv e frames as a

w ord. Though the duration of noise is small in the case of noise lik e mouth clic k

and switc hing, it is lik ely to b e long enough to qualify as a w ord. An example is

long hea vy breathing noise. T o deal with suc h t yp e of cases, a second higher lev el of

threshold is in tro duced. The observ ation is that in most of the cases the maxim um

energy of a frame in the noise is m uc h less than the maxim um energy of a frame of

an y sp ok en w ords unless the bac kground noise is as strong as the sp eec h itself. With

this new additional criteria, it is p ossible to detect the w ord close to the real end

p oin ts unless the noise itself is as strong as the sp eec h.
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Figure 3.2: Energy of the sliding frame of size=300 samples, sliding size=100 samples

o v er the sp eec h signal in �gure 3.1
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Figure 3.3: T elephone qualit y Sp eec h signal of the same sp eak er sampled at 7.2 KHz

for digits 5 ; 6 ; 7 ; 8 ; 9
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Figure 3.4: Energy of the sliding frame of size=300 samples, sliding size=100 samples

o v er the sp eec h in �gure 3.3

Ho w ev er this criterion fails in some cases, for example, consider the sp eec h signal

and corresp onding frame energy plot in the �gures 3.3 and 3.4. These �gures corre-

sp ond to the digits 5 ; 6 ; 7 ; 8 and 9 resp ectiv ely . In the �gure 3.4, t w o energy bands

that app ear b et w een the frame n um b ers 800 and 900 corresp ond to the digit six and

the other t w o energy bands that app ear b et w een the frame n um b ers 1050 and 1150

corresp ond to the sp ok en digit eight . The second thinner band in these t w o pairs

corresp ond to 'IX' of the sp ok en digit six and 'T' of the sp ok en digit eight resp ec-

tiv ely . Under our criterion, these small bands will b e dropp ed or at b est recognized

as a separate w ord. Ho w ev er, these p ortions in the digits six and eight are critical for

go o d recognition rate. In our exp erimen ts in ab out 50% of the cases these t w o digits

app ear as t w o di�eren t bands in the energy plot. The n um b er of frames b et w een the

t w o successiv e bands of the same w ord is considerably less than that b et w een t w o

consecutiv e w ords. Addition of this heuristic in our criterion w orks v ery w ell. In our

exp erimen t, with this new heuristic, 'IX' p ortion of the sp ok en digit six is dropp ed

in one amongst 90 sp eak ers and 'T' p ortion of the sp ok en digit eight is dropp ed for

4 amongst 90 sp eak ers. In our algorithm, w e restricted the n um b er of energy pulses
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within a single utterance to a maxim um of t w o, whic h is go o d enough in case of

digit recognition. Out of 873 digits osp ok en b y 90 sp eak ers, 17 digits w ere sp ok en in

connected fashion, and w ere not isolated in the sp eec h. Out of 856 isolated digits,

844 digits w ere detected without an y t yp e of error, 6 digits w ere detected but the end

p oin ts w ere not placed exactly and 6 digits w ere not detected. The total n um b er of

digits that are detected are 850 out of 856, whic h is 99.3% . These undetected w ords

are mainly due to v ery lo w v olume at whic h they w ere sp ok en.

Figures 3.5, 3.6, and 3.7 depict the �nite state mac hine whic h implemen ts the w ord

detection algorithm. The algorithm is designed in suc h a w a y that b oth the w ord-

detection and recognition can go sim ultaneously running in t w o di�eren t pro cesses.

As so on as the w ord-detection pro cess en ters the state 4, it can start sending the

frames to the Recognition pro cess for further pro cessing an ticipating it to b e a w ord.

Later when the w ord-detection pro cess �nds a wrong detection of the w ord, it can

then notify the recognition pro cess to either retain it or discard it. This design is

due to our initial mind-set to let w ord-detection and rest of the recognition to go

on parallel. Authors J. G. Wilp on, L. R. Rabiner in their article [18], prop ose to

examine the whole sp eec h of that particular recording to determine minim um energy

lev el frame as the mean noise lev el and then dep ending on that set the �rst and

second lev el thresholds of energy . Since w e ha v e decided that our algorithm should

detect the w ords online, the �rst lev el threshold is determined prior to the start of the

recording. F or this w e examined the sp eec h con taining around 2300 sp ok en digits,

and then �xed the �rst and the second lev els of thresholds. In order to qualify a

group of consecutiv e frames, in our algorithm, at least four consecutiv e frames should

cross the second lev el threshold. J.G.Wilp on etc.[17] rep orted w ord-detection rate of

98%, as opp osed to ours ( 99.3% ).

State Diagram for the W ord-detection Algorithm

Figures 3.5 to 3.6 depict the �nite state diagram for the w ord-detection algorithm

describ ed ab o v e. Here w e explain the terms used in the �nite state diagram and a

brief explanation of it.

� F C : Global frame coun t

� E : Energy of the curren t frame

� PE : Energy of the previous frame
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� b ar : It is used alternativ ely for the term pulse

� LthCF C : Lo w threshold consecutiv e frame coun t

� HthCF C : High threshold consecutiv e frame coun t

� MaxHthCF C : Maxim um High threshold consecutiv e frame coun t within a w ord

� L ThE : Lo w threshold energy

� HThE : High threshold energy

� ThickBarL ThE : L ThE for Thic k energy pulse

� ThinBarL ThE : L ThE for Thin energy pulse

� Wor dPending : if TR UE, this 
ag indicates that a thic k pulse has b een recog-

nized as w ord and w aiting to recognize the end p oin t. This indicates that the

algorithm is lo oking for thin pulse, within the allo w ed scop e, to determine the

end p oin t

The follo wing is the brief explanation of the state diagram.

� The statemen ts under eac h state are executed b y the system in that state

� The lo op co v ering the states 4 and 5 coun ts the n um b er of lo w threshold con-

secutiv e frame coun t

� The lo op co v ering the states 7, 8 and 9 coun ts the n um b er of high threshold

consecutiv e frame coun t

� states 2 a and 2 b con trols whic h thresholds to b e used b y the coun ting lo ops.

This is b ecause w e are using di�eren t lo w and high thresholds for thic k and thin

energy bands.

� The system will b e in states 1 and 2 � when the frame energies are b elo w b oth

the thresholds.

� State 2 b collect the w ord b oundaries if the thin energy band is not found within

the sp eci�ed scop e.

