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ABSTRACT 

A Decision Support System (DSS) is characterized to have flexibility, ease of 

use, interactive capability and the capacity to support managerial decision mak-

ing in ill-structured situations. The infrastructure of a DSS has been viewed to 

consist of a database, a modelbase, a user interface, and perhaps, a knowledge-

base. Most DSS research has been directed towards the modules of database, 

modelbase, and knowledgebase. The work relevant to the user interface is lim-

ited. There is conclusive evidence, showing that within a problem-solving con-

text, voice interaction is superior to other modes in terms of speed and task 

efficiency. Since speech recognition is an emerging field only few commercial 

systems are available currently. About 5% of the recognizers sold so far are 

still in use. Two major problems are: i) unpredictable performance in terms of 

recognition accuracy ii) inexpensive systems to compromise on algorithms. 

This study explores the possibility of a reliable voice input module for a 

DSS. Specifically, Multiple Discriminant Analysis (MDA), is used in modeling 

a speaker-trained, isolated word recognition environment. A design framework 

for MDA based recognizers is proposed. It provides details of alternatives avail-

able and guidelines for prototyping. Factors such as the training eífort, the 

number of variables, estimiation of covariance matrices, word population sep-

arations, computational requirements, ease of implementation in a DSS envi-

ronment e t c , lead to the choice of a Linear Multiple Discriminant Analysis 

(LMDA) approach. This study compares the proposed LMDA model to the 
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model based on Dynamic Time Wrapping (DTW) on performance criteria in-

cluding accuracy, storage, and computational requirements. Part of the same 

Texas Instruments (TI) - database which was used in evaluating seven popular 

commercial recognizers was used to compare the substitution error and rejec-

tion error. Training size, and order of analysis were controlled and maintained 

across LMDA and DTW methods. The results vahdate the previous work with 

respect to training size, in that performance improved with up to 4 repetitions. 

With respect to substitution error the better performance of LMDA models 

is statistically vahdated. There was no statistically significant difference with 

respect to rejection error. 

The results indicate that the LMDA performance in reduced space peaks 

prior to reaching the full discriminant space. Inclusion of the last few discrimi-

nant functions tends to introduce distortion. It is recommended that the LMDA 

model should be operated in reduced space. 

The computational requirements of LMDA and DTW methods are com-

pared using analysis of algorithms. Even in fuU discriminant space, the LMDA 

approach is superior to the DTW method, with respect to computational re-

quirements. 

The LMDA approach for user-trained isolated word recognition problem, 

involves computationally higher training cost and reduced recognition cost. This 

study is limited to only LMDA based user-trained isolated word recognition 

systems. The vocabulary size was also small. This research can be extended to 

a large DSS vocabulary with various interfaces modes such as command-driven 

or menu-driven. 
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CHAPTER 1 

BACKGROUND AND PURPOSE OF THE RESEARCH 

1.1 Introduction 

Decision Support Systems (DSS) commonly refer to that aspect of Manage-

ment Information Systems (MIS) which directly facilitate managerial decision 

making in ill-structured situations. [Alter, 1977; Keen and Wagner, 1979; Vaz-

sonyi, 1978]. DSSs can thus be distinguished from Electronic Data Processing 

(EDP) systems which are primarily designed to automate transaction processing 

[Alter, 1979]. There is however no consensus on the precise usage of the term 

DSS. The most widely accepted definition is that DSS form an extension to MIS 

with paxticular capabiHties which serve to: "(1) assist managers in their decision 

process in semi-structured tasks; (2) support, rather than replace, managerial 

judgment; and (3) improve the effectiveness of decision making rather than 

its efficiency" [Keen and Morton, 1978]. This definition implicitly recognizes 

the emphasis on the effectiveness and quality of non- trivial decision making. 

This decision-making process is typicaily improved by direct human-machine 

interaction in problem-solving situations. 

A DSS is generally expected to possess all or most of the following character-

istics: (1) flexibility, (2) ease of use, (3) interactive capability, and (4) capacity to 

support managerial decision making in ill-structured situations [Sprague, 1980). 

A variety of frameworks for DSS categorization have been proposed [Gorry and 



Morton, 1971; Sprague, 1980; Bonczek, Holsapple and Whinston, 1979; Wang 

and Courtney, 1982]. AU stress an interactive user interface as an essential 

component of the DSS. The infrastructure of a DSS has been viewed to consist 

of a database, a modelbase, a user interface and, perhaps, a knowledgebase. 

An overview of a DSS that integrates the various conceptual frameworks is 

presented in Figure 1. 

1.2 DSS Research 

Most DSS research has been directed towards the database, modelbase, and 

knowledgeba^e modules. The vital component of manager-computer interaction 

ha^ not been as widely investigated. Few studies have explored the user interface 

in terms of output presenta tion modes and display devices [Dickson, Senn and 

Chervany, 1977; Miller and Thomas, 1977]. One of the earliest experimental 

studies in man-machine interaction dealt with the efficacy of various display 

modes in a problem-solving context [Ocshman and Chapanis, 1974]. The impact 

of such modes of communication as voice, typewriting, hand writing, closed 

circuit video, and visual contact were studied under a controUed environment. 

The most important conclusions reported by this empirical study were: 

1. " . . . there is a sharp dichotomy between modes of communications involv-

ing voice and those modes of communication that do not" [Oschman and 

Chapanis, 1974 pp. 614-618]. 

2. " . . . regardless of extra embelUshments, communications via typewriter 

and handwriting cannot even approach speech in terms of speed or task 

efficiency" [p.618]. 
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Figure 1: A Conceptual Overview of a DSS 



It would appear that voice input, as a vehicle of user interaction, can play a 

vital role in the effectiveness of DSS. Over the last two decades active research 

in the fields of electrical engineering and computer science has resulted in a 

discipline of Speech Processing Technology. The motivation behind such an 

effort has been the overwhelming advantages that voice interaction offers over 

other modes of communication. Some of these include [Lea, 1980]: 

1. It is the most natural mode of communication by humans. 

2. It is the highest capacity output channel by humans. 

3. It requires little or no user training. 

4. It permits communication even while the user's Umbs are otherwise en-

gaged. 

5. It provides mobiUty and freedom for other activities. 

6. It can be performed in darkness or around obstacles, even by the blind or 

handicapped. 

The communication from machine to user (Voice Synthesis) is a well devel-

oped subject. Commercial installations are fairly straight-forward. However, its 

counterpart, Voice Recognition, has been a developing science which deals with 

recognizing human speech by computers. The realm of voice recognition tech-

nology currently spans the simple speaker-dependent isolated word recognition 



to the more compUcated speaker-independent, continuous speech recognition 

environments. 

1.3 Statement of the Problem 

DSS effectiveness using voice interaction is largely an unexplored area. The 

few commercial word recognition systems avail able use the canonical pattern 

recognition model [Rabiner and Levinson, 1981]. The canonical pattern recog-

nition model is iUustrated by Figure 2. 

Before the recognizer may be put to use in actual, it must be "trained" by the 

person who wiU be using it (thus, the recognizer is sp^aker-dependent). Training 

involves repeating each word the system is expected to recognize, approximately 

3 or 4 times. The digitized speech signal corresponding to each such repetition 

amounts to voluminous data. The digitized signal is preprocessed and a set of 

features (also known as a template) is obtained which is of manageable size. 

The templates are stored to serve as a reference database which will be used 

when the recognizer is put to actual use. 

When the recognizer is used, the spoken word is "unknown" to begin with. 

The digitized signal is preprocessed in a similar manner employed during the 

training phase and a template is obtained. This template is compared to aU the 

templates available in the reference database and similarity measures are com-

puted. These measures are further processed using a decision rule to "recognize" 

the unknown utterance as one of the words in the reference database. In exist-

ing systems, for a vocabulary of the size normaUy encountered in a DSS user 

interface, storage and computation requirements of existing recognition systems 
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Figure 2: Pattern Recognition Model for Speech Recognition 



are relatively high, and recognition accuracy is relatively low. The reasons for 

such limitations have been identified to be due to the foUowing: 

1. Unpredictable performance in terms of recognition accuracy [Lea, 1982]. 

2. Available storage gets exhausted with Uttle use [Doddington, 1981; With-

ers, 1983], and, 

3. Processing time increases proportionally with the number of references 

being acquired during the recognition phase. 

In order for voice input to become feasible in a DSS environment, advances 

in the technology of voice recognition must be made. This research addresses 

the problem of developing a low-cost, accurate, reliable voice input module for 

a D S S . 

Since the waveforms for repetitions of the same word vary even for the same 

speaker, the speech processing system exhibits some properties of randomness. 

Therefore, it is appropriate to use statistical techniques to model the recognition 

problem. Specifically, Multiple Discriminant Analysis (MDA), a multivariate 

statistical method for the optimal classification of observations, appears to be 

an ideal approach to address at least some of the criticisms associated with 

existing systems. One of the objectives of this research, is to explore the use of 

MDA as a means of alleviating at least part of the problems that are prevalent 

in existing recognizers. 

There are three approaches of the MDA that can be used in modeUng the iso-

lated word recognition process: Linear Multiple Discriminant Analysis (LMDA), 
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Quadratic Multiple Discriminant Analysis (QMDA), and Proportional Multi-

ple Discriminant Analysis (PMDA). There are some assumptions common to 

all three approaches. The feature that distinguishes the three approaches is 

the covariance matrices of word populations. LMDA is based on equality of 

covariance matrices. QMDA is superior when covariance matrices of word pop-

ulations are distinct ly different. PMDA is appUcable when covariance matrices 

of word populations are neither distinctly different nor equal but follow a pat-

tern of proportionality. Factors such as the number of repetitions of training 

utterances, the number of variables, correct estimation of the proportionality 

constants, word populations separations, computa tional requirements, ease of 

implementation in a DSS environment, e t c , suggest the choice of the MDA ap-

proach. A detailed discussion on the rationale for model selection is presented 

in Chapter 4, leading to the choice of LMDA approach. This research work 

compares an isolated-word recognition model based on LMDA to the best exist-

ing methods on performance criteria including accuracy, storage efficiency and 

computational requirements. The research also develops a design framework for 

a voice input subsystem for a DSS based on the MDA approach. 

The findings of this research indicate that LMDA based recognizers outper-

form existing methods in terms of recognition accuracy, storage parsimony and 

computational efficiency during recog nition use. These advantages are gained 

at the expense of additional cost incurred at the training phase. The savings 

are realized many times over, during actual recognition use. 



The design framework developed here offers guideUnes for setting up a voice 

input subsystem for a DSS. The objective of the framework is to lead a designer 

towards a reliable voice input module for use in a DSS environment. 

1.4 Summary 

This chapter presents a rationale for exploring the user interface component 

of a DSS as the central theme of the proposed research, and identifies voice 

interaction as a potential tool. A brief look into related work reveals the need 

for a conceptual design framework for effective user interaction and a reUable 

voice recognizer for a DSS user interface. The purpose of this dissertation is to 

investigate the feasibility and performance of a recognizer based on discriminant 

analysis. Chapter 2 presents a review of the relevant research. A framework 

for the design of a voice input module using multiple discriminant analysis 

(MDA) is proposed in Chapter 3. The detailed methodology and experimental 

design from the perspectives of signal processing, discriminant theory and DSS 

interface is presented in Chapter 4. The results obtained from implementing 

the methodology axe presented in Chapter 5. The conclusions, limitations and 

extensions of the research are discussed in Chapter 6. 



CHAPTER 2 

REVIEW OF RELEVANT LITERATURE 

2.1 Introduction 

The work relevant to the user interface of a Decision Support System (DSS) 

is Umited. DiscipUnes such as computer science and electrical engineering have 

potential technology in the axea of speech recognition. This study explores the 

possibility of using Multiple Discriminant Analysis (MDA) to attack isolated 

word recognition problems in a DSS context. The Uterature relevant to this 

study stems from at least three major axeas: DSS, Speech Processing, and 

Multivaxiate Analysis. This chapter presents a brief survey of the literature 

that is pertinent to this research problem. 

2.2 Decision Support Systems (DSS) 

The recent development of DSS has led to a specific focus on the human-

machines issue in management research, in which the managerial user is studied 

within an interactive decision-making context. In a DSS, the conversation be-

tween the user and the machine is much more sophisticated than in earlier 

managerial appUcations of computers. Whereas previous systems were usually 

fragmented or appUcation-specific, conceptual architectures for generaUzed DSS 

normally include a modelbase, database, perhaps a knowledgebase, and an inter 

face for a variety of user needs and tasks. Characteristics which have been cited 

10 
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as exemplifying the concept of a DSS are: 

1. Interaction between computer and decision maker [Blanning,1979]. 

2. Synthesis of concepts from diverse fields, including computer science, psy-

chology, axtificial intelUgence, and linguistics [Bonczek, 1980; Keen and 

Morton, 1978]. 

3. Adaptiveness to changing conditions and capability for evolution towards 

an increasingly useful system [Keen, 1980]. 

4. "User-friendliness" or ease of use by non- programming managers [Sprague, 

1980]. 

While there is extensive research involving integrated DSS generators, es-

pecially database and modelbase components, there are relatively few studies 

in which manager-computer interaction have been directly investigated. Stud-

ies undertaken by Kozax [1972], and CarUsle [1974] have been oriented towards 

output devices and language complexity. Ironically, numerous researchers have 

mentioned the critical importance of an effective interface. Even today the bulk 

of the user community directly in contact with the system consists of program-

mers, analysts, and scientists. 