� State 20 a collects the w ord b oundaries when a thin band also quali�es its thresh-

old energy frame coun t criterion. This state restricts n um b er of thin bands to

a maxim um of one.
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S 1

can't get frame

PE=E=0

LthCFC=0

HThCFC=0

MaxHThCFC=-1

else

E=GetNextFrameEnergy();

FC++

for thin bar

ifLooking

If Thin Bar 

Scope Over

else

LThE=LThinBarThEWordStop=FC

LThE=LThickBarThE

WordPending=FALSE

Collect Boundaries(); 

0 1

2 2a 2c 2d2b

F1

LThE = ThickBarLThE

WordFrames=0

FC=-1

Figure 3.5: Finite State Diagram of W ord detection algorithm
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else

can't get frame
else

if E<LThE if

if  Not Word Pending

WordStart=FC

E> HThE

HThCFC ++

else

otherwise

E=GetNextFrameEnergy()

HThCFC = 0

E < LThE

LThCFC ++

MAX(MaxHThCFC, HThCFC)

MaxHThCFC =

LThCFC ++

if E>HThE

3 4 F112d

5 6 20 7 8

Figure 3.6: Finite State Diagram of W ord detection algorithm (con t'd. from 3.5)
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E=GetNextFrameEnergy()

cant' get frame

else

LThE < E < HThE

E >= HThE

pending

if word

else

else

if EXIT

E < LThE

4

EXIT

8 9 7 F1

20 20b 20c 020a

if thin bar thresholds FC satisfy
WordPending = TRUE

if thick bar thresholds FC satisfy

EXIT=1

CollectBoundaries(); and
WordPending = FALSE

Figure 3.7: Finite State Diagram of W ord detection algorithm (con t'd. from 3.6)
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3.2 LPC

In this section w e describ e the implemen tation of LPC prepro cessor, whic h computes

LPC and LPC deriv ed cepstral co e�cien ts. W e also presen t the exp erimen tal results

to select the order of the LPC.

3.2.1 LPC Prepro cessor

The o v erall function of the LPC prepro cessor is to generate feature v ector for ev ery ten

milliseconds of sp eec h signal. This feature v ectors are later used b y v ector quan tizer

for further pro cessing. In the feature v ector w e generate LPC co e�cien ts ( A

m

( t )),

Cepstral co e�cien ts ( C

m

( t )), W eigh ted cepstral co e�cien ts(

^

C

m

( t )) and di�eren tial

cepstral co e�cien ts( 4

^

C

m

).

In this subsection di�eren t phases of LPC prepro cessor (�gure 3.8) are brie
y

explained. The theoretical bac kground for this is a v ailable in v arious references ( [14],

[3], [13]).

CONVERSION
PARAMETER 

PREEMPHASIS

AUTOCORRELATION ANALYSISLPC ANALYSIS

  FRAME  BLOCKING WINDOWING

WEIGHTING
PARAMETER 

DERIVATIVE
TEMPORAL

S(n) S(n)

X  (n)

R  (t)

t

~

m

W(t)

C   (t)

A  (t)m

m
C   (t)m C   (t)m

^^

~

tX  (n)

Figure 3.8: LPC prepro cessor

PREEMPHASIS : The digitized sp eec h signal S ( n ), is put through a a �rst-order

F I R �lter, to sp ectrally 
atten the signal and to mak e it less susceptible to �nite

precision e�ects later in the signal pro cessing. the computation p erformed at

this stage are,

^

S ( n ) = S ( n ) � aS ( n ) ( a is tak en to b e b et w een 0 : 9 and 1 : 0 )
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whic h refers to a transfer function,

H ( z ) = 1 � az

� 1

FRAME BLOCKING : The preemphasized sp eec h signal is con v erted in to frames

of subsequen t samples. F or this windo w size is equal to n um b er of samples in

30 ms of sp eec h. Neigh b oring frames o v erlap with n um b er of samples in 20 ms

of sp eec h.

WINDO WING : Eac h individual frame is windo w ed to minimize the signal dis-

con tin uities at the b eginning and the end of eac h frame. W e use the hamming

windo w for this whic h is transfer function,

W ( n ) = 0 : 54 � 0 : 46 cos (2 � n= ( N � 1)) 0 < = n < = N (1)

A UTOCORRELA TION ANAL YSIS : Eac h frame of the windo w ed signal is

next auto correlated to get the correlation co e�cien ts using the follo wing for-

m ula.

R ( m ) =

P

N � l � m

n =0

S ( n ) S ( n + m ) m = 0 ; 1 ; : : : ; p

LPC ANAL YSIS : In this step, w e con v ert eac h frame of p + 1 auto correlations

in to LPC p ar ameter set . The LPC parameter set, whic h is the set of �lter

co e�cien ts, can b e obtained b y solving the set of auto correlation equations as

describ ed earlier.

LPC P arameter Con v ersion to Cepstral Co e�cien ts : LPC cepstral co e�cien ts

set is a v ery imp ortan t parameter and can b e directly deriv ed from the LPC

co e�cien ts. Cepstral co e�cien ts are co e�cien ts of F ourier transform represen-

tation of log magnitude sp ectrum. Cepstral co e�cien ts are most robust and

reliable [14 ] among all the forms of LPC co e�cien ts. Our exp erimen ts ha v e

also giv en considerably go o d p erformance when cepstral co e�cien ts are used.

The cepstral con v ersion is sp eci�ed as follo ws.

C

0

= E

0

= R

0

(2)

C

1

= � A

1

(3)
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C

i

= � A

i

�

i � 1

X

k =1

i � k

i

C

i � k

A

k

; 2 � i � p (4)

C

i

= �

i � 1

X

k =1

i � k

i

C

i � k

A

k

; i > p (5)

Generally , the size of cepstrum co e�cien t v ector, q is c hose according to q ' 3 p

P arameter W eigh ting or Littering : The lo w er order cepstral co e�cien ts are

sensitiv e to o v erall sp ectral slop e and the higher order cepstral co e�cien ts are

sensitiv e to the noise. The w eigh ting function W

t

( m ), essen tially deemphasizes

the lo w er and higher order cepstral co e�cien ts i.e around m = 1 and m = q ,

b y bandpass liftering, i.e, �ltering in the cepstral domain. It is describ ed as

follo ws.

^

C

m

= W

t

( m ) C

m

; 1 � m � q (6)

W

t

( m ) =

"

1 +

q

2

sin

 

� m

q

!#

; 1 � m � q (7)

T emp oral Cepstral deriv ativ es : It has b een observ ed that di�eren tial parame-

ters are useful when they are used along with ordinary cepstral co e�cien ts. This

is b ecause while the absolute forman t lo cations are sensitiv e to the sp eak er v ari-

ation, the forman t slop es are relativ ely less sensitiv e to the sp eak er v ariation.

W e therefore compute and use the di�eren tial co e�cien ts �

^

C

m

( t ) along with

C

m

( t ) in our system.

3.2.2 LPC order selection

In this section w e describ e ho w w e selected the v alues for LPC parameters. F or this

w e examined the linear prediction that appro ximated the real sp ectrum of the sp eec h

and ho w it c hanged with the increase of the order of the LPC. In �gures 3.9 to 3.15

w e sho w the FFT of a frame in sp ok en digit six of a particular sp eak er in I ITKdigit

1

database. The brok en line in eac h �gure sho ws the LPC predictor sp ectrum. As

w e can see in the see �gures, the appro ximation impro v es with the order of the

LPC. The last �gure 3.15 is the b est appro ximated one, when LPC order is equal

to the n um b er of samples. The LPC smo othens the sp ectrum with the n um b er of

con trol p oin ts determined b y the order of the LPC. Visually , it is clear that the LPC

1

The details of this and other sp eec h databases are giv en in app endix A.
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order six or less is not a go o d appro ximation. F rom LPC order eight and ab o v e, the

sp ectrum appro ximation seems reasonably go o d and impro ving. In our exp erimen ts,

recognition results are b etter near LPC order 12 ( see tables 3.1 and 3.2). F urther

it is noticed that the recognition rate do es not v ary m uc h around the LPC order

12 (see table 3.2). Lo w order LPC �tted sp ectrum en v elops the long p eaks of the

actual sp ectrum without pic king the details of short p eaks of the sp ectrum. These

long p eaks con tain the sp eec h information and the short p eaks con tain the sp eak er

(pitc h) information. As the LPC order is increased, the short p eaks of the sp ectrum

whic h are not required for the sp eec h recognition are also pic k ed b y the LPC mo del.

This is the reason for decrease in recognition rate at LPC order 18 (see table 3.1).

The plots and the �nal results sho w that the LPC system can e�ectiv ely compress

the data for sp ectral information for sp eec h recognition. It could represen t sp ectrum

of 216 samples using 12 n um b ers, whic h is an order of magnitude smaller.
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Figure 3.12: P o w er sp ectrum of LPC of order 12 plotted against FFT represen ted
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Figure 3.13: P o w er sp ectrum of LPC of order 14 plotted against FFT represen ted

p o w er sp ectrum
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Figure 3.14: P o w er sp ectrum of LPC of order 16 plotted against FFT represen ted
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Figure 3.15: P o w er sp ectrum of LPC of order 216 plotted against FFT represen ted
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LPC order P ercen t Recognition

8 88.7

12 91.4

18 89.0

T able 3.1: Initial recognition results with I ITKdigitSp73to162 as training database

and I ITKdigitSp31to72 as testing database with cepstrum co de b o ok of size 512

LPC order P ercen t Recognition

10 82.96

12 82.5

16 82.9

T able 3.2: Initial recognition results with I ITKdigitSp0to72F as training database

and I ITKdigitSp0to72S as testing database with pure LPC co de b o ok of size 64

3.3 V ector Quan tization

As discussed earlier, v ector quan tizer is an imp ortan t step of the sp eec h recognition.

The HMM is built up on the the sequence of sym b ols whic h are the co de b o ok indices

coming from the v ector quan tizer. Th us ev en if the feature v ector is c hanged, the

HMM implemen tation remains unc hanged.

In this section, w e describ e in brief the t w o di�eren t v ector quan tizers, one based

on the pure LPC co e�cien ts and another one based on LPC deriv ed cepstral co e�-

cien ts. The basic mec hanism of the v ector quan tizer has already b een describ ed in the

c hapter 2. Here w e describ e the distance metric and cen troid computation. W e used

the I ITKdigitSp31to72 and I ITKdigitSp73to163 databases whic h generate a total of

83330 training v ectors.

3.3.1 V Q Based on Pure LPC co e�cien ts

In this metho d, the co de b o ok is generated using the pure LPC co e�cien ts. The

quan tizer uses only the sp ectral shap e information in generating the co de b o ok.

Distance Computation

W e ha v e used lik eliho o d-ratio-distance metric in our implemen tation of this quan-

tizer. The lik eliho o d-ratio-distance, d ( a

R

; a

T

), b et w een t w o LPC v ectors, a

R

and a

T
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is de�ned as,

d ( a

R

; a

T

) =

a

R

V

T

�a

R

a

T

V

T

�a

T

� 1 ; (8)

where V

T

is the auto correlation matrix of the frame that ga v e rise to the LPC v ector

a

T

.The auto correlation matrix V

T

is de�ned as follo ws [13].
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V ectors, �a

R

and �a

T

are transp ose of the LPC v ectors a

R

and a

T

resp ectiv ely . The

expression a

T

V

T

�a

T

is the residual error or the energy of the error signal. Since a

T

is

calculated using the least squares metho d, minimizing the error residual, the follo wing

expressions holds,

a

R

V

T

�a

R

� a

T

V

T

�a

T

(10)

and hence,

d ( a

R

; a

T

) � 0 (11)

Up dating Cen troid

In-order to compute the LPC v ector of the cen troid of a cell, correlation co e�cien ts for

the cen troid are calculated as the mean of the resp ectiv e auto correlation co e�cien ts

of all the mem b ers of the cell. Then, the Durbin's metho d describ ed in reference [13]

is used to compute the LPC co e�cien ts.

Quan tizer Sp ectrum Appro ximation Results

In �gures 3.16 to 3.19, w e presen t the sp ectrum represen ted b y the quan tizers of

v arying sizes. W e ha v e used the LPC order of 12 and the same frame that w as used

in the �gures 3.9 to 3.15. The �gures sho w the regenerated sp ectrum from the co de

b o ok after v ector quan tization in brok en line.
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Figure 3.17: The 12

th

order LPC v ector and its quan tized v ersions for co de b o ok of

size 128
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Figure 3.18: The 12

th

order LPC v ector and its quan tized v ersions for co de b o ok of

size 256
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size 512
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3.3.2 V Q Based on LPC Cepstrum co e�cien ts

Implemen tation of v ector quan tizer based on cepstrum co e�cien ts is relativ ely easy

as the distance and cen troid computations are simple. The computations remain the

same for distance and cen troid, whether the cepstral deriv ativ es used or not. Ho w ev er

the v ector length n is di�eren t.

Distance Computation

The distance d ( c; �c ), b et w een t w o cepstrum v ectors ( c

0

; c

1

; � � � ; c

n

) and ( � c

0

; �c

1

; � � � ; �c

n

)

is calculated as,

d ( c; �c ) =

n

X

i =0

( � c

i

� c

i

)

2

(12)

cen troid Up date

The cen troid computation for a cell con taining m cepstral v ectors is same as the

cen troid computation of m p oin ts of n -dimensional Eucledion space.