In using a DSS, a manager interacts with the machine to facilitate semi-

structured or unstructured decision making. There is conclusive experimental 

evidence reported in the literature showing that within a problem-solving con-

text, voice interaction is superior to other interface modes in terms of speed and 

task efficiency [Oschman and Chapanis, 1974; Chapanis, 1975]. The focus of this 
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reseaxch study is thus on voice interaction, and more specifically, the direction of 

interaction from the typical DSS user to the machine. There are overwhelming 

advantages to using the voice as a mode of DSS inter action. Voice is a hu-

man being's the most natural and highest capacity output channel. Computer 

speech recognition is stiU an emerging field of reseaxch because the problem is 

much more complicated than computerized voice output. Voice recognition re-

seaxch ranges from user-trained, isolated word recognition to user-independent, 

continuous speech recognition environments. The user-trained, isolated word 

recognition research, however, has produced relatively better results and could 

be useful in a DSS environment. Hence this research has been concerned with 

developing a design frame-work for a voice input module of a DSS, utilizing 

user-trained, isolated word approach to recognition. 

2.3 Isolated Speech Recognition 

Most of the isolated speech recognition systems foUow the canonical pat-

tern recognition model presented in Chapter 1. The key element in speech 

recognition is the information in spoken sound as a distribution of energy with 

frequency. The formant frequencies, those at which the energy peaks, are par-

ticulaxly important. The formant frequencies arise from the acoustic resonances 

of the mouth cavity, and are controUed by the tongue, jaw and Ups. The first 

two to three formant frequencies are usuaUy adequate to characterize sound. 

Speech recognition systems are designed to use this acoustic informa tion. For 

digital computers to recognize human speech, the vocalized utterances have to 

be in digital form. The digitized form of data is voluminous and accounts for as 

many as 8000 numbers for one second duration of utterance. Therefore the prime 
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objective of recognition systems is to reduce this voluminous acoustic informa-

tion into a representative set of features of tractable magnitude. A recognizer is 

first "trained" with a set of words and then put to actual use, recognizing only 

those words in the vocabulaxy that it has been taught. 

The first step in speech recognition is the extraction or measurement of 

relevant features of the wave form. The speech signal is transformed into features 

or parameters that are processable by a digital computer. This is achieved 

through an analogue to digital convertor. Such a transformation results in a 

prodigious flow of data which must be reduced to manageable proportions. To 

achieve data reduction, almost all existing recognition systems use a feature 

set based on either the Filter Bank model or Linear Predictive Coding (LPC). 

These two approaches axe described in the next section. The feature sets for 

each word in the vocabulaxy axe retained as reference patterns or templates. 

This phase is usually known as "training," as the user repeatedly utters the 

same word to the machine to teach it the vocabulary. 

Once the system has been trained in the vocabulary, it may be put to ac-

tual use. In use, the features of utterances are extracted and compared to the 

reference patterns or templates created during training. Prior to comparison, 

the input features must be time-aUgned to account for variabiUty in duration of 

utterances. Time-alignment is established using the endpoints of a word, and, 

thus, accurate location of endpoints is vital for performance accuracy. For each 

reference pattern, a measure of similarity is computed and the reference word 

differing the least from the input is the "recognized" word. 
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In both training and recognition, the digitized form of spoken words is first 

preprocessed for compact representation. This feature measurement is further 

restrained only to the duration of the utterance. Therefore the preUminary steps 

in isolated word recognition axe feature measurement and endpoint location. 

These steps are examined for their trends. 

2.4 Feature Measurement 

There axe two popular models for feature measurement, namely, the Filter 

Bank model, and Lineax Predictive Coding (LPC) model. These are further 

examined. 

2.4.1 Filter Bank Model 

Throughout the discussion of the filter bank analysis of speech suggested by 

Briddle and Brown [1974] and Reddy, Erman and Neelky [1973], it is assumed 

that the speech signal, s{n), is in digital form, that is, it has been digitized 

at a sampling rate of / , samples per second. This assumption is made since 

inexpensive implementations of this structure (shown in Figure 3) are fairly 

straight-forward [Martin, 1976; Moshier, 1979]. 

In the filter bank analysis model, this speech signal is passed through a bank 

of Q bandpass filters covering the speech bank from about 100 Hz to some upper 

cutoff frequency (typically between 3000 and 8000 Hz). The number of filters 

varies from about 3 to as many as 32, and the filter spacing is often Unear in 

frequency untU about 1000 Hz, and logarithmic beyond 1000 Hz. The output of 

each bandpass filter is passed through nonUnearity (e.g., a square law detector or 



s(n) 
— \ x i ( m ) 

zero-crossing counter — \ zi{m) 

15 

zero-crossing counter —\^QÍ''^) 

Figure 3: FiUer Bank Model 
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a full-wave rectifier), and low-pass filtered to give a signal which is proportional 

to the energy of the speech signal in that band. A logarithmic compressor 

is generally used to reduce the dynamic range of the intensity signal and the 

compressed output is resampled at a low rate (generaUy twice the low-pass filter 

cutoff) for efficiency of storage. Each branch of the filter bank model of Figure 3 

is measuring the speech energy in the bank covered by that bandpass filter. This 

feature set is further supplemented by the zero-crossing counter at the output 

of the bandpass filter. This count is an approximate measure of the formant 

frequency for wide bandwidth filters. By incorporating zero-crossings into the 

model, the number of features is doubled with little increase in complexity. To 

the extent that zero-crossing and energy are independent parameters in each 

band, the information obtained about the speech is increased at Uttle cost. 

However, doubling the number of features is generaUy not worthwhile unless 

the features axe both truly independent and information bearing. 

2.4.2 Lineax Predictive Coding (LPC) Model 

The basic idea behind the LPC based feature set, originaUy proposed by 

Itakura [1975], is that a given speech sample can be estimated from a finite 

number of prior samples, by approximating the samples to a time series model. 

The LPC model provides a robust, reliable, and accurate method for estimating 

the paxameters that characterize the Unear, time-varying system [Rabiner and 

Schafer, 1978; Markel and Gray, 1976; Makhoul, 1975]. Given the coefficients, 

paxametric representations of speech such as spectrum, formant and vocal tract 

shape can be derived [Reddy, 1976]. 
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A block diagram of the LPC model is shown in Figure 4. The speech signal 

is first pre-emphasized using a first order digital system with a transfer function 

giving the signal: 

s{n) = s{n) — a s{n - l) (2.1) 

where a is a value between 0 and 1. 

LPC is a block processing model, in which a frame of N samples of speech 

is processed and a vector of features is obtained. Consecutive frames are M 

saxnples apart and if M < 7V there is an overlap between adjacent frames, 

which inherently provides smoothing between the vector of coefficients. If we 

denote the ^th frame of speech as xi{n), we have 

xt{n) = s{Mí-\-n) for n = 0 , 1 , . . . ,iV - 1; £ = 0 , 1 , . . . ,Z - 1 (2.2) 

where ^ = 0 is the first frame and i = L — l is Lth. frame of speech. The 

effects of analyzing a slice of the speech waveform is minimized with the use of 

a smoothing window (Hamming window) defined as: 

0 '?r "n 

w{n) = 0.54 - 0.46 cos — . (2.3) 
N -1 ^ 

An autocorrelation analysis of the windowed data is then performed as given 

by: 
N-l-m 

Ri{m) = ^ xi{n)xi{n -\- m), m = 0 , 1 , . . . , p (2.4) 
n=0 

where p is the order of analysis. 
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Figure 4: Signal Processing for Extracting LPC 
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The feature set: 

X{e) = Ri{0),R,{l),...,R,{p) 

can be used to derive both reference and test pattems. 

2.5 Endpoint Location 

The endpoint determination of utterances is vital during the recognition 

mode for the foUowing reasons: 

1. Errors in endpoint detection increase the probabiUty of making recognition 

errors. 

2. Proper location of endpoints keeps the overaU computation of the system 

to a minimum. 

Accurate determination of the endpoints is not very difficult if the signal-

to-noise ratio is high (i.e., better than 15-20 dB). Two methods of endpoint 

location, one developed by Rabiner and Sambur [1975] and the other by Lamel 

[1980] have been popular. Rabiner and Sambur [1975] used the overall energy 

measure to locate approximate endpoints for an utterance. The approximate 

endpoints exclude paxts of the utterance. A strict threshold on a zero crossing 

measure is then used to find the precise endpoints. The initial approximate 

interval is extended in both directions to contain the whole utterance. The 

second method developed by Lamel [1980] used the contour (time pattern) of 

the zero th autocorrelation coefficient (the signal energy) to locate endpoints. 
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The endpoints are located by defining adaptive level and duration thresholds, 

aná setting endpoints in terms of the energy contour exceeding the thresholds. 

2.6 Statistical Classification Theory 

Statistical classification or discriminant analysis offers a class of modeUng 

techniques that aUow observations to be classified into appropriate a priori 

groups on the basis of a set of measurements. In this reseaxch, a priori groups 

axe defined as a predetermined vocabulaxy. This approach involves the transfor-

mation of multiple measurements to one or more weighted combinations having 

maximum potential for distinguishing among words in the vocabulaxy. The 

main purpose in discrimination is to identify vaxiables that are important in 

sepaxating the word centroids from each other, and to provide a basis for clas-

sification of observations among several words. The basic assumptions of the 

model are as foUows: 

1. The words are discrete and known. 

2. Each observation in each word is described by a set of measurements on 

p characteristics or variables. 

3. The p variables possess some conditional multivariate probabiUty distri-

bution. 

Assuming there are g words and a total of N observations on each word, 

and the covariance matrices axe equai across words, then the F-ratio can be 

caiculated for testing the significance of the overaU difference among several 
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word means on a single variable [Tatsuoka, 1971]. This is calcuLated using 

where SSb is the between-words sum-of-squares matrix, SS^u is the within-words 

sum-of-squaxes matrix. 

Since the number of words and observations axe fixed for any given problem, 

the first factor, SSb/SSrv is the essentiai ratio for measuring how widely a set of 

word-means differ among themselves, compared to the variability present within 

the words. The intention is to combine multiple measurements to obtain one 

or more composite variables having maximum utiUty for distinguishing between 

different words. 

Suppose that there are p predictor variables, Xi^X^,... ^Xp, then linear 

combinations of the form shown in equation 2.6 can be constructed by using 

Y = uiXi + 1/2X2 + • • • + i^pXp (2.6) 

where i/,- represent the weighting coefficients. 

Lineax combinations of these variables are formed by axis rotations. It is 

possible to directly obtain the within-words sum-of-squares of y , denoted as 

SS^{Y). This is accompUshed by computing the sum-of-squares for each word 

sepaxately and then summing results such that 

SSUY) = SS^{Y)-\-SS2{Y)-\--"-\-SSk{Y) 

= v'SiV -\- v's^v H -H v'SkV 

= v'Wv (2.7) 
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where 

SSi{Y) = v'SiV 

W = J2Si 
• = i 

= within words sum-of-square cross-product matrix. 

The between-words sum-of-squares cross-product matrix can be denoted as: 

B = (X -T)'{'X -T) (2.8) 

where 

X = t h e matrix of g word means of each of the p variables; 

and 

X = t h e matrix of grand means for the p variables. 

Pre- and postmultiplying Eq. 2.8 by v' and u, respectively, yields 

v'Bv = v'(X-T)'{'X-T)v 

= (Xv-TvY^Xv-Tv) 
_ _ _ 

= Y. ^ * ( ^ * - Yf sinceF = Xv 

= SSb{Y), ' (2.9) 

which is the between-words sum-of-squares of the transformed variable Y. 

The ratio of the between-words to within-words sum-of-squares of y as a 

function of the vector of combining weights v, is given as: 

SSb{Y) v'Bv 

SS^{Y) v'Wv 
= X (2.10) 
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where A is the discriminant criterion which measures the differentiation of words 

within a set. 

The next step in the sinalysis is to determine a set of weights, [Ai, A ,̂ • . . , Ap], 

which wiU maximize the discriminant criterion. To obtain these weights, first 

the paxtiai derivative (Eq. 2.10) with respect to v is taken, and results axe 

equated to the nuU vector: . . 

dX 2[{Bv){v'Wv) - {v'Bv){Wv)] 

dv {v'Wv)^ 
2[Bv - XWv] 

0 (2.11) 

fu, = 0 (2.12) 
v'Wv 

which is equivalent to: 

{B-XW) = 0. (2.13) 

Since W is nonsingular and hence possesses an inverse,W~^, Eq. 2.13 can 

be rewritten as: 

{W^B - XI) = 0. (2.14) 

The solution to Eq. 2.14 yields r nonzero eigenvalues, denoted as Ai, A^,..., Â  

(where r = imn{k — l,p)). The eigenvector vi = [i/n, 1/12,..., i^ip] provides a set 

of weights such that the transformed vaxiable 

Yi = i /iiXi -\- 1/12X2 -\-"--\- uipXp (2.15) 

has the largest discriminant criterion, Ai, achievable by any linear combination 

of the p predictor variables; and thus provides maximum average separation 

between the words relative to variabiUty within the words. Subsequent trans-

formations produce other Unear combinations or discriminant functions, un-

correlated with the preceding functions, in descending order of discriminating 
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abiUty (i.e., they possess progressively smaUer eigenvalues). For example, the 

second discriminant function 

Yi = 1/21X1 -I- 1/22X2 + • •. -f U2pXp (2.16) 

possesses the second best discriminating abiUty, and so on. 