3.3.3 Co de b o ok and its size selection

In our w ork, w e c hose a v ector quan tization co de b o ok size of 512. The sp eec h recog-

nition based on cepstral co e�cien ts alw a ys outp erformed the sp eec h recognition based

on pure LPC co e�cien ts (see tables 3.3 and 3.4). The co de b o ok selection b et w een

the pure LPC based one and cepstrum based one is w as clearly indicated b y the ex-

p erimen tal results, as cepstral co e�cien ts based one has b een alw a ys outp erforming

the pure LPC based one. T able 3.3 sho ws the results of suc h an exp erimen t. while the

o v erall p erformance of cepstrum based recognizer is satisfactory o v er the pure LPC

based one, the p erformance for the digit six has b een v ery go o d whic h w as an im-

pro v emen t from 72.1% to 86.0%. So w e ha v e decided to go ahead with the cepstrum

based v ector quan tizer. The size of the co de b o ok for the cepstrum based v ector

quan tizer has b een c hosen as 512 based on the exp erimen tal results in the table 3.4.
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Sp ok en Num b er of Correctly Correctly

digit utterances recognized recognized

(pure LPC v ector (cepstrum v ector

of 18 co e�cien ts) of 18 co e�cien ts)

0 86 86 85

1 86 78 77

2 84 72 78

3 84 74 73

4 73 56 58

5 86 76 75

6 86 62 74

7 85 74 80

8 86 71 72

9 86 77 79

TOT AL 840 726 745

PER CENT 86.4 89.0

T able 3.3: Recognition results with I ITKSp73to162 as training database and

I ITKSp30to72 as test test database to select the quan tizer t yp e

Co deb o ok Size P ercen t Recognition

128 89.4

256 90.1

512 92.5

1024 92.4

T able 3.4: Recognition results with using cepstral co e�cien ts with v arying co de b o ok

size using I ITKdigitSp73to162 as training database and I ITKdigitSp30to72 as testing

database
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3.4 Hidden Mark o v Mo del

In this section w e discuss the implemen tation of the Hidden Mark o v Mo del.

3.4.1 Implemen tation Issues

HMM T yp e

In the exp erimen ts conducted b y the S. E. Levinson and others [11], the left-righ t

mo del p erformed sligh tly b etter than the unconstrained mo del. The left-righ t mo del

also pro vides ease of implemen tation and easy of c haracterization of the states to the

real utterance. W e therefore c hose the strict left-righ t mo del. It has the follo wing

additional constrain ts in the implemen tation.

1. The �rst observ ation is pro duced while the Mark o v c hain is in a distinguished

state, designated as q

1

. This implies that for the initial state distribution � , the

probabilit y of starting in an y other state is zero.

� = (1 ; 0 ; 0 ; � � � ; 0)

and � is not re-estimated.

2. The last observ ation is pro duced while the Mark o v c hain is in the distinguished

last state designated as q

N

. This implies,

�

T

( i ) =

8

<

:

1 if i=1

0 otherwise

for initialization part of the bac kw ard probabilities computation as describ ed in

c hapter 2.

3. Once the Mark o v c hain lea v es a state, that state can not b e revisited later. This

indicates that eac h state in the HMM mo dels a small con tin uous p ortion of the

sp eec h.

3.4.2 Num b er of Iterations and Stabilit y of P arameters

The transition probabilit y v ector and sym b ol probabilit y v ector for eac h state are

determined o v er a n um b er of iterations. The stabilit y of transition probabilit y v ector

with n um b er of iterations is giv en in �gure 3.20. Similarly sym b ol probabilit y v ector
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con v ergence is giv en in �gure 3.21 and con v ergence of log probabilit y of whole training

observ ation sequence is giv en in �gure 3.22. W e exp erimen ted the sp eec h recognition

rates with n um b er of iterations (�g. 3.23) and from that the b est recognition rates

are obtained around the iteration coun t b eing 15 or 50.

0.74

0.75

0.76

0.77

0.78

0.79

0.8

0 20 40 60 80 100

T
ra

ns
iti

on
 P

ro
ba

bi
lit

y 
(A

22
)

Iteration Number

Figure 3.20: T ransition probabilit y con v ergence with n um b er of iterations using

T rainDB=OGISp0to79, T estDB=OGISp80to149, LPC order=12, Cepstrum size=16,

V Q co de b o ok size=512

Num b er of States in HMM

In our exp erimen ts, the recognition rate has b een impro ving with the increase in the

n um b er of states of HMM. W e ha v e tested up to nine states and the recognition rate

w as maxim um with n um b er of states nine among the exp erimen ts conducted. Since,

there are other parameters to b e tuned for eac h c hange in the n um b er of states, w e

did not exp erimen t with larger n um b ers of states.

Initial Estimates

W e start with initial estimates for the mo del parameters, iterate reestimating these pa-

rameters to optimally train the HMM. There is no theoretical w a y either to determine
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Figure 3.23: P ercen t recognition with Num b er of Iterations; T rainDB=OGISp0to129,

T estDB=OGI130to149, LPC order=12, Cepstrum size=16, V Q co de b o ok size=128

No. of states in HMM P ercen t Recognition

6 84 : 8

7 84 : 5

8 87 : 24

9 88 : 2

T able 3.5: P ercen t recognition with n um b er of states with T rainDB=OGISp0to79,

T estDB=OGISp80to149, LPC order=12, Cepstrum size=16, V Q Co de b o ok size=64

or ensure the initial estimates to giv e the optim um �nal trained parameters. F rom

the information of the exp erimen tal results from the literature [10], [11] and [8], it is

eviden t that an y random initial estimates (sub jected to our statistical constrain ts) of

state distribution � , and transition probabilities a

ij

w ould result in correct parame-

ters after a few iterations. Ho w ev er the same is not true for the sym b ol probabilities.

A go o d initial estimates for sym b ol probabilities w ould giv e a b etter p erformance

of the sp eec h recognition. A go o d estimate is ac hiev ed b y man ually segmen ting the

observ ation sequence in to states. Ho w ev er a uniform probabilit y distribution for all

the observ ation sym b ols is go o d alternativ e for the initial estimates. Since it is easy

to start with uniform probabilities, w e ha v e used it as initial estimates of sym b ol
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probabilities. In summary the follo wing are the initial estimates w e ha v e used.

� Initial state distribution

� = (1 ; 0 ; 0 ; � � � ; 0)

� is not re-estimated as w e ha v e used left-righ t mo del.

� T ransition Probabilities

a

i

( j ) =

8

>

>

>

>

>

<

>

>

>

>

>

:

1 if i, j = N

0 : 8 if i=j

0 : 2 if j=i+1

0 otherwise

� sym b ol Probabilit y

b

ij

=

1

M

, where M is the n um b er of sym b ols in eac h state or (i.e. the co de

b o ok size).

3.4.3 the Basic Sp eec h Recognizer

The basic sp eec h recognition system uses the steps describ ed earlier. In this section

w e presen t the results for the basic sp eec h recognition system.

Sp ok en Num b er of Correct

digit utterances p ercen t 0 1 2 3 4 5 6 7 8 9

0 86 100.0 86 0 0 0 0 0 0 0 0 0

1 86 93.02 0 80 0 1 0 2 0 0 0 3

2 84 92.85 3 0 78 0 2 0 0 1 0 0

3 84 96.42 1 0 0 81 0 0 2 0 0 0

4 73 82.19 0 9 1 0 60 0 0 3 0 0

5 86 86.04 0 2 0 0 0 74 0 1 0 9

6 86 84.88 0 0 0 3 1 0 73 0 8 1

7 85 95.29 0 0 0 0 0 0 0 81 0 4

8 86 91.86 0 0 1 0 0 0 3 0 79 3

9 86 97.67 0 0 0 0 0 2 0 0 0 84

TOT AL 842 92.16

T able 3.6: Results for the basic sp eec h recognizer: T rainDB=I ITKSp73to162,

T estDB=I ITKSp30to72, LPC order =12, cepstrum size =16, co de b o ok size=512

The results in the table 3.6 are presen ted for telephone qualit y sp eec h. The train-

ing w as carried out using the sp eec hes of 90 sp eak ers and testing w as carried out with
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the sp eec hes of 40 di�eren t sp eak ers. It w as observ ed that the most of the fault y

recognitions are for the digit six whic h is recognized as eight , the digit �ve whic h is

confused as digit nine and digit four whic h is confused with one . In terestingly the

con v erse w as not true, that the recognition rate for the digits one , eight and nine are

not confused with the digits four , six and �ve resp ectiv ely . The recognition rate is

100% for digit zer o in the tested database.

Similar exp erimen t w as done with OGI database whic h is microphone (connected

directly to computer) qualit y database with lab oratory clean recording conditions.

As exp ected, the OGI database has sho wn higher recognition rate of 96.45% (table

3.7), whic h is almost 4.0% more than the telephone qualit y I ITK sp eec h database.

The exp erimen t w as also tried with in terc hanging the training and testing database

(table 3.8) with almost no di�erence in the recognition rate. The sp eec h recognition

rate is 99.84% when same database is used for b oth training and testing (table 3.9).

Sp ok en Num b er of Correctly Correct

digit utterances recognized p ercen t

0 65 64 98.46

1 65 65 100.0

2 65 58 89.23

3 65 63 96.92

4 65 64 98.46

5 64 62 96.87

6 65 63 96.92

7 65 62 96.87

8 65 63 96.92

9 65 62 96.87

TOT AL 649 626 96.45

T able 3.7: Results for the basic sp eec h recognizer: T rainDB=OGISp0to84,

T estDB=OGISp85to149, LPC order=12, cepstrum size=16, co de b o ok size=512
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Sp ok en Num b er of Correctly Correct

digit utterances recognized p ercen t

0 85 84 98.82

1 85 84 98.82

2 85 80 94.11

3 85 85 100.0

4 85 83 97.64

5 85 82 96.47

6 85 84 98.82

7 85 84 98.82

8 85 78 91.76

9 85 83 97.64

TOT AL 850 815 95.88

T able 3.8: Results for the basic sp eec h recognizer: T rainDB=OGISp85to149,

T estDB=OGISp0to84, LPC order =12, cepstrum size =16, co de b o ok size=512

Sp ok en Num b er of Correctly Correct

digit utterances recognized p ercen t

0 65 65 100.0

1 65 65 100.0

2 65 65 100.0

3 65 65 100.0

4 65 65 100.0

5 64 64 100.0

6 65 64 98.46

7 65 65 100.0

8 65 65 100.0

9 65 65 100.0

TOT AL 649 648 99.84

T able 3.9: Results for basic sp eec h recognizer: T rainDB=T estDB=OGISp85to149,

LPC order =12, cepstrum size =16, co de b o ok size=512
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Chapter 4

Exp erimen ts for W ord Rejection

and P erformance Fine T uning

With an encouraging result of 92.16% recognition, w e ha v e tried to dev elop heuristics

to remo v e the confusion among v arious pairs of digits ( eight and six , four and one , �ve

and nine ). W e �rst discuss our w ord rejection criterion b efore describing the other

�ne-tuning exp erimen ts. In this c hapter w e fo cus our exp erimen ts on the telephone

qualit y sp eec h databases collected at I IT Kanpur.

4.1 W ord Rejection

In an online system, sp eak ers ma y also sp eak w ords other than the sp ok en digits.

Suc h w ords should b e rejected without whic h they will map on to one of the digits.

This problem of w ord rejection is not trivial. The problem in form ulating the w ord

rejection criterion is that w e ha v e to use the digit probabilit y in the recognition whic h

itself is a function of n um b er of observ ation sym b ols and the duration of the utterance.

W e should some ho w normalize probabilit y score to n um b er of observ ation sym b ols in

the utterance. W e appro ximated normalized probabilit y ( N P ) in the follo wing w a y .

N P = P

1

N

(1)

Here P is the forw ard probabilit y score and N is the n um b er of observ ation sym b ols

in the utterance. W e observ ed that the normalized probabilit y of correctly recognized

w ords is signi�can tly higher than the incorrectly recognized w ords. The normalized
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probabilit y of incorrectly recognized w ords is signi�can tly less than that of correctly

recognized w ords. W e found another in teresting phenomenon describ ed as follo ws.

Let N P 0 ; N P 1 ; � � � ; N P 8 and N P 9 b e the normalized probabilities for a giv en ut-

terance calculated with the HMMs corresp onding to the digits 0 ; 1 ; � � � ; 8 and 9

resp ectiv ely . W e usually recognize the giv en utterance as the digit whose corresp ond-

ing normalized probabilit y is the highest. Let this highest probabilit y b e N P M ax 1.

Similarly ;et the second highest normal probabilit y b e denoted b y N P M ax 2. Then

w e de�ne D N P as the di�erence b et w een the t w o as follo ws,

D N P = N P M ax 1 � N P M ax 2 (2)

It w as seen that the D N P for an incorrectly recognized utterance is considerably

small compared to a correctly recognized utterance. The �gure 4.1 is plot of N P

and D N P of the utterances recognized as zero. The 'diamond' is plotted when the

utterance is actually ZER O and recognized as ZER O. The 'cross' is plotted when the

utterance is not actually ZER O but recognized as ZER O. In the category of 'cross' w e

included non-digit utterances and other sounds also, whic h are found in the record-

ing. Figures 4.2 to 4.10 are the similar plots for the digits ONE to NINE. F rom these

�gures w e can see that most of the incorrectly recognized utterances are lo cated near

the origin and x-axis. W e therefore imp osed additional criterion that the terms N P

and D N P should b e ab o v e some minim um individual thresholds. W e ha v e c hosen

these thresholds di�eren tly for di�eren t digits (table 4.1. This sc heme impro v es the

o v erall recognition con�dence lev el to 93.5%. The recognition and rejection results

are sho wn in the table 4.2, ignoring the non-digit input. All the data and results pre-

sen ted in this section are based on training database I ITKdigitSp73to162 and testing

done with the direct sp eec h recording sessions whic h are used to create the database

I ITKdigitSp31to72. Considering only the digit utterances, o v erall recognition rate

is 90.7%, in whic h 83.2% utterances are accepted and remaining 7.5% are rejected.