The preceding derivation of the discriminant function depends upon the 

equaUty of the word dispersion (vaxiance- covariance) matrices. If the variables 

axise from multivariate normal populations and the within-words dispersion 

matrices for the vaxiables in the feature vector are identicai, but the mean 

vectors are different, Uneax multiple discriminant analysis (LMDA) provides an 

asymptoticai optimal solution to the recognition problem. On the other hand, 

when the dispersion matrices axe not identicai, quadratic multiple discriminant 

analysis (QMDA) should be used. 

Incorporating prior probabilities into MDA classification rules to account 

for relative frequency of the word usage is possible. Even though there is no 

knowledge available on this aspect concerning the selected vocabulary, one may 

be able to simulate an assumed environment. 

One of the main advantages of linear discriminant analysis and classification 

is the abiUty to reduce the dimensionaiity of the original problem to a smaUer 

number of dimensions that capture the same information. That is, not aU of 

the discriminant functions may be needed. The question of whether or not to 

utiUze all of the discriminant functions or only those that are statistically sig-

nificant depends upon the objective of the study. If the objective is parsimony 

(i.e., maximum sepaxation among the groups while minimizing the number of 

variables or functions used), only the statistically significant functions should 
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be employed in classification [Tatsuoka, 1971; Bock, 1975]. The remaining dis-

criminant functions account for chance differences or sampUng error. 

On the other hand, if classification accuracy is the primary objective, even 

statisticaUy insignificant functions should be used [Eisenbeis, 1972]. However, 

classification in the reduced space wiU not produce the same results as those 

obtained in the fuU space, if the dispersion matrices between the groups are 

unequal [Tatsuoka, 1971; Bock, 1975; Eisenbeis, 1972]. 

In the isolated word recognition problem,it is possible that the covariance 

matrices axe not equal, and sample sizes are small with a large number of vari-

ables. Also it may not be possible to invert the estimated covaxiance matrices. 

Studies by Marks and Dunn [1974], and Gilber [1969] show that Unear dis-

criminant functions axe often superior in such instances. In particular, it has 

been shown that quadratic discriminant functions often give poor classification 

accuracy with smaU sample sizes. Only when differences between covariance 

matrices axe quite laxge, the samples are also quite large, and the population 

sepaxations are smail, do they recommend the use of quadratic functions. 

There axe several factors that affect the usefulness of a recognizer. Some 

of the factors that are vital to a DSS are the training requirement, reliable 

performance, high accuracy, fast response time, and ease of implementation. 

From the perspective of ease-of-use by a DSS user: 

1. The training size (the number of repetitions of each word should be min-

imum. 

2. The performance reliability should be high since the user may discontinue 
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its use otherwise, 

3. Response should be fast or compatible with human reflexes, comparable 

to key-board terminais. 

4. Recognition error should be low, at least better than the user's key-board 

error rate, and 

5. The model-aigorithms should be simple and ecisy to instail and implement. 

Therefore aiternative MDA approaches need to be examined in the light of 

these criteria. 

2.7 Limitations of Current System 

A few commercial voice recognition systems exist. These axe mostly speaker 

dependent, isolated word recognition systems, and are effective only within 

naxrow lilmits. Evaluation of seven such systems by Doddington and Schalk 

[1981] reveais the foUowing Umitations: 

1. Expensive hardwaxe for a reasonably sized vocabulary. 

2. Prohibitively large computation involved in compaxison of input and ref-

erence data. 

3. Unreliable performance of the system in terms of accuracy. 

Rabiner and Levinston [1981] observe that recognition accuracy increases as the 

number of reference patterns (templates) per word increases from two to about 

eight. This however, makes the per word storage requirement considerably large. 
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If we look at word recognition in isolation from voice synthesis, it is highly 

probable that further reduction in process time and storage requirements can be 

achieved. It appears that Multiple Discriminant Anaiysis (MDA) can be used to 

achieve storage parsimony and higher accuracy. This dissertation explores this 

possibility and it is beUeved that MDA can be success fuUy applied by treating 

isolated word recognition as a classicai discrimination and classification problem. 

2.8 Summary 

This chapter examined the Uterature from the different areas of Decision 

Support Systems (DSS), isolated word recognition, and Multiple Discriminant 

Anaiysis (MDA). The literature reviewed synthesizes the past work that are 

relevant to the research problems being addressed by this dissertation. Prior to 

setting up a methodology for research, a design frame work for the voice input 

module of a DSS, based on MDA approach, is developed in the next chapter. 



CHAPTER 3 

DESIGN FRAMEWORK FOR A 

DSS VOICE INTERFACE 

3.1 Introduction 

Recognition systems are implemented usuaily as a substitute to the key-

board. Current systems are usually an add on module to an existing interactive 

information system. The system is trained for a predetermined set of words 

and put to regulax use. The recognition system becomes a module which is 

independent of the interaction language of the application. Lea [1983] identifies 

two major criticisms associated with existing recognizers. 

1. 95% of the recognition systems bought so far have been discontinued from 

use. 

2. Unreliable performance of the recognition system when actually put to 

use. 

One of the objectives of this research is to develop a design framework for 

a voice input subsystem, that is oriented to the end user and the application 

environment. This research visuaUzes a recognition system that allows the user 

choices at every stage of implementation. -The design framework is aimed at 

making the user aware of the choices that can be manipulated such that the 

device becomes adaptable to the specific appUcation environment. Also the 
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frame work is intended at making the manufacturers awaxe of the options they 

can provide in their future products that wiU enable reUable and continued use 

of recognition devices. 

The design framework for a voice input subsystem of a DSS can be viewed 

as a series of functional modules which facilitate human machine interaction. 

The most important component of any user interface is a language processor 

based on the syntax and semantics of the inter action language. This language 

processor is independent of the mode of interaction (e.g., keyboard or voice 

input). UsuaUy, a language processor is built over a token-identifier. It accepts 

word after word suppUed by a token-identifier and interprets words, as directed 

by the language rules. The token-identifier module of an interface is designed 

according to the mode of communication. For a voice interface, it would be a 

word recognizer. The design framework described in this chapter will be limited 

only to isolated word recognizers, although it might be possible to extend the 

concepts to other language processors. 

Given any vocabulary, this design framework should lead to a workable recog-

nition device. The design framework developed here is based on the basic signal 

processing stmcture foUowed by Itakura [1975], Martin [1976], White [1975], 

Sambur and Rabiner [1975], and a host of other researchers. However, this 

study pursues a recognizer driven by Multiple Discriminant Analysis. 

3.2 Overview of Functional Modules 

A broad overview of the basic functional modules of MDA- based recogniz-

ers is shown in Figure 5. The process of enabUng the machine to recognize 
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utterances is considered in four phases: preprocessing, training, recognition, and 

evaluation. Preprocessing is an integral part of both the training and the recog-

nition phases. Training is typically incurred during the startup of a MDA-based 

recognition system. This is a one-time fixed cost. Recognition is a recurring 

phenomenon with every utterance. Periodically the system is evaluated and 

retrained if a desirable performance level is not maintained. These phases con-

tinue to occur until the desired performance level is reached. Thereafter, the 

MDA-based recognition system is maintained in regular recognition use. 

During training, all words in the vocabulary are entered into the system. 

Each word is repeated by the speaker two to six times. The system digitizes 

the word each time it is vocalized by the speaker. The voluminous digitized 

data is then reduced to a tractable level by means of LPC anaiysis and retained 

as reference templates. In the recognition phase, an utterance of the speaker is 

digitized and compared, according to a predetermined criterion, to the reference 

templates created during the training phase. Finally the utterance is either 

identified to be one of the words contained in the vocabulary or rejected as an 

outside utterance. 

A designer is confronted with alternatives of specifying design paxaxneters at 

every phase. The framework developed here offers guidelines, based on signal 

processing and discriminant theory, that aid in the selection of appropriate 

design choices. The guideUnes are largely influenced by concems of accurate 

recognition in real-time. While most of the design parameters are unique to the 

different phases, there are a few factors which influence the overall design. 
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The size and acoustic nature of the vocabulaxy affects the accuracy and 

response-time of a recbgnizer. For example, a recognizer with a vocabulary of 

only two words may have very poor accuracy if the two words are acousticaUy 

very similax. Therefore, the designer in selecting the vocabulary may consider 

synonyms of "problem-words" to induce acoustic dissimilaxity. Since the voice 

recognition process closely repUcates the human vocal-tract phenomenon, words 

that sound similax to humans can be considered to be acousticaily similar or 

"problem pairs" to the machine. 

The size of a carefuUy chosen vocabulary may not affect recognition error, 

but wiU affect computation time. The demands on response-time wiU neces-

sitate that computation be limited to a desirable level. If the vocabulary is 

unduly large, the designer may consider a menu-driven interface in place of a 

command-driven one. The menu-driven interface has the effect of splitting a 

laxge vocabulary into a few smailer ones while replicating the recognition prob-

lem over smailer sets. A vocabulaxy of the magnitude of 200 words can be 

considered to be within reach of reai-time response. 

Another important overall design factor is the order of LPC analysis {p). 

Storage and computation demands increase proportionaUy with the order of 

axialysis during preprocessing as well as recognition phases. There is one guide-

line that aUows the designer to decide the minimum order of LPC, based on 

the sampling frequency ( / , ) . SampUng frequency refers to the rate at which 

the analog speech is digitized. For example, with an / , = SKHz, the minimum 

order of analysis that wiU truly represent a small duration of speech is 8. The 

designer may consider using higher orders than the minimum. Existing recog-
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nizers are quite sensitive to orders below the minimum rule. Although they 

become insensitive for orders in excess of 4 or 5 greater than the minimum. 

Therefore, the designer should choose the order of analysis to be within the 

range of the minimum and four or five plus the minimum. 

The sampling frequency affects the storage and computation involved in end-

point location as weU as LPC anaiysis. At an / , of 8KHz, the storage required 

to process one second of speech wiU be on the order of 8K locations. An fg oí 

the order of 20KHz makes it also possible for the inclusion of information per-

taining to unvoiced sounds. UsuaUy, recognizers are built to use the information 

contained in voiced sound, as this requires / , of the order of 6.5 to lOKHz. The 

designer may choose an / , in this range. The design framework is elaborated 

further with respect to each one of the four phases. 

3.3 Preprocessing 

The sequence of preprocessing steps are identical for both the training and 

recognition phase. The steps involved in preprocessing are shown in Figure 6. 

This phase is described in detail in the training phase. 

3.4 Training Phase 

The sequence of major events in the training phase is shown in Figure 7. 

The basic purpose of preprocessing and analyzing the speech signal is to reduce 

the data and extract only those features that faithfuUy represent the spectral 

information of the spoken utterances. The two most populaxly used feature ex-

traction methods are the Filter Bank model and the Lineax Predictive Coding 
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(LPC) model, which have been described in Chapter 2. Since, researchers con-

sider the LPC feature set to be the most accurate [Rabiner and Shaafer, 1978; 

Markel and Gray, 1976; Makhoul, 1975], it is the only model considered here. 

The LPC features extracted must be Umited to only the exact duration of 

the utterance and should not include the periods of silence or periods of back-

ground noise. In order to restrict the feature measurement to only the duration 

of utterance, the process of endpoint determination is carried out. Endpoint de-

termination is aiso vital for minimizing recognition errors and computation time. 

Two aiternative methods for endpoint location have been developed [Rabiner 

and Sambur, 1975, and Lamel, 1980]. These have been described in Chapter 2. 

Either of them could be employed, although Lamel's method is sUghtly superior. 

None of the current recognition models provides the machine with any addi-

tionai training. Current models end the training phase after endpoint determi-

nation. The features measured are simply stored as reference patterns. In the 

framework developed in this research, it is proposed that the training phase be 

continued by the introduction of discriminaiit anaiysis. This approach has the 

foUowing advantages: 

1. Use of an optimizing criterion. 

2. Considerable reduction in data storage; only the mean vectors, covariance 

matrices or the discriminant functions must be stored. 

3. Reduction in processing time. 

4. Prediction of future performance using statistical analysis, (impossible 

with existing technology except by experimentation). 
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5. Potentiai adaptation to almost any type of voice recognition problem rang-

ing from user-dependent, isolated utterances to user-independent, contin-

uous speech recognition. 

6. Potentiai matrix encodabiUty, which holds promise of parailel processing. 

7. StatisticaUy sophisticated and statisticaily analyzable error anaiysis, mak-

ing it feasible to identify acousticaUy similar utterances more readily than 

any of the existing methods. Consequently, special discriminant treatment 

can be employed for such subsets of words, if encountered in the process 

of performance evaluation. 

The discriminant analysis yields a set of discriminant functions which are 

used to map the reference pattems into discriminant space. Because speaking 

rates may vaxy for the same word, the discriminant data derived during the 

training phase must be a constant across the selected vocabulary. Inclusion 

of discriminant anaiysis provides the machine with discrimination abiUty while 

reducing the dimensionality of the problem to a minimum without loss of in-

formation. This exercise can be considered to augment "training" which can 

be described as a fixed cost, intended to reduce the recurring recognition cost 

(vaxiable cost). 