Among the 9.3% wrongly recognized utterances, 4.1% are are accepted and 5.2% are

rejected. It means when a digit is accepted, the con�dence lev el is 95.3%, whic h is a

signi�can t impro v emen t against 90.7% when rejection criterion is not used.

4.2 P erformance Fine-tuning

Our exp erimen ts to impro v e the p erformance of the recognition can b e classi�ed in to

t w o categories. In one category of exp erimen ts w e tried to impro v e the p erformance
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Figure 4.1: NP vs DNP plot when the recognition output is ZER O
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Figure 4.2: NP vs DNP plot when the recognition output is ONE
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Figure 4.3: NP vs DNP plot when the recognition output is TW O
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Figure 4.4: NP vs DNP plot when the recognition output is THREE
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Figure 4.5: NP vs DNP plot when the recognition output is F OUR
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Figure 4.6: NP vs DNP plot when the recognition output is FIVE
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Figure 4.7: NP vs DNP plot when the recognition output is SIX
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Figure 4.8: NP vs DNP plot when the recognition output is SEVEN
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Figure 4.9: NP vs DNP plot when the recognition output is EIGHT
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Figure 4.10: NP vs DNP plot when the recognition output is NINE
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Digit NP Threshold DNP Threshold

0 0.015 0.006

1 0.017 0.004

2 0.025 0.002

3 0.017 0.004

4 0.0145 0.003

5 0.012 0.001

6 0.0155 0.004

7 0.017 0.004

8 0.02 0.005

9 0.02 0.005

T able 4.1: NP and DNP thresholds used with I ITKdigitSp73to162 as training

database and T esting with direct recording

Digit Correctly W rongly W rongly Correctly

Digit Accepted Accepted Rejected Rejected

0 81 0 5 0

1 74 7 3 2

2 75 4 4 1

3 70 3 6 5

4 58 3 7 6

5 65 6 6 6

6 73 2 6 3

7 70 0 5 8

8 56 5 13 8

9 66 4 7 4

TOT AL 688 34 62 43

PER CENT 83.2 4.1 7.5 5.2

PER CENT 95.3 4.7

(Within Accepted)

T able 4.2: Recognition and rejection results for digit inputs with I ITKdigitSp73to162

as training database and T esting with direct recording

b y fo cusing on the signal pro cessing fron t end The other category of exp erimen ts w ere

fo cussed on HMM bac k end.

4.2.1 Exp erimen ts with Signal Pro cessing F ron t end

In these exp erimen ts w e in tro duced a few new features in the feature v ector as follo ws.
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F rame Energy

The energy of the frame is appropriately scaled and added to the feature v ector. In

table 4.3, column I I I, the recognition results are giv en with this additional parameter.

Sp ok en Num b er of recognition recognition recognition with with duration

digit utterances with energy with duration relativ e p osition and rel.p os.

0 86 86 85 85 86

1 86 76 78 79 81

2 84 76 77 80 76

3 84 78 77 79 80

4 73 67 63 62 62

5 86 75 76 79 77

6 86 78 69 75 74

7 85 81 81 82 79

8 86 76 78 74 79

9 86 83 83 83 85

TOT AL 842 776 767 778 779

PER CENT 92.16 90.09 92.39 92.51

T able 4.3: Recognition results of basic recognizer with additional features using

T rainDB=I ITKSp73to162, T estDB=I ITKSp30to72

Utterance Duration

The duration of the utterance w as added in the the feature v ectors of all the frames

of that utterance. In table 4.3, column IV, the recognition results are giv en with this

additional parameter.

F rame Relativ e P osition

The relativ e p osition of the frame with in the utterance is added to the feature

v ector. In table 4.3, column V, the recognition results are giv en with this additional

parameter.
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Com binations

V arious com binations of these three features w ere used in getting the recognition

rates. W e got the b est recognition rate of 92.51% when utterance duration and

relativ e frame p osition w ere com bined as sho wn in table 4.3, column VI.

4.2.2 Exp erimen ts with trained HMMs

In this section w e presen t the exp erimen ts and results for impro ving the p erformance

of trained HMMs. In all these exp erimen ts, w e had incorp orated the extension of

features set b y incorp orating the duration of utterance and relativ e p osition of the

frame. W e presen t here only those exp erimen ts whic h ga v e us the b est recognition

results. W e �rst de�ne three basic op erations that w e used in these exp erimen ts.

1. HMM state Tie: In this op eration, giv en state s 1 in some trained HMM and

state s 2 in other trained HMM, w e man ually force the sym b ol probabilit y dis-

tribution in these states to b e iden tical. T o understand its usefulness, consider

the HMM mo dels trained for digits FIVE and NINE. These t w o sp ok en digits

ha v e common phoneme /ai/. Let us assume that the states corresp onding to

the phone /ai/ are not trained w ell enough for the HMM mo del of digit FIVE,

whereas the corresp onding states in the HMM mo del for digit NINE are trained

v ery w ell. No w it is p ossible that man y of the sp ok en digits 'FIVE' are recog-

nized as 'NINE' b ecause of the b etter p erformance of states corresp onding to

/ai/ in its HMM mo del. This situation can b e handled b etter b y forcing the

resp ectiv e pair of states in the t w o HMMs to ha v e the same sym b ol probabilit y

distribution. Let us sa y states s

i

and s

i +1

corresp ond to phoneme /ai/ in HMM

trained for digit 'FIVE' and states s

j

and s

j +1

corresp ond to phoneme /ai/ in

HMM trained for digit 'NINE'. W e can tie the states s

i

and s

j

together. Simi-

larly the states s

i +1

and s

j +1

are tied together. Let us represen t the ab o v e tie

op eration H M M T y e (( d 1 ; s 1) ; ( d 2 ; s 2)).

2. HMM emb e dde d sc aling: It is some times desirable to either emphasize or deem-

phasize certain p ortions of the utterance while calculating the observ ation se-

quence probabilit y . F ollo wing are some of the cases where it can b e useful.

� If the HMM t ying results in p o or recognition rate for the t w o digits in v olv ed

in the t ying, as man y of these t w o digits are recognized as some other third
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digit. In suc h a case w e ma y wish to emphasize the sym b ol probabilities

of the states in v olv ed in the HMM t ying.

� If the HMM t ying results in p o or recognition rate for some digit other than

the t w o digits in v olv ed in the t ying, as man y of the utterances of the third

digit are recognized as one of the t w o digits in v olv ed in the t ying. In suc h

a case w e ma y wish to de-emphasize the sym b ol probabilities of the states

in v olv ed in the HMM t ying.

� In case of confusion b et w een digits 'FIVE' and 'NINE', instead of t y-

ing states corresp onding to /ai/, w e ma y deemphasize these states sym-

b ol probabilities and/or emphasize the state sym b ol probabilities of other

states.

Let us denote the ab o v e scaling op eration as H M M E mbedS cal e ( d; s; f ).

3. Minimum Pr ob ability Criterion Giv en a HMM trained for the digit d and state

s , this op eration ensures eac h and ev ery sym b ol probabilit y in that state to b e

greater than or equal to � . Let us denote this op eration as M inB ( d; s ).

In the follo wing discussion, w e represen t these op erations as follo ws.

� H M M T y e (( d 1 ; s 1) ; ( d 2 ; s 2)) : T o tie state s

1

of HMM of digit d

1

to state s

2

of

HMM of digit d

2

� H M M E mbedS cal e ( d; s; f ) : T o scale the observ ation probabilit y of eac h sym b ol

in state s b y a factor of f .

� M inB ( d; s ) : T o put the minim um limit on the sym b ol probabilities in state s

of digit d .

1. Exp eriment 1: State 6 of digit 9 is deemphasized and limit is put on the sym b ol

probabilities as follo ws.

(a) H M M E mbedS cal e (9 ; 6 ; 0 : 01)

(b) M inB (9 ; 6)

This step impro v ed o v erall recognition rate from 92.51% to 92.63% (table 4.4).

2. Exp eriment 2: State 6 of digits 0 and 6 are tied together and then deemphasized.

These are then put through the minim um limit as follo ws.
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(a) H M M T y e ((0 ; 6) ; (6 ; 6))

(b) H M M E mbedS cal e (0 ; 6 ; 0 : 01)

(c) H M M E mbedS cal e (6 ; 6 ; 0 : 01)

(d) M inB (0 ; 6)

(e) M inB (6 ; 6)

This step impro v ed o v erall recognition rate from 92.63% to 93.35% (table 4.5).

3. Exp eriment 3: In order to reduce confusion b et w een digits 5 and 9, state 5 of

these t w o digits are tied and passed through minim um limit as follo ws.

(a) H M M T y e ((5 ; 5) ; (9 ; 5))

(b) M inB (5 ; 5)

(c) M inB (9 ; 5)

This step impro v ed recognition rate from 93.35% to 93.47% (table 4.6). As a

side e�ect, the recognition rate of digit7 w as also impro v ed.

4. Exp eriment 4: The digit 4 w as confused with other utterances. States 4, 7 and

9 of digit 4 w ere emphasized as follo ws.

(a) H M M E mbedS cal e (4 ; 6 ; 2)

(b) H M M E mbedS cal e (4 ; 7 ; 2)

(c) H M M E mbedS cal e (4 ; 9 ; 2)

This step impro v ed recognition rate from 93.47% to 93.94% (table 4.7)

5. Exp eriment 5: States 6,7 and 9 of digit 2 are emphasized.

(a) H M M E mbedS cal e (2 ; 6 ; 2)

(b) H M M E mbedS cal e (2 ; 7 ; 2)

(c) H M M E mbedS cal e (2 ; 9 ; 2)

This exp erimen t impro v ed recognition rate from 93.94% to 94.3% (table 4.8).
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Sp ok en Num b er of Correctly

digit utterances recognized

0 86 86

1 86 81

2 84 76

3 84 80

4 73 62

5 86 78

6 86 74

7 85 79

8 86 79

9 86 85

TOT AL 842 780

PER CENT 92.63

T able 4.4: Recognition results after exp erimen t 1, using T rainDB=I ITKSp73to162,

T estDB=I ITKSp30to72

Sp ok en Num b er of Correctly

digit utterances recognized

0 86 86

1 86 81

2 84 76

3 84 84

4 73 62

5 86 77

6 86 74

7 85 79

8 86 82

9 86 85

TOT AL 842 786

PER CENT 93.35

T able 4.5: Recognition results after exp erimen t 2, using T rainDB=I ITKSp73to162,

T estDB=I ITKSp30to72
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Sp ok en Num b er of Correctly

digit utterances recognized

0 86 86

1 86 81

2 84 76

3 84 84

4 73 62

5 86 76

6 86 74

7 85 81

8 86 82

9 86 85

TOT AL 842 786

PER CENT 93.47

T able 4.6: Recognition results after exp erimen t 3, using T rainDB=I ITKSp73to162,

T estDB=I ITKSp30to72

Sp ok en Num b er of Correctly

digit utterances recognized

0 86 86

1 86 81

2 84 72

3 84 84

4 73 70

5 86 76

6 86 74

7 85 81

8 86 82

9 86 85

TOT AL 842 791

PER CENT 93.94

T able 4.7: Recognition results after exp erimen t 4, using T rainDB=I ITKSp73to162,

T estDB=I ITKSp30to72
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Sp ok en Num b er of Correctly

digit utterances recognized

0 86 85

1 86 81

2 84 78

3 84 83

4 73 69

5 86 76

6 86 74

7 85 81

8 86 82

9 86 85

TOT AL 842 794

PER CENT 94.3

T able 4.8: Recognition results after exp erimen t 5, using T rainDB=I ITKSp73to162,

T estDB=I ITKSp30to72
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Chapter 5

An Application: In teractiv e V oice

Resp onse System for Enquiring

JEE Application Status

In this c hapter w e discuss the design and implemen tation of an inter active voic e

r esp onse system (IVR) application, whic h w e dev elop ed for answ ering the queries

regarding the JEE application status. W e �rst discuss the dialogue design and then

its implemen tation using the tec hnology dev elop ed.

5.1 Dialog Design

Here w e presen t the dialog designed for a single in teractiv e session b et w een the IVR

and the user. The user dials the sp eci�ed n um b er to the IVR through the mo dem.

The follo wing the dialog design for the IVR.

� IVR : W elcome to the I IT Kanpur IVR for answ ering the queries for y our JEE

application status. Please sp eak the digits in the application n um b er slo wly one

at a time after the b eep.

� IVR : Pla ys the b eep

� Cal ler : Sp eaks the individual digits of application n um b er.

� IVR : Y our application n um b er ***** has reac hed the JEE o�ce.
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5.2 Implemen tation

Modem Digit RecognitionIVR 
user interface

Applications
Database

Speech of

User

Spoken

Digits

Word detection

Code Book
for VQ

Trained 
Database

IVR Speech
HMMs

Engine

Recognized

Digits
Telephone

Figure 5.1: In teractiv e V oice Resp onse System for JEE Application Status Enquiry

The blo c k diagram of the in teractiv e v oice resp onse system that w e implemen ted

is sho wn in the �gure 5.1. The user in terface part of the IVR monitors mo dem and

when there is an incoming call from the user, it pic ks up the phone and pla ys the

pre-recorded w elcome message and then generates a b eep. The IVR then records

the v oice of the sp eak er for ten seconds in a bu�er. The recorded v oice is then

passed to the w ord-detection mo dule. W ord-detection mo dule extracts the isolated

sp ok en digits and passes them to the digit recognition engine. Digit recognition

engine accepts one sp ok en digit at a time and recognizes the digit in the sp ok en

sp eec h. The recognized digit is then passed to the IVR user in terface mo dule. IVR

user in terface mo dule assem bles the digits in to n um b er and searc hes it in the database

of receiv ed applications n um b ers. An appropriate message is pla y ed bac k. F or digits,

pre-recorded messages are pla y ed. Finally the call is disconnected and the en tire

pro cess is rep eated for another call.
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Chapter 6

Conclusions and future w ork

In this thesis w e implemen ted an isolated sp eak er indep enden t sp ok en digit recogni-

tion system for telephone qualit y sp eec h. In particular w e ha v e b een able to ac hiev e

the follo wing.