3.5 Recogniton Phase 

The recognition phase can be thought of as a sequence of events leading to a 

decision concerning which word in the vocabulary has been uttered (or whether 

the word is even in the vocabulary). Figure 8 shows the sequence of events in a 

recognition phase. The first two steps of feature measurement and endpont 
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location axe the same as described for the training phase. This feature set of the 

unknown utterance is mapped into discriminant space using the discriminant 

functions derived during the training phase. 

A variety of approaches is appUcable as a classification criterion. These 

approaches range from Mahaianobis distance to more involved log lUceUhood 

measures. The right choice of the classifica tion rule would laxgely depend on 

the criterion such as performance or optimization. 

3.6 Performance Evaluation 

The phase of performance evaiuation involves the analysis of misclassifica-

tions encountered during the recognition phase. It is possible to record the 

recognition performance and the knowledge of relative usage of words. This 

data can be used to retrain the machine. 

The designer wiU be most concerned with each subset of utterances that are 

so acousticaily similar that the probabUity of one utterance being misclassified 

as another is high. There are two ways by which a designer may choose to tackle 

such a problem. One is to find substitutes for those words, and reiterate the 

steps of ail three phases until the desirable level of recognition performance is 

attained. Altematively, a multi- level discrimination and classification approach 

can be attempted. This is conceptuaUy similar to the two-pair approach pro-

posed by Rabiner and Wilson [1981]. This altemative system would work in the 

foUowing manner. The vocabulary of words cire first grouped into equivalence 

classes based on the first level of discrimination and classification. In the sub-

sequent levels more discriminant information relevant to the identified class is 
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used to distinguish between words in that class. This approach may also reduce 

the size of the discrimination and classification problem at ail levels. 

The designer may also be interested in predicting performance in the classi-

fication of future utterances at a certain level of confidence. Extensive Uterature 

in multivariate statistics is available [Toussaint, 1974] for estimating the error 

rates by using the discriminant functions based on the original sample. 

3.7 Summary 

The framework developed in this chapter first presents an over view of the 

different stages involved in putting a recognition device to use. It provides 

details of choice available to the user and the considerations the user should 

give in order to maice an appropriate selection. The preprocessing is considered 

an integral part of both training and recognition phases. The framework is 

extended to include performance evaiuation and stabilization phases and the 

user's role in such phases. 

The framework proposed in this chapter is specific to a user trained, isolated 

word recognition environment. It can be easily extended to other domains such 

as user-independent and continuous speech systems. The methodology and 

experimental design of this research work is presented in the next chapter. 



CHAPTER 4 

METHODOLOGY AND EXPERIMENTAL DESIGN 

4.1 Introduction 

One of the principal objectives of this research has been to investigate the 

use of statisticai calssification theory in the speaker-trained, isolated word recog-

nition environment. This puts the onus on the researcher to examine the com-

patibiUty of voice recognition and discriminant theory, and to examine whether 

there exists any serious conflict that wiU necessitate an undue compromise from 

either discipline. Also, in the absence of a haxdware prototype, software is 

needed to simulate such an environemnt. At present, a spectrum of alterna-

tives for building recognizers is available in areas of preprocessing of digitized 

data, feature extraction, training, and recognition. Due to the wide range of 

alternatives, the pubUshed literature conceming some of the commercial sys-

tems exhibts a diverse range of capabilities [Doddington, 1981]. Comparison of 

a statistically based recognizer to the existing ones has to be achieved in an ex-

perimental setting. To draw any significant conclusions, it is also important to 

develop an experimental design using the most realistic performance measures. 

The methodology and experimental design is discussed in the sequence of 

preprocessing, the rationale for selecting the right discriminant analysis ap-

proach and the training and recognition based on the selected approach. The 
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chapter also elaborates the performance evaluation criteria and the associated 

experimentai design. 

4.2 Research Database 

The word set developed by Texas Instruments (TI) primarily for evaluating 

popular word recognition systems was used in the study. TI has been a leader 

in the area of speech processing research and has developed this database for 

use in word recognition reseaxch projects. Using this database, Doddington 

[1981], who directs research on advanced speech processing at TI, compares 

seven different systems. The database contains twenty words (10 commands 

and 10 digits) spoken by 16 subjects, each word repeated 10 times. The data 

was coUected over a period of several weeks to capture a wide variation in the 

spoken words. The Ust of words is presented in Table 1. Although the size of the 

vocabulaxy appears to be smail, it has been accepted as standard by researchers 

and even by TI's competitors for the foUowing reasons [Doddington,1981]: 

1. Even in systems supporting a larger vocabulary, this subset is used fre-

quently. 

2. Researchers consider this word set to constitute a fairly "difficult" vocab-

ulary to recognize. 

A male speaker's data was used in the study. The totai number of spoken 

utterances was 200, and the experimentation was done using some of these for 
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TABLE 1 

List of Words in the Vocabulary 

C 

0 

M 

M 
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D 
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G 
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REPEAT 

GO 

ENTER 

HELP 

STOP 

START 

ONE 

TWO 

THREE 

FOUR 

FIVE 

SIX 

SEVEN 

EIGHT 

NINE 

ZERO 
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"training" and the rest for "recognition" in order to simulate a close-to-real 

world recogniton problem. 

4.3 SampUng Frequency {/„) 

The analog data was digitized at a sampUng frequency (/ ,) of 8KHz using 

TI's digitization and computing faciUties in Lubbock, Texas. Subsequent pro-

cessing was done at Texas Tech University. Sampling frequency represents the 

rate at which the analog data is digitized. At an 8KHz sampUng frequency, 

8000 pieces of digitized data are generated to represent each second of speech. 

Digitization is analogous to transforming a continuous speech waveform into 

discrete data. The precision of such a transformation is therefore proportional 

to the sampling frequency. Using sampling frequencies on the order of 8KHz, 

voiced sounds wiU dominate the information contained in the digitized data as 

compared to the unvoiced sounds. If it is also desired to accurately estimate the 

unvoiced sounds, a sampUng frequency on the order of 20KHz wiU be appropri-

ate [Markel and Gary, 1976]. However, this increased sampling rate increases 

the number of digitized samples to 20,000 for every second of speech, and con-

sequently increases the processing requirements to determine endpoint location 

and to extract the LPC feature set. 

The sampling frequency also influences the frame size (i.e., the number of 

digitized samples to be used for estimating the LPC feature set). The frame size 

should usually be of 15 to 50 ms duration. At a sampling frequency of 8KHz, 

about 120 to 400 æ[Bdigitized samples per frame should be used. Since the LPC 

feature set for recognition purposes consists of the autocorrelation coefficients 
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derived from each frame of the digitized data, the order of autocorrelation is 

of significance. The minimum order of autocorrelation analysis, also known 

as "memory," is directly related to the sampUng frequency. The "memory" 

duration is defined as 2 I / c , where L is the length of the vocal tract and c is the 

speed of sound. For example, the representative values of c = 34 cm/ms and 

L = 17 cm, result in a necessary "memory" of 1 ms. When the sampUng rate 

is 8KHz, the order must be at least 8 (which is the same as saying 8 digitized 

samples for 1 ms of "memory"), and Ukewise, for 6.5KHz, at least 7. 

4.4 Endpoint Location 

Digitization is done to ensure that the spoken word was included well within 

the string of digitized data; i.e., a patch of background noise foUowed again by a 

patch of background noise. It is necessary to isolate the spoken word by locating 

its beginning and ending points. Accurate endpoint location is essential as it 

influences the overall performance of a recognizer. Two methods were discussed 

eaxUer in Chapter 2. 

Rabiner and Levinson [1981] report Lamel's method, using adaptive-level 

and duration thresholds, and setting endpoints in terms of the energy contour 

exceeding these thresholds, to be most accurate. A duration threshold of 125 

ms, over which the energy should show a sharp rise, and a frame size of 200 

digitized samples were used for energy computations. The frame size chosen for 

endpoint location could be arbitrary except that it should not be too large. A 

small frame size improves precision but at a higher computation cost. In the 

existing systems, it is customaxy to use the same frame size for both endpoint 
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location and LPC anaiysis. Subsequent discussion on LPC analysis (section 

4.5.4) reveals that choosing a frame size of 200 samples is appropriate. 

4.5 Feature Extraction 

The two methods in vogue, namely the FUter Bank model and the LPC 

model, were reviewed in Chapter 2. At present, the LPC model is more widely 

used by researchers and manufacturers because it provides a robust, reUable 

and accurate method for estimating the paxameters chaxacterizing the Unear, 

time-vaxying system [Rabiner and Schafer, 1978; Markel and Gary, 1976; and 

Makhoul, 1975], and has been chosen to do the feature extraction in this study. 

The LPC feature set for recognition purposes is the autocorrelation coefficients 

derived for any single frame of data. The feature set represents the vocal tract 

configuration for a short duration of speech (15 to 50 ms) over which the pa-

rameters have been estimated. This short duration of speech is characterized 

by the frame size chosen for LPC analysis. The assumption is that the human 

vocai tract a^ssumes a particular configuration, characterized by a set of vocal 

tract paxameters, for a duration of one frame, changes to some other for the 

next frame of speech, and so on. It also means a considerable data reduction, 

since the LPC feature set can now replace the original frame of digitized data. 

For example, if the frame size is 200 digitized samples and the order of LPC 

analysis is 10, then the data reduction is 20 to 1. 

Having decided to use the LPC model for feature extraction, it was imper-

ative to observe appropriate guideUnes preparatory to LPC analysis such as 
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pre-emphasis and windowing, which relate to the sampling frequency (/ ,) and 

frame size. 

4.5.1 Pre-emphasis of Digitized Speech Signai 

Pronounced vocal track, spectral characteristics can be obtained by pre-

emphasizing the signal [Maxkel and Gary,. 1-976]. The idea behind pre-emphasis 

is to spectraily flatten the speech signai using a transfer function. 

Sp{n) = S{n) -aS{n- 1) (4.1) 

with a in the range of 0.9 through 1, where 

S{n) = nth digitized sample of speech, 

S{n — 1) = the digitized sample of speech prior to S{n), and 

Sp{n) = nth. pre-emphasized sample of speech. 

Pre-emphaÆÍs of the digitized signal with a = .95 was carried out. 

4.5.2 Windowing 

When LPC analysis is caxried out over a fairly long interval additional pre-

processing known as "windowing" is necessary so as to capture the low formant 

information. Windowing is the process of applying a smoothing function to 

taper the speech samples to zero at the ends of the frame. A general rule 

for LPC methods using frame sizes greater than 15 ms or several pitch peri-

ods is that windowing should be used on the pre-emphasized data [Markel and 

Gary, 1976]. Since this study examines a wide range of frame sizes to observe 

the sensitivity of MDA performance, a typical smoothing function, cailed the 
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Hamming window [Rabiner and Levinston, 1981], was used. The Hamming 

window is defined as 

0 tr • ! 

w{n) = 0.54 - 0.46 cos . (4.2) 
N -1 

This was appUed to the pre-emphasized data to get the windowed signal 

Suj{n) = Sp{n)w{n) (4.3) 

where 

w{n) = smoothing function as appUed to nth digitized sample 

within a frame 

N = frame size 

n = 0 , 1 , 2 , . . . , 7 V - 1 

Sw{n) = the windowed data 

Sp{n) = the pre-emphasized data. 

4.5.3 LPC Analysis 

The nature of LPC analysis to a laxge extent depends on the problem axea 

such as voice recognition or voice sythesis. However, the discussion here is only 

relevant to voice recognition. LPC anaiysis is a way of reducing a sequence 

of time-series data contained in a frame of speech to a few auto- correlation 

coefficients. The extent to which the data is reduced is given by the ratio of 

the frame size to the order of autocorrelation analysis. The autocorrelation 

coefficients are given by: 

N-p 

R{P) =Y1^- ^i^)^rv{n + p). (4.4) 
n=0 
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An LPC feature set of the form {R{0), i 2 ( l ) , . . . , R{p)} alone is usually sufficient 

for recognition appUcations. 

4.5.4 Frame Size for LPC Anaiysis 

As mentioned ezLrlier, signai processing considerations impose a restriction on 

how large a frame size can be, and for this study it was found to be between 120 

and 400 digitized samples. Customarily, researchers in the voice recognition area 

choose a constant frame size, say 200, regardless of the duration of the utterance. 

This means the number of frames spanning the end points of utterances varies 

proportionately with the duration of speech. Consequently, the LPC feature 

sets generated for different repetitions of the same word may vary. 

In pursuing MDA-based recognizers, the researcher is constrained to main-

tain a constant-sized "training" and "unknown" templates. Constant template-

size means maintaining the same number of frames across aU utterances. How-

ever, a constant number of frames is equivalent to the existing method when 

linear time aiignment is appUed. In other words, in choosing a constant num-

ber of frames, the linear time aUgnment is impUcit. The range of variation in 

the frame size wiU be proportional to the deviation of the shortest and longest 

utterances contained in the vocabulary. 

If the frame size is too smaU, LPC estimates are Ukely to be less accurate, 

and if the order of analysis is also small, LPC estimates wiU be inaccurate. 

However, too smaU a frame size means too many frames. That is, recognition 

is based on the distance accumulated over too many frames, with an imposing 

computation cost. On the other hand, too large a frame size may lead to 
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the inclusion of several pitch periods. This may tend to distort the estimates 

by averaging; but pre-emphasis, windowing and an / , of 8KHz wiU aid the 

information pertaining to voiced sounds to be dominant. If the number of frames 

is smail (for example, 8 frames), the storage and computational requirements 

axe considerably reduced. Therefore it is desirable to examine whether LMDA is 

able to perform without significant loss in accuracy under such circumstances. 

Existing systems generaUy use between 8 to 16 frames inclusive. This study 

used 8 and 16 frames as the frame sizes which fail within the acceptable range. 

The 8-frame and 16-frame cases axe for comparing MDA with the best existing 

model. 

4.5.5 Order of LPC Analysis 

The order of autocorrelation {p) largely depends on the sampling frequency. 

EarUer, the relationship among the length of the vocal tract (L), speed of sound 

(c) and sampUng frequency (/,) was shown. For an / , of 8KHz, p should be at 

least 8. While this is the bottom Une, at most 4 or 5 more wiU be required to 

completely represent the spectral structure of voiced speech. Recognizers with 

8th- and lOth-order LPC analysis are most common. The order of analysis has 

direct implications on computing requirements. When a recognizer is in use, 

the computing requirements directly depend on the number of frames and order 

of analysis. For example, if an utterance is contained in 20 frames', and if lOth 

order analysis is performed, 200 locations (units of storage) wiU be required to 

maintain one reference template. 
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One property of higher-order LPC is that the lower orders are fuUy contained 

within them. For example, the first eight coefficients of a lOth-order LPC 

analysis constitute the 8th order. The order of analysis interacts with MDA, as 

it affects the size of the discriminant functions. Each discriminant function is 

a vector of size p where p is the order of analysis. The fuU discriminant space 

C2U1 at most be of a size given by minimum o{ {p,g — 1) where p is the order of 

analysis and g the number of isolated words. Even for a fairly smaU vocabulary 

of 20, p is far smaller than g. Therefore, for voice recognition problems, the 

fuU discriminant space is identified by p discriminant functions each being a 

p-element vector. 

4.6 Training Using 
Multiple Discriminant Analysis (MDA) 

Discriminant theory provides a wide class of models, and the choice of the 

appropriate one depends upon sound rationale, such as underlying distributions 

and costs the problem area offers. 

4.6.1 Rationale for Model Selection 

Fisher's LMD A was found to be the most appropriate based on the foUowing 

considerations: 

1. If the problem requires several populations or groups to be separated, 

possibly in a reduced space, LMDA may be the most appropriate. Since 

reduced space implies storage and computational paxsimony, such a model 

wiU be desirable. 
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2. When the discriminant space is of the same size as the test space, Fisher's 

LMDA ensures minimum total probabiUty of misclassification (TPM) pro-

vided the following assumptions are met: 

(a) Prior probabilities are equal. 

(b) Within-word dispersion matrices are equai. 

(c) The population of utterances for each isolated word foUows a multi-

vaxiate normal distribution. 

In order to use LMDA, the normaUty assumption can be relaxed, but in 

the interests of minimum TPM, it is desirable that this assumption be 

met. 

3. One underlying assumption of LMDA is that within-word dispersion ma-

trices are equai and of fuU rank. If this is not true, the covariance ma-

trices axe to be estimated individuaUy and the quadratic discrimination 

(QMDA) rule would apply. Estimation of individual dispersion matrices 

under QMDA would imply training sizes of at least p-\-2 per word where 

p is the order of autocorrelation analysis. For p = 10, this would amount 

to 12 training samples per word. The storage and computation involved 

in QMDA wiU be prohibitively high, not only during the training phase 

but also when in recognition use. 

4. Even conceding its cost, if QMDA is found to be the most appropriate 

method, the demand on the part of the user to train with such a large 

number of repetitions makes QMDA operationally unattractive. 
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5. QMDA may be useful if the recognition accuracy is exceptionally better 

than existing techniques. However, existing systems are capable of recog-

nition accuracies very close to 100% with a training size of around eight 

utterances per word. Thus, a QMDA approach is dominated by existing 

approaches. 

6. Studies by Marks and Dunn [1974], and Gilbert [1969], show that LMDA is 

superior when it is not possible to estimate invertible, fuU rank covariance 

matrices. In particular, it has been shown that quadratic discriminant 

functions axe also very poor for smail sample sizes. Only when differences 

between covariance matrices axe quite large, the training samples are quite 

laxge and population separations are small, do they recommend QMDA. 

It would therefore be prudent to attempt LMDA. 

7. The proportionai discrimination model (PMDA) which requires comput-

ing resources between LMDA and QMDA could be a promising alterna-

tive. If there are g words represented by p-variate observations, estimation 

of covariance matrices and proportionaUty constants wiU require a mini-

mum training size of {p-\-2g)/g per word. This means a minimum training 

size of 3, which is therefore inferior to at least a few of the existing systems. 

8. If LMDA is found to give close to 100% performance results, it wiU be an 

extremely attractive altemative from the viewpoint of parsimonious com-

puting requirements. But it does not preclude the possibiUty of PMDA 

being a superior model to LMDA, because PMDA wiU give at least as 

good a performance as LMDA in instances of infinite sample sizes. 
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9. LMDA would require a training size of at least {p-\- g + l)/g per word. 

bince this works out to only two training samples per word, it is quite 

compaxable to existing systems. As explained later, the computing re-

quirements of LMDA wiU usuaUy be less than existing methods for the 

benefits derived. 

10. Choosing LMDA would be tantamount to accepting the associated model 

assumption. Its impUcations from the point of view of voice recognition 

axe: 

(a) The variation in the vocai tract when a speaker utters different words 

is significantly larger when compaxed to the vciriation in repeating the 

same word at different points in time. 

(b) The variation due to repeating the scime word is a constant regardless 

of what word is spoken. The QMDA assumption would imply that 

not only is the within-word vaxiation not a constant, but aiso that the 

differences are significantly laxge. The LMDA assumption appears 

simpler and reaiistic 

4.6.2 LMDA Assumptions 

It was pointed out earUer that, in the interests of minimum total proba-

biUty of misclassification (TPM), the underlying LMDA assumptions are met 

as closely as possible. However, sample size considerations do not permit a 

thorough investigation of the assumptions. 
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4.6.2.1 Equal Prior ProbabiUties 

In order to realize minimum TPM, it is necessary that the prior probabilities 

axe either equal or known. Since this study ignores the Isuiguage syntax, equal 

prior probabiUties axe assumed. However, if the prior probabiUties are different 

but known, it is easy to alter the decision criterion for recognition. The precise 

nature of the language syntax usually allows a close estimation of prior probabiU 

ties. When prior probabiUties are not known, it is usual to assume they are 

equai, and to simulate such an environment. 

4.6.2.2 Normality Assumption 

In order to use LMDA, the normaUty assumption can be relaxed, but in 

the interests of minimum TPM, it is desirable that this assumption be met. 

FuUer [1976] has shown [Theorem 6.3.5] that under the circumstances where 

the number of time series observations used is large compared to the order of 

autocorrelation, the set of autocorrelation coefficients asymptotically foUows a 

multinormal distribution. Therefore, no statisticai test is necessary to examine 

this assumption. 

4.6.2.3 EquaUty of Covariance Matrices 

The third assumption is that the within-word dispersion matrices are equal. 

This assumption has to hold for aU frames. It was explained in the previ-

ous section how training size constrains the estimation of individual dispersion 
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matrices. The F-distribution approximation proposed by Box [1949] permits 

testing of equality of several covariance matrices. The test involves estimation 

of individuai and pooled covariance matrices. In order to obtain invertible es-

timates of individual covariance matrices, it is necessary to use the 8th order 

LPC feature set of the entire 200 observations arising from 20 word populations. 

The statistical test is as explained below: 

The null hypothesis is: 

Ho : Si = S2 = • • • = S 20. 

5i, the unbiased estimate of 2 , , based on n,- — 1 degrees of freedom, can be 

used instead of 2,-. The test statistic is Mb~^ that foUows i^/1,/25 approximation, 

where 

A^ = ^ ( n - l ) l n | 5 | - n " . - l ) l n | 5 . | (4.5) 
i = l 

-1 _ l - A \ - h l h j - i ^ -"^^ ' " ' ' (4.6) 

^ ( 2p ' + 3 p - l ) ( , + l ) 

6(p + l)^n ^ ^ 

and / 1 , /2, the degrees of freedom. The degrees of freedom are computed as: 

/1 = |p(p + l ) ( f f - l ) (4.8) 

where 
( p - l ) ( p + 2)(g '+ff + l ) 

Qg'^n'* 
^ 2 = u i ^ w z ± ^ | _ Z i ^ (4.10) 

p = The order of autocorrelation 

q = The number of word populations. 
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If the computed value of Mb-^ is found laxger than F/1,/2 for an a = .05, then 

the hypothesis that the covariance matrices are equal is rejected. 

4.6.3 Training Scope 

The basic idea behind LPC-based recognizers is that over shorter time inter-

vals speech exhibits a Uneax, time-varying system. That is why today's recogniz-

ers do a frame-to-frame template matching and use accumulated distance as the 

criterion for averaging the reference templates while aiso training in recognition 

use. 

The existing methods using Dynamic Time Warping (DTW) do not precisely 

distinguish the training and recognition phase. The DTW-based accumulated 

distance criterion is used to recognize the word, and if the classification was cor-

rect, the same criterion is used to compute and average the reference template. 

An example of template matching using DTW is presented later, 

Since the LMDA formulation is also based on LPC features, the scope of 

training wiU include: 

1. Deriving discriminant functions frame-by-frame, and 

2. Mapping the mean vectors for each word into the discriminant space by 

applying the derived functions. Each discriminant function maps the orig-

inal p-variate observation into one univariate measurement. The size of 

the resulting discriminant space wiU depend on how many of these dis-

criminant functions are used. 
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Recognition is based on minimum accumulated Mahalanobis distance mea-

sures computed in discriminant space. 

4.6.4 Training Size 

Existing methods allow the use of a recognizer after training with one or 

two utterances of each word. However, the training actuaUy continues, even 

when in recognition use. The averaging of the reference template using the 

correctly recognized unknown template goes on until the recognizer reaches a 

stable performance. Studies, including Doddington [1981], have examined the 

influence of training size on recognition accuracy and report: 

1. There is a steady improvement in performance untU the training size 

reaches about 6 to 8 repetitîons. 

2. Training size beyond 8 is considered to induce "over-training," resulting 

in a drop in performance. 

Training sizes ranging from 2 to 6 were employed in this study to investigate the 

performance. It was also considered useful to get an idea of the cutoff training 

size beyond which there is no significant improvement in LMDA performance. 

The database contained a total of 200 utterances arising from 10 repetitions 

of 20 isolated words. This means when larger training sizes were used, the num-

ber of utterances used for simulating recognition was reduced correspondently. 
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4.7 Recognition Phase 

The major differences between a LMDA-based recognizer and existing rec-

ognizers arise in the recognition phase. In existing recognizers, the criterion for 

recognition has two aspects: 

1. Since existing models assume a constant frame size, the spoken utterance 

may be measured using a different number of frames compared to the 

reference template; this necessitates a time aUgnment between the two. 

2. Accumulated distance measures between the time-aligned template and 

reference templates are computed. 

4.7.1 Dynamic Time Warping (DTW) 

The DTW aigorithm does the time aUgnment and computation of accumu-

lated distance in one pass, but at computational expense. One of the concems 

of current researchers has been to find parsimonious ways and means of imple-

menting DTW. The foUowing example iUustrates how DTW operates. 

Suppose that the unknown template is being compared with a reference 

template for, the word "four," which has five frames of data in a sequence 

like "FFOOR." Assuming that the unknown utterance was of four frames of 

data in a sequence Uke "FORR," the set of possible alignments of the reference 

template with the unknown is shown in Figure 9. This matrix contains distances 

from any frame in the unknown to any frame in the reference template. The 
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various possible aUgnments are represented by all paths originating at the lower 

left-hand box and ending at the upper right-hand box. DTW is a recursive 

procedure for determining the shortest path leading to the upper right-hand 

point. The minimum accumulated distance to any point {ij) from the lower 

left-hand corner is given by: 

A{iJ) = DIST{iJ) + rmn{A{i - lJ),A{i - IJ - 1), A{iJ - 1)} (4.11) 

where 

DIST{i,j) = Distance between íth frame of reference template to j t h 

frame of unknown template 

A{i,j) = Minimum accumulated distance at ith frame of reference 

template and ^th frame of unknown template 

i = 1 through number of frames in reference template 

j = 1 through number of frames in unknown template. 

This method, however, forces a match from end to end. 

The Viterbi algorithm, which is a modification of the above, assumes that 

transition from any frame to any other frame is possible. In other words, it 

relaxes the constraint of a forced end-to-end aUgnment. 

4.7.2 Comparison of DTW and LMDA 

The rationale behind the DTW distance measure is that time aUgnment, 

based on the minimum accumulated distance criterion, wiU produce a better 

fit when the unknown template is aUgned with the correct reference template. 
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DTW has been shown to give better results. Yet, it does not ensure minimiza-

tion of classification errors as it is not an optimizing procédure. Misclassifica-

tions can occur with DTW only when the distortion in the unknown utterance 

is large enough to cause a better fit with a reference template other than the 

true one. That is, DTW impUcitly assumes that the distortion, when repeating 

the same word at different points in time, is relatively smail compared to the 

distortion between utterances by the given speaker of different words. LMDA 

also makes the same implicit assumption, by assuming within-word dispersion 

to be smail relative to between- word dispersion. 

However, LMDA's two-fold pursuit of minimizing total probability of mis-

classification (TPM) and parsimony of storage makes it more attractive than 

DTW for two reasons. 

1. When the accuracy in reduced spaces is the same as in the fuU test space, 

the user can benefit from parsimony of storage. DTW operates on the 

original fuU test space without assuring minimum TPM, nor storage par-

simony. 

2. Given the fuU test space and assumptions, LMDA ensures minimum TPM. 

However, this would require increased storage relative to fuU space DTW 

formulation. As explained later, the additional storage required is negU-

gible. 

4.8 Performance Analysis 

The critical part of this study lies in the development of an experimentai de-

sign that allows a sound comparison of LMDA and the best reported recognition 
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method. The three criteria that character ize the performance of a recognizer 

are error rate or accuracy, storage, and computation. Absolute measures taken 

in a simulated environment have little meaning. Therefore, estimating these 

measures in relative terms as precisely as possible is most appropriate. 

4.8.1 Recognition Error 

The most important performance measure of a recognizer is its recognition 

accuracy. Recognition error {Et), a vector of two measurements, is usuaUy 

considered the best measure of recognition accuracy, especiaily for limited vo-

cabulary recognizers. The error {Et) has two components, substitution error 

{Es) and rejection error {Er). Substitution error occurs when an unknown ut-

terance contained in the vocabulary is misidentified as some other word in the 

vocabulary. A recognizer built for a limited vocabulary should naturaUy reject 

unknown utterances from outside the vocabulaxy. When this does not happen, 

it is counted as a rejection error. 

For LMDA-based recognizers to be acceptable, their performance must be 

statisticaUy superior to existing methods, at least with respect to recognition 

error. If LMDA is also superior with regard to storage and computational 

requirements, then existing procedures are clearly dominated. In any case, it is 

vital that the recognition error be at least as good as the best reported method, 

since this performance measure is uncompromisable. 

The two-fold objective of this study involves comparing the LMDA approach 

to existing ones and examining the LMDA performance by itself. Some of the 

constraints under which this has to be achieved are: 
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1. The precise details of commercial systems concerning preprocessing, fea-

ture extraction, recognition algorithm, data encoding, e t c are not avail-

able in the open literature. Most of the details are held as conunerciai 

secrets. 

2. The diversity in their capabiUties (size of vocabulary, accuracy, price, e t c ) , 

as claimed, makes it impossible to select one system as the best. 

3. Commerciai systems compromise on algorithms in the interests of cost 

[Lea, 1983]. In other words, what is reported as the best algorithm in 

the Uterature may not be foUowed in its entirety in any of the commercial 

implementations. 

Since this study only simulates a real-world recognizer, the most appropriate 

approach to achieve unbiased comparison was found in implementing the best 

existing method reported in the literature. However, it is essential that both 

LMDA- and conventional implementations be tested under identical conditions. 

Hence, the same preprocessed data was used in both cases. The best existing 

method was identified to be LPC/DTW- based, with a frame size of 200 digitized 

samples. It was mentioned earlier that for endpoint location an arbitrary frame 

size could be used. Since a 200-sample frame size for LPC analysis was chosen, 

the frame size for endpoint detection was also chosen as 200 samples. Once 

endpoints are located, the number of 200 sample frames containing endpoints, 

becomes the template size for the LPC/DTW. 

While 8th-order LPC is most common, both 8th-order LPC and lOth order 

analysis was conducted since some systems use lOth order. Also training sizes 

of 2 to 6 per word are usual. The LPC/DTW and LMD.\ were compared 
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under these specifications. Further experimentation was done exclusively with 

LMDA. Two treatments of LMDA, 8-frame and 16-frame cases, were identified 

for comparison. In aU, there were three treatments, two of LMDA and one of 

existing techniques. With two different orders of LPC analysis (8 and 10) and 

five different training sizes (2 to 6), 10 cells were observed for each treatment, 

with one observation per ceU. In order to examine whether the differences in 

performance are significant or not, the nonparametric Friedman test for overall 

compaxison was considered most appropriate. If the nuU hypothesis that there 

is no overail difference between treatments is rejected, then it wiU be necessaxy 

to use the pairwise comparison procedure suggested by Conover [1980] in order 

to rank the treatments. 

Since the database contained only 20 words, it was decided to simulate 

recognizers for the entire vocabulary. However, this does not aUow simultaneous 

observation of the rejection error. If this has to be done, simulating outside 

vocabulary utterances during recognition wiU reduce the words used to build 

the recognizer. This, in turn, reduces the extent to which substitution error can 

be measured. Under the constraints of a smaller vocabulary, it was also not 

clear as to how the vocabulary should be split in order to measure both errors 

together. It was therefore considered appropriate to measure them separately. 

The entire vocabulary was used to observe the substitution error for the three 

treatments and ten cells specified above. 

However, the vocabulary was spUt into two parts to examine the rejection 

error. The first part contained 12 words and the second included 8 words. 

The system was trained for the first set, and the omitted utterances were then 
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used to test for rejection error. The rejection error was measured for aU three 

treatments and 10 blocks. 

The same statistical test discussed above was used to compare the treat-

ments for both substitution error as well as rejection error. The influence of 

training size, frame size and size of discriminant space on the error rate was 

also examined. 

4.8.2 Storage 

With ever-decreasing hardware costs, it may appear at the outset that stor-

age is really not a constraint. Although the recognition error is of supreme 

importance, storage remains a close second criterion. This is because storage is 

closely related to the computation time or CPU time and a recognizer has to 

operate in real time. For example, the saving in storage by using 8th-order LPC 

analysis as opposed to lOth-order is 20%. Accordingly, the saving in CPU time 

due to distance computations is also 20%. Therefore, while the cost of storage 

itself may be insignificant, it is the parsimony gained in computation that is of 

interest. 

Existing commercial recognizers encode the LPC features depending on the 

size of storage locations. For example, the LPC features which measure between 

-1 and -\-l can be encoded, using suitable class intervals, into integer numbers 

ranging from 0 to 31 if the per-unit storage size is constrained to five bits. 

Exactly how this encoding is done is held as a commercial secret. Consequently, 

this study does not consider encoding as a means of storage reduction. In any 
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case, the study used a large mainfirame computer for both existing and LMDA 

methods. 

A certain amount of storage is also used for intermediate results not related 

to computation time. Current recognizers consider this as a fixed amount of 

storage and are built to economize that part of storage relating to templates 

as it influences computation time. Therefore, the appropriate way to compare 

LMDA with LPC/DTW wiU be to report in relative terms rather than absolute 

terms, taking the existing method to be 100%. This ailows the researcher to 

ignore those components where the two methods are identical and concentrate 

only on those where the differences are unique. For example, the storage and 

computation requirements during digitization and endpoint location are identi-

cai. However, there are some procedural differences at the LPC anaiysis stage^ 

LMD A uses a constant number of frames while existing methods use a constant 

frame size. But if the average number of frames in the existing method is close 

to that chosen for LMDA, the resulting storage wiU be more or less the same. 

Storage differences in this respect wiU be insignificant. 

The template storage requirement can be expressed using simple equations. 

For the LPC/DTW method: 

Te=t,-P (4-12) 
.=1 ^ 

where 

Te = Template storage for existing method 

Di = Duration of the template for ith word 

M = Frame-size 
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p = Order of LPC analysis, and 

g = Number of isolated words. 

For LMDA, the fuU test space storage can be expressed as: 

31 = Í : ( Í ) ( P ) = (S)(Í)(P) (4-13) 
1=1 

where 

T/ = Template storage (fuU space) for LMDA 

L = Number of frames, and 

p = Order of LPC aucdysis. 

When fuU test space is used, Tg and Tl wiU be more or less the same. However, 

LMDA must additionally store the discriminant functions. Earlier, it was shown 

that each discriminant function needs p units of storage and that the maximum 

number of such functions can be p. This additional storage can be expressed 

as: 

Td = p\L) (4.14) 

where 

Td = Space for discriminant functions 

p = Order of LPC, and 

L = The number of frames. 

This is a constant regardless of the size of the vocabulary, assuming g > p. Since 

each word-mean-vector requires pL units of storage, this additional requirement 

amounts to p more words. How this affects the computation is explained in 



69 

the next section. It is important to note here that p words equivalent increase 

in the fixed amount of storage is negUgible. For example, a recognizer may 

use a buffer storage of, say, 20 seconds of digitized speech, since the system 

is constantly digitizing speech and looking for utterances. For an / , of 8KHz, 

this wiU amount to approximately 160K locations. Adding p words equivalent 

of storage, say for p = 10 and L = 8, wUl amount to 0.8^" which is clearly 

negligible. 

The most significant storage comparison arises when LMDA is considered in 

reduced space because any reduction in the size of the discriminant space wiU 

reflect in computations also. The effect of operating in a reduced discriminant 

space can be readily expressed in the form of a simple equation. 

Tr = 't{q)iL) + T, (4.15) 
1=1 

where 

T, = (p)(9)(i) 

Tr = The storage for word templates in reduced space 

Td = The storage for discriminant functions 

g = Number of words 

p = OrderofLPC 

q = Dimension of the reduced space 

L = Number of frames. 

There is no storage saving when the reduced space is of same dimension of the 

fuU test space {p = q)- However, when q < p, the reduction is gL{p-q) locations. 
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This gain is across aU words. This correspondingly reduces computation also. 

This dual reduction as a ratio is given as (1 — q/p). 

The researcher was concemed primarily in storage that also influences com-

putation, and therefore, LMDA performance was exclusively investigated by 

marginaUy adding discriminant functions, starting from one, untU the fuU test 

space is reached. This was done for 8, and 16 frames. For each of these, training 

sizes from 2 to 6 were considered. Also, it was replicated for 8th- and lOth-order 

LPC. 

4.8.3 Computationai Requirements 

Any useful recognizer has to meet the requirement of recognizing correctly 

in real time. Therefore, computationai burden is a very important criterion. 

However, CPU time is not a good measure for several reasons. First, the study 

was performed on a large, time-shared mainframe, and CPU time is partiaUy 

a function of system load at execution time, system overhead, e t c Second, 

the efficiency of aíiy softwaxe system depends on a variety of factors, including 

the haxdware upon which the software is run, the abiUty of the programmers 

involved to write efficient code, the capability of the compUer used to generate 

efficient code, e t c , e t c Hence other means of comparing the computational 

burden are needed. 

Computation is also reduced when the syntactic rules of the interface lan-

guage are incorporated in the recognition algorithm. Since the syntactic struc-

ture of a language was absent, it is not possible to compare with existing rec-

ognizers in absolute CPU/computation time. Moreover, this study used a large 
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mainframe which is not feasible in most commercial appUcations, so the abso-

lute measures of CPU time wUl be meaningless. Also, the software developed for 

research was designed for experimenting with various parameters rather than 

for a baxe minimum commercial recognizer. 

Therefore, reporting the absolute CPU/computation times wiU be not only 

inaccurate but also highly misleading. Therefore, a similar approach to the 

one used for storage was foUowed, i.e., compare LMDA relative to LPC/DTW 

from the perspectives of fixed and variable costs. Real time recognition consti-

tutes vaxiable cost whereas training constitutes fixed cost. Therefore, this study 

addresses the recognition phase with more importance. 

Training in LMDA involves computing word-mean vectors. This consists of 

averaging templates, and is identical to LPC/DTW. Existing methods do not 

have any more training cost. But LMDA would additionally require computa-

tions relating to discriminant functions. This involves: 

1. Computation of the within-word dispersion matrix (5) 

2. Computation of the between-word dispersion matrix {B) 

3. Inverting the within-word dispersion matrix (5"^) 

4. Multiplying B and S~^ 

5. Extracting discriminant functions from BS~^ 

6. Mapping (multiplying) aU word-mean vectors using discriminant func-

tions. 
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The SAS-matrix language, available on a large mainframe, was used for aU 

of the steps. It has already been mentioned that citing the CPU time statistics 

of this research wiU be inappropriate. It is not even possible to guess as to how 

much time it wiU take in a micro processor-based system because: 

1. SAS-matrix is not yet implemented on microcomputers. 

2. SAS, as a softwaxe package, has an expensive overhead. 

3. CPU times based on MVS operating systems include overhead not relevant 

to a dedicated CPU. 

4. The programs developed by the researcher kre better suited for experi-

mentation. 

5. Being a simulated study, a considerable amount of computation was di-

rected towards activities such as spUtting the database into training ob-

servations and classifying ones, e t c , that are not relevant to a real-word 

recognizer. 

6. None of the reported Uterature give direct measures of computation time. 

7. This study did not consider a language syntax. 

8. This study only used a 20-word vocabulary; the first two steps of LMDA 

are very dependent on vocabulary size. 

Even if there were a way of estimating the microprocessor version of CPU 

time requirements for the six steps of training, and even if it were underesti-

mated as much as 15 minutes of CPU- time, the question arises whether or 
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not the user wiU afford this contingency. Since this is only a one-time cost, it 

would seem weU justified if there is even a smaU gain during recognition since 

the training cost is one-time only, whereas the recognition gain wiU be realized 

many times over. 

It is important to point out here that the training size affects only the first 

two steps of LMDA training. The last four steps involve a constcint amount 

of computation regardless of the training size. However, it is clear that aU 

the steps are matrix encodable, meaning one additional processor can have the 

computation time. 

The amount of computation involved during the recognition phase is detri-

mental to the reai-time operation of a recognizer. In other words, the delay 

between the completion of an utterance and the computer identification of the 

word should be minimized. In fact the LMDA approach is to improve this re-

sponse, but at the expense of certain fixed costs incurred during training. The 

following discussion makes clear how much saving LMDA can offer in this regaxd 

compared to LPC/DTW. 

If there are g words, the task of recognizing an unknown utterance wiU 

require g accumulated distance computations and then finding that reference 

template which yields the minimum distance. Both LMDA and LPC/DTW 

foUow this decision rule. The difference in computational efficiency of the two 

is seen in what happens during the distance computation. The computation 

required by LPC/DTW to recognize one utterance can be expressed in units of 

distance computation as: 

u=í:(^.)(iu) (4.16) 
i = i 
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where 

te = The number of distance computations for LPC/DTW 

g = The number of reference templates 

Li = The number of frames in the ith reference template 

Lu = The number of frames in the unknown utterance. 

Assuming that the average number of frames in the reference templates is 

the same as that chosen for LMDA, the expectation of this reduces to: 

te = {9){L){L^)- (4.17) 

The order of computation is gL"^. 

On the other hand, the computation needed for LMDA can be expressed as: 

tt = tm-\- {9){L) (4.18) 

where 

ti = The computation needs of LMDA 

tm = The computation of mapping the unlmown utterance into 

discriminant space 

g = The number of reference templates 

L = The number of frames. 

The mapping cost, í^, is a constant regardless of the vocabulary size. Once 

mapped, the order of computation is gL. The computation involved in tm can 

be expressed as: 

<m = {L){P)(q) (4.19) 
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where 

n̂i = The number of multipUcation operations 

L = The number of frames 

p = The order of analysis 

q = The size of the discriminant space. 

When the discriminant space is the same size as the original space, this 

reduces Lp^. The p^ multipUcations approximately equcd one distance com-

putation. Since aU the earlier equations were expressed in units of distance 

computations rather than multiplication operations, the LMDA computation 

cost can now be approximated as: 

ti = gL^L = L{g^l). (4.20) 

It is clear from Equations 4.8 and 4.11 that the order of LMDA is gL^ and 

that of LPC/DTW is gL^. The savings in LMDA can be better appreciated 

by examining the break-even situation. In order for LMDA to break even with 

LPC/DTW, 

gL^ = L{g^l) 

or 

L^ = i l + 1 
9 

which yields a value of L = 1.05. In other words, when the number of frames is 

more than 1, LMDA is computationaUy superior to LPC/DTW, and vice versa. 

From signal-processing considerations, recognizers using less than 2 frames 

are impossible. Therefore, LMDA conclusively offers computational efficiency, 
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by our measures during the recongition phase, and this is vital to the reai-time 

response of a recognizer. 

4.9 Summary 

This chapter describes the appropriate methodology for the design of an 

LMDA based recognizer. First, the issue of preprocessing was described as 

it is common to the proposed, as well as existing techniques. The rationale 

for selecting a suitable MDA approach was presented. The experimental de-

sign using statistical tests are elaborated vaUdating the choice of the MDA 

approach. Major criteria for compaxing the proposed MDA- based recognizer 

to the LPC/DTW-based system has been identified and the statistical tests for 

comparing recognition accuracy are explained. The storage and computational 

requirements have been compared using analysis of aigorithms. It was shown 

that LMDA- based systems are superior to LPC/DTW-based systems in terms 

of storage, and computation. 



CHAPTER 5 

RESULTS 

5.1 Introduction 

It was envisaged in this study that the problem of a speaker trained, isolated 

word recognition system is amenable to multivariate discriminant analysis. In 

developing a methodology and experimentai design, it was found that the voice 

recognition a^ a problem area imposes certain constraints on the design of a 

recognizer. Factors such as computing requirements and training- size influ-

ence the choice of the discriminant model. In particulax, LMDA was shown 

to be the most attractive alternative, from the viewpoints of computation and 

storage. Three performance measures, namely recognition error, storage, and 

computation, were identified for comparison. The most important performance 

measure, recognition error, was given the utmost importance in experimental 

design. However, to validate the LMDA potentials of paxsimony, the results 

obtained under reduced space were also considered to be of interest. 

5.2 Testing LMDA Assumptions 

The most important assumptions relating to normaUty and the nature of 

covariance matrices were found essential for investigation. 
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5.2.1 Assumption of Normality 

FuUer [1976] has shown (Theorem 6.3.5) that under circumstances where 

the number of time series observations used is large compared to the order of 

autocorrelation, the set of autocorrelation coefficients asymptotically foUow a 

multinormai distribution. It has been shown that this assumption is met when 

the time series results from a process where observation n -|-1 could be predicted 

from the past n observations. This feature is typical of a speech production 

process characterized by a linear, time-varying system. Therefore the LPC 

feature set (the autocorrelation coefficients) foUow a multinormal distribution. 

5.2.2 EquaUty of Covariance Matrices 

Box [1949] proposed a test statistic (that is approximately F-distributed) 

for testing the equaUty of several covariance matrices. This test was used in this 

study. The entire database of 200 utterances was used to estimate the individ-

ual and pooled covariance matrices. In order to estimate invertible covariance 

matrices, it was necessary to use the 8th order data. The test was conducted 

for 20 word populations and før each of the 16 frames. The test procedure for 

any one frame is as foUows: 

The hypothesis: 

Ho: E i = E2 = • • • = S20. 
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The test statistic proposed by Box [1949] is Mb-\ where 

M = E("- l ) ln |5 | -X:(". - l ) ln |5 . | (5.1) 

j - i = 1 - A l - / , / / , 
«=1 

(5.2) 
/ i 

Ai = ( V + 3p- l ) (^ + l) 
6(p-hl)^n • i^'^^ 

Mb-^ is approximately distributed as an F random variable with / i , aud /2 

degrees of freedom. The degrees of freedom are given by: 

/1 = Krí(P + l ) ( ^ - l ) (5.4) 

/2 = - ^ ^ (55) 

where 

^n ( p - l ) ( p + 2) (g^+g + l ) 
(5.6) 

p = The dimensionality 

^ = The number of word populations 

The degrees of freedom were found to be: 

/1 = 684 

/2 = 15188.5. 

Since the F-tables do not specify critical values after /1 or /2 = 120 the 

normal approximation was used and the critical value was found to be 1.0895 

for an or = .05. 

The computed values of Mb~^ for aU the 16 frames are presented in Table 2. 

In all the cases, the computed value was found smaller than the critical value. 
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TABLE 2 

Test Statistics for EquaUty of Covariance Matrices 

Frame Number 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

Computed Value of Af 6"̂  

0.140 

0.718 

0.790 

0.613 

0.795 

0.388 

0.446 

0.600 

0.715 

0.460 

0.269 

0.844 

1.080 

1.037 

0.495 

0.009 

Critical Value = 1.0895 

/ i = 684 

/2 = 15188.5 
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This leads to the conclusion that the nuU hypothesis of equal covariance matrices 

is vaiid. 

5.2.3 Independence of Frames 

The LPC-based recognizers commonly use the distance score accumulated 

over short segments of speech (frames) to determine pattern similarity. It has 

aiso been shown empiricaUy to give good results [Rabiner and Sambur, 1980]. 

A similar LMDA approach would be tantamount to constituting a discriminant 

space for each frame. It was considered worthwhile to investigate whether each 

frame accounts for an independent set of vaxiates. Wilks [1935] determinantal 

ratio test was appUed to examine the hypothesis: 

Ho : Hij = 0 for alH 7«̂  j 

The Wilks test statistic: 

V = ^^. 1 (5.7) 

was computed using only the first 8 frames, computation requirements for 16 

frames were prohibitively high. The x^ approximation proposed by Box [1949] 

was used as foUows: 
{N-l)lnV 

(5.8) 

where 
1 _ (2^3 + 3S2) , . 

^ " ^ 1 2 / ( n - l ) ^ ^ 

/ = i(S2) (5.10) 
m m 

S, = ( E P . m P Î f o r . = 2,3 (5.11) 
i=\ i=l 
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N = 9{n-l) 

n = Number of utterances per word 

m = Number of frames 

9 = Number of words 

p = Order of autocorrelation 

/ = The degrees of freedom. 

The critical value, x ^ for an Q = .05 and / = 89 was 1.678. The computed 

vaiue, X 5 was 14,258. This indicates that the frames measurement across are 

not independent random vectors. 

5.3 Performance Analysis 

Performance of LMDA-based recognition models were compared to the 

L P C / D T W model, by varying the design parameters such as training size and 

order of autocorrelation analysis. Identical inputs were used in aU instances. 

In paxticulax two different treatments of LMDA, namely 8-frame and 16-frame 

formulations, were compared with the LPC/DTW case, accounting for three 

treatments in aU. 

For each of the three treatments, recognition performance was measured 

for 8th and lOth order LPC, and for 5 different training sizes ranging from 

2 to 6. It was pointed out earlier that different training sizes affected the 

number of utterances available for classification. Table 3 gives the allocation of 

training and classification utterances in different instances. Ten identical blocks 

of observations across all the treatments were used for statistical comparison. 

AU treatments were subject to identical pre-processing as given below. 



TABLE 3 

AUocation of Utterances for Different Blocks 
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Order {p) 

8 

10 

Training 

Size 

2 

3 

4 

5 

6 

2 

3 

4 

5 

6 

Training 

Utterances 

40 

60 

80 

100 

120 

40 

60 

80 

100 

120 

Classification 

Utterances 

160 

140 

120 

100 

80 

160 

140 

120 

100 

80 

Totai Number of Words = 20 

Total Number of Utterances = 200 
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1. Pre-emphasis 

2. Windowing 

3. Endpoint location to a precision of 200 sample frames 

The results obtained for substitution error, rejection error and LMDA per-

formance under reduced space are enumerated in the foUowing sections. 

5.4 Substitution Errors 

In an isolated word recognition environment, substitution error occurs when 

an utterance contained within the vocabulaxy is recognized as some other utter-

axLce aiso in the vocabulary. The laxgest vocabulary possible with the research 

database was 20. Since these 20 words together constitute a frequently re-

searched, difficult-to-recognize subset, substitution error was measured using 

the entire vocabulary. Friedman's test [Conover, 1980] for overail significant 

differences among treatments was conducted first. The hypotheses are: 

Ho: The treatments have identicai effects of substitution error. 

Hl : At least one of the treatments yield larger observed values than at least 

one other treatment. 

Table 4 gives a summary of the measured substitution error, the rank, and 

rank totals. The test statistic is given by: 

{b-i)[B2-bt{t^i)y^ 

A2 = Í:tRh (5.13) 
1=1 i = i 
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TABLE 4 

Summary of Substitution Error Results 

order 

8 

10 

Training 

Size 

2 

3 

4 

' 5 

6 

2 

3 

4 

5 

6 

Treatments 

LMDA 8-Frame 

Observed 

(%) 

6.25 

2.857 

1.667 

1.0 

0.0 

5.626 

1.428 

3.333 

2.0 

1.25 

Rank Totais 

Rank 

1 

1 

1 

1 

1.5 

2.5 

1.5 

2 

3 

3 

17.5 

LMDA 16-Frame 

Observed 

(%) 

7.5 

5.0 

2.5 

2.0 

0.0 

3.75 

1.428 

0.833 

0.0 

0.0 

Rank 

2.5 

2 

2 

2 

1.5 

1 

1.5 

1 

1 

1.5 

16 

LPC/DTW 

Observed 

(%) 

7.5 

7.143 

6.667 

3.75 

3.75 

5.625 

2.1428 

2.5 

1.0 

0.0 

Rank 

2.5 

3 

3 

3 

3 

2.5 

3 

3 

2 

1.5 

26.5 

T2 = 5.25339 

/1 = 2 

/2 = 18 

•̂ '.05,2,18 = 3.55 

.̂975,18 = 2.101 

\Rj-Ri\ > 2.101 
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B2 = ( l / 6 ) ^ i 2 2 (5 14) 

i=i 
where 

b = Blocks 

t = Treatments. 

The computed T^ was found to be 5.25339. The degrees of freedom for F 

approximation were found to be / i = 2, and /2 = 18. The criticai F value is 

3.55 for an a = .05. 

Since the computed value is greater, the conclusion is that there is a sta-

tisticaily significant overall difference between treatments. Conover's multiple 

comparison test was used to investigate the individual differences. The inequai-

ity given by 

\Rj - Ri\ > ^_a/2,/|26(.i2-62)p/2 (5-15) 

where 

/ = ( 6 - l ) ( < - l ) (5.16) 

was applied to pairs of treatments. The comparisons lead to the conclusion 

that both LMDA treatments are superior to LPC/DTW and that there is no 

difference between LMDA treatments. 

The influence of training size on substitution error is presented for 8th and 

lOth order in Figures 10 and 11. 

5.5 Rejection Error 

Reiection error is considered to occur when a recognizer accepts an utter-

ance from outside the vocabulary as a member of the vocabulary set. While it 
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Figure 10: Influence of Training Size on Substitution Error 
(8th order LPC) 
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Figure 11: Influence of Training Size on Substitution Error 
(lOth order LPC) 
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is impossible to keep track of this error when in real use, it has been studied 

by Doddington [1981] in simulated experiments. As suggested by TI personnel, 

the 20 word vocabulary was split in two paxts; the first paxt was used during 

the training and the second part became the outside vocabulary set. The Fried-

man's test and Conover's multiple comparison test explained in Section 5.4 were 

repeated. The synopsis of the test results is presented in Table 5. 

The results lead to the conclusion that both the LMDA treatments are supe-

rior to LPC/DTW, and within LMDA treatments, 8-frame LMDA is superior. 

The influence of training size on rejection error is presented for 8th and lOth 

order in Figures 12 and 13. 

5.6 LMDA Performance in Reduced Space 

Since LMD A has the potential of reduced space paxsimony, it was considered 

worthwhile, reporting the important results thereof. The reduced space sizes 

at which LMDA reached the peak performance, for both 8-frame and 16-frame 

cases are reported in Table 6. The reduced space is expressed as number of 

discriminant variables. The figures appear to indicate that LMDA has the 

potential of operating in considerably smaUer space. 

The marginal effect of the addition of successive discriminant functions on 

substitution error for 8-frame LMDA is presented in Figures 14 and 15. The 

marginal effect of successive discriminant functions on substitution error for 

16-frame LMDA is presented in Figures 16 and 17. 
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order 

8 

10 

Training 

Size 

2 

3 

4 

5 

6 

2 

3 

4 

5 

6 

RankTo 

TABLE 5 

Summary of Rejection Error Results 

Treatments 

LMDA 8-Frame 

Observed 

(%) 

6.25 

2.857 

1.667 

1.0 

0.0 

5.626 

1.428 

3.333 

2.0 

1.25 

:als 

Rank 

1 

1 

1 

1 

1.5 

2.5 

1.5 

2 

3 

3 

17.5 

To 

LMDA 16-Frame 

Observed 

(%) 

7.5 

5.0 

2.5 

2.0 

0.0 

3.75 

1.428 

0.833 

0.0 

0.0 

= 5.2533Í 

Rank 

2.5 

2 

2 

2 

1.5 

1 

1.5 

1 

1 

1.5 

16 

) 

LPC/DTW 

Observed 

(%) 

7.5 

7.143 

6.667 

3.75 

3.75 

5.625 

2.1428 

2.5 

1.0 

0.0 

Rank 

2.5 

3 

3 

3 

3 

2.5 

3 

3 

2 

1.5 

26.5 

h = 2 

h = 18 

î .05,2,18 = 3.55 

t.975,18 = 2.101 

Rj-Ri\ > 2.101 
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Figure 12- Influence of Training Size on Rejection Error 
(8th order LPC) 
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Figure 13: Influence of Training Size on Rejection Error 
(lOth order LPC) 
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TABLE 6 

Reduced Space Size Where Accuracy Peaks 

order(p) 

8 

10 

Training 

size 

2 

3 

4 

5 

6 

2 

3 

4 

5 

6 

Reduced 

8-Frame 

6 

6 

6 

6 

6 

7 

7 

8 

4 

7 

Space Size 

16-Frame 

6 

3 

6 

4 

6 

7 

7 

5 

5 

7 
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Figure 14: Substitution Error in Reduced Space 
(8-frame LMDA, 8th order LPC) 
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Figure 15: Substitution Error in Reduced Space 
(8-frame LMDA, 8th order LPC) 
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Figure 16: Substitution Error in Reduced Space 
(16-frame LMDA, 8th order LPC) 
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Figure 17: Substitution Error in Reduced Space 
(16-frame LMDA, lOth order LPC) 
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5.7 Summary 

The chapter presents the resuUs relevant to various phases of the method-

ology envisaged for this research. The assumption of LMDA were examined 

and found that they are met. The performcince criteria on which the current 

researchers report findings were used in comparing LMDA with the popular 

LPC/DTW. The LMDA performance in reduced spaces were aiso investigated. 

It was shown earlier in Chapter 4, by way of analyzing the algorithms, LMDA is 

computationaUy superior to LPC/DTW. This chapter presents the result relat-

ing to the performance measure of recognition error and reduced space storage 

and computational parsimony of LMD A. Recognition error measured in terms of 

substitution error and rejection error show LMDA to be superior to LPC/DTW. 



CHAPTER 6 

SUMMARY AND CONCLUSIONS 

6.1 Introduction 

Voice interaction has been identified to be the most desirable mode of com-

munication in a variety of environments, including that of managerial decision 

making. The objective of this research has been to advance the state-of-the-art 

in voice interaction as it relates to the user interface of a decision support system 

(DSS). Since voice output by computers is a relatively well-developed area, and 

voice input would seem to be the principal use of voice in a DSS environment, re-

seaxch has been limited to the input side. Furthermore, most existing DSSs are 

driven either through menus or a relatively smaU set of commands, thus it has 

been possible to Umit the research to isolated word recognition within a small 

vocabulary. The much more diflacult problem of continuous speech recognition 

with large vocabularies has not been examined. 

Lea [1983] reports that as many as 95% of the voice recognition systems 

bought so far have been discontinued from use, the major criticism being the un-

reUable performance of the system when put to actual use. Existing inexpensive 

systems are too Umited in vocabulary and accuracy for widespread use. Con-

sequently, this research is primarily concerned with developing a multivariate 

model that wiU contribute towards a more reliable and cost effective recognition 

process. Furthermore since the objective is to distinguish among many words, 

99 



100 

multiple discriminant analysis appears to be the appropriate model. In mod-

eUng a recognizer, such factors as signal preprocessing, feature extraction, and 

training size play a significant role. SpecificaUy, Lineax Multiple Discriminant 

Analysis (LMDA) appears to be the most promising in terms of parsimonious 

storage and computationai requirements. Implementing the LMDA model is 

relatively simple when compared to other discriminant models. One of the at-

tractive features of existing systems is that the use of the recognizer can be 

initiated with a minimum training requirement from the user. A comparable 

LMDA formulation would undoubtedly arouse the interests of the current speech 

research community. However, it is very important that the LMDA model be 

vaiidated for its underlying assumptions. Also, it is vitai that the performance, 

as measured on a well-defined set of criteria, be superior enough to justify a 

new approach to the speech recognition problem. 

The current state-of-the-art in voice recognition is laden with criticisms con-

cerning reliability of performance and cost- effectiveness. Yet, the usefulness of 

a voice recognition device, especially in DSS environments, is overwhelming. In 

developing the LMDA approach to the voice recognition process, the researcher 

had to simulate a commercial recognizer in its entirety. Part of the same Texas 

Instruments (TI) database, which was used by Doddington [1981] in evaluating 

seven popular commercial recognizers, was used to determine the viabiUty of 

LMDA as a new approach. The conclusions are drawn from testing for LMDA 

assumptions and comparing with LPC/DTW approach for performance. The 

industry-standard test data, made avaUable by TI, was used. 



101 

One of the underlying assumptions relating to minimum Total ProbabiUty 

of Misclassification (TPM) is that the word populations foUow multinormal 

distribution. The theorem given in FuUer [1976] shows that the LPC feature set 

has a limiting multinormal distribution. 

The results of the F-distribution approximation test [Box, 1949] clearly 

indicate that the assumption of equaUty of covaricince of matrices is indeed 

tenable. Satisfying this assumption allowed the use of Linear Multiple Dis-

criminant Analysis (LMDA) in modeUng the word recognition process. The 

isolated word recognition process is characterized by smail training samples, a 

laxge number of groups/ words, and a minimum of 8-variate observations. In 

such instances, LMDA is superior to Quadratic MutUple Discriminant Analysis 

(QMDA) [Marks and Dunn, 1974; Gilbert, 1969]. 

Some of the existing LPC-based recognizers use the Dynamic Time Warp-

ing (DTW) technique to do the time aUgnment between reference templates 

and unknown templates. The DTW distance score is accumulated over short 

segments of speech (frames) to determine pattern similarity. It has been shown 

empiricaUy to give superior results [Rabiner and Sambur, 1980]. An LMDA ap-

proach, on similar Unes, constitutes a discriminant space for each frame. Wilks 

[1953] determinantai ratio test indicates that the vectors of LPC coeflacients are 

not independent across frames. Formulating a single discriminant model for all 

the frames was found unwieldy and impractical to implement. For example, 

for a 16-frame, lOth order LMDA, and a 20-word vocabulary, a minimum of 

181 observations wiU be necessary even to estimate the pooled covariance ma-

trix leaving only 19 observations for estimating classification errors. .A.t least 9 
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observations wiU be consumed for training. Such a formulation wiU be highly 

unattractive from the perspective of training requirements. Also the storage and 

computational requirements are far inferior to existing systems. Some of the 

existing systems use overlapping frames with a view to give a smoothing effect 

in the LPC features measurement, yet use the accumulated distance measure 

as the recognition criterion. This research supports the earlier reported works 

that have used accumulated distance measures by accumulating the distances 

(computed in the discriminant space) over all the frames. 

The performance of two LMDA models, 8-frame and 16-frame, were com-

paxed to the LPC/DTW model. The performance, with respect to substitution 

error and rejection error, was compared for any statisticaily significant differ-

ence. Parameters such as training size and order of analysis were controUed and 

maintained identicaily across aU methods. Both LMDA formulations show a 

performance superior to the LPC/DTW methods in respect to substitution er-

ror. However, there appears to be no statistically significant difference between 

LMDA models. 

6.2 Conclusions 

AU three models vaUdate the work of Doddington [1981] with respect to 

training size, in that performance improved with training size up to about 4 

observations. The 16-frame LMDA showed better performance for lOth or-

der analysis; whereas 8th order was superior for the 8-frame case. Results of 

measuring rejection error indicate no significant difference between any of the 

models. 
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The performance of LMDA models in a reduced space was considered im-

portant because of storage and computational parsimony. There are a few ob-

servations that are of interest. First, the accuracy improves with the inclusion 

of successively less important discriminant functions. Prior to reaching the fuU 

discriminant space, performance peaks and then drops. This phenomenon has 

been consistent in all the instances when LMDA performance was measured. 

It appears that the inclusion of the last few discriminant functions tends to 

introduce error rather than improve discrimination. This research leads to the 

recommendation that the LMDA model should be operated in a reduced space. 

Not only is parsimony achieved, but also the accuracy is improved. 

The 8th order analysis is more common since the sampling frequency is 

usuaUy 8Kz. Even though less common it is possible to use higher orders of 

analysis, such as the lOth order, for the same sampling frequency of 8Kz. This 

reseaxch indicates that, for a sampUng frquency of 8Kz, the 8th order anaiysis 

is sufl cient, and that there is no significant improvement due to increasing 

the order of analysis. This leads to the conclusion that the minimum order of 

analysis (8th order in this case) is suficient and that higher orders analyses are 

not necessaxy. 

The number of frames for the LMDA can be determined foUowing the thumb 

rule that the number of digitized samples per frame be between 150 and 400. 

Lesser number of frames leads to reduced computation. The vovabulary chosen 

for this research allows 8 and 16 frames considering the duration of their utter-

ances. The 8-frame LMDA model showed a better performance in minimizing 

the substitution error for the 20-word vocabulary considered in this research. It 
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appears that lesser number of frames is sufficient in modeUng the isolated word 

recognition process using the LMDA approach. 

It was shown in Chapter 4 that even in a fuU discriminant space, and the 

LMDA formulation is superior in terms of storage and computation. Overall, 

the LMDA models significantly outperform the LPC/DTW model. Because 

of the potentiai paxsimony, the LMDA formulation becomes a very attractive 

aiternative. 

6.3 Contributions 

Part of this research was devoted to developing a design frame-work for a 

voice input module of a DSS. The two major criticisms of the existing recongizers 

axe [Lea, 1983]: 

1. Poor performance of recognition systems when actuaUy put to use. 

2. 95% of the recognizers sold so far have been discontinued from use. 

The major concern of this study, in developing the design framework, has 

been to alleviate these prime criticisms. The existing recognizers do not offer 

any flexibiUty to the user during implementation. The machine is trained and 

put to use. The user does not have the facility to observe and monitor per-

formance. The design framework distinguishes three distinct phases: training, 

recognition, and performance evaluation and stabilization. The framework tries 

to make the recognition software independent of the hardware. The users do 

not have options that can adapt existing recognition algorithms to the applica-

tion environment. This framework offers a distinct set of features for users to 
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choose their options depending on vocabulary size, type of interface, training 

size, discriminant space size, etc. The framework therefore offers guideUnes for 

future developments, enabling users to exercise options, monitor performance, 

and stabiUze the system. AUowing users these privUeges wiU go a long way in 

successful continued use and reliable performance of recognizers. The frame-

work is oriented to the development of recognition devices from the perspective 

of users and the application environment. The framework advocates an "adapt-

able" recognizer rather than a "rigid" device. 

The idea behind this dissertation was to explore the discriminant analy-

sis models for use in isolated word recognition processes. Such research would 

undoubtedly further the existing state-of-the-art in speech recognition. The 

primary contribution of this research is identifying a discriminant analysis ap-

proach, from among different ones, that works well for isolated word recogni-

tion. The Linear Discriminant Analysis (LMDA) approach was shown to be 

ideal from the viewpoint of training size, computational requirements and ease 

of implementation in a DSS environment. An LMDA model has been devel-

oped in compUance with the existing state-of-the-art that satisfies signal pro-

cessing requirements and constraints. The model presented in this dissertation 

is aimed at minimizing the Total Probability of Misclassification (TPM). This 

is in sharp contrast to existing techniques, including Dynamic Time Warping 

(DTW), which do not aim at minimizing TPM. 

The methodology using DTW has been shown to give good results empiri-

cally. LMDA uses the information that only utterances