1. Sp e e ch Datab ase: W e built sp ok en digit database of 163 sp eak ers.

2. Sp e e ch R e c o gnizer: W e implemen ted ev ery part of the sp eec h recognizer. w e

w ere able to form ulate w ord rejection criterion. W e could impro v e the sp eec h

recognition rate b y �ne-tuning di�eren t parts of the basic sp eec h recognizer.

Based on our exp erimen ts, w e can conclude the follo wing.

6.1 Conclusions

� The heuristics used in w ord detection impro v ed the w ord detection rate and

sp eec h recognition rate.

� Cepstral co e�cien ts are b etter than the LPC co e�cien ts.

� Addition of di�eren tial features impro v ed the p erformance.

� HMM t y e and em b edded w eigh t heuristics impro v ed the recognition rate.

� Our w ord rejection criterion is v alid and impro v ed the con�dence of the recog-

nized digit.
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� Relativ ely clean telephone qualit y sp eec h has b etter recognition rate than the

relativ ely noisy telephone qualit y sp eec h.

6.2 Limitations

� The I ITKdigit sp eec h database has v ery few female sp eak ers and the recognizer

built using this database as training database ma y p erform p o orly for female

sp eak ers.

� The energy thresholds used in the w ord detection algorithm are sp eci�c to our

mo dem and ma y need to b e c hanged if the mo dem is replaced.

6.3 F uture W ork

� Sp eec h of the female sp eak ers can b e added to the I ITKdigit database

� W ord detection algorithm can b e mo di�ed to dynamically adopt the energy

thresholds.

� The recognition rate can b e studied, ho w it is e�ected with HMM states more

than nine.

� The recognizer can b e enhanced to recognize the con tin uous sp eec h.

� Initiativ e can b e tak en to start building I ITK sp eec h to ol kit and I ITK sp eec h

database for future researc h.
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App endix A

Description of Sp eec h Databases

In this app endix w e describ e the sp eec h databases that w e ha v e used in this thesis.

W e also describ e ho w w e collected our o wn digit database at I.I.T Kanpur, whic h can

b e informativ e for the future researc h.

A.1 I ITK T elephone-Qualit y Sp ok en Digit Databases

Recording Setup : W e ha v e collected the sp eec h samples from the I IT Kanpur

in ternal telephone net w ork within I IT Kanpur. F or recording purp ose, w e ha v e

used a Zyxel v oice mo dem on a PC running Lin ux. The mo dem supplied R o ck-

wel l ADPCM compressed data (at 7 : 2 K samples p er second) and are stored in

the ra w format. In order to record a sp eec h session, the sp eak er has to dial

the phone n um b er of the mo dem. As so on as it is connected, the sp eak er is

prompted with a w elcome message and is ask ed to sp eak after the b eep. The

sp eec h is then recorded and sa v ed in a �le.

Mobilizing The Sp eak ers : W e ha v e mobilized around a total of 200 sp eak ers.

Eac h sp eak er w as ask ed to sp eak the digits zero to nine in English. Out of

these, the recordings for only 163 sp eak ers w ere go o d enough and the remaining

w ere discarded.

Recording conditions : Since the sp eak ers are mostly the studen ts calling from

hostels and lab oratories, the external and bac kground noises are exp ected.

These include noise due to someb o dy else sp eaking in the bac kground, noises
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due to the running air conditioners and other common noises in the lab oratories

and hostel corridors.

Sp eec h editing to extract the digits : Initially , w e man ually edited all the record-

ings. Later w e dev elop ed the w ord detection algorithm and used it. In fact the

man ual editing exp erience had b een extremely useful in designing the w ord

detection algorithm.

Ov erall Database Description : This database consists of telephone qualit y sp eec h

of 163 sp eak ers. The �rst 73 sp eak ers ha v e sp ok en eac h digit t wice in English

and the later 90 sp eak ers ha v e sp ok en eac h digit once in English.

Subset Databases : In this section w e describ e the di�eren t databases, whic h are

subset of the ab o v e describ ed collection. The names describ ed here are used in

discussion throughout the thesis.

I ITKdigitSp0to30 : This database is the sp ok en digit database of the sp eak-

ers n um b ered 04 to 30 from a single phone. Eac h sp eak er has sp ok en eac h

digit t wice. Eac h recording con tains high amoun t of noise generated b y

the equipmen t. Later, this database w as not used and dropp ed due to high

con ten t of noise.

I ITKdigitSp31to72 : This database is the sp ok en digit database of sp eak ers

n um b ered 31 to 72. Eac h sp eak er sp ok e eac h digit t wice.

I ITKdigitSp0to72F : This database is a collection of �rst instance of the

digits sp ok en b y the sp eak ers n um b ered 0 to 72.

I ITKdigitSp0to72S : This database is a collection of second instance of eac h

digits sp ok en b y sp eak ers n um b ered 0 to 72.

I ITKdigitSp73to162 : This database is a collection of sp ok en digits b y sp eak-

ers from sp eak er 73 to sp eak er162. Eac h digit is sp ok en only once b y a

sp eak er.

A.2 OGI Sp ok en Digit Database

This database is prepared b y cen ter for Sp ok en Language Understanding, Oregon

Graduate Institute of Science and T ec hnology .
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Recording Setup : This is also telephone qualit y sp eec h. The sp eec h signal is

sampled at 8.0 kHz.

Recording conditions : The recording w as conducted under ideal lab oratory con-

ditions with no bac kground noise.

Ov erall Description : This database con tains sp ok en digits of 150 sp eak ers. Eac h

sp eak er has sp ok en a digit only once.

Subset Databases :

OGIdigitSp0to119 : This database consists of sp ok en digits of 120 sp eak ers

0 to 119.

OGIdigitSp120to149 : This database consists of sp ok en digits of 130 sp eak-

ers 120 to 149.

OGIdigitSp0to84 : This database consists of sp ok en digits of 85 sp eak ers 0

to 84.

OGIdigitSp85to149 : This database consists of sp ok en digits of 65 sp eak ers

120 to 149.
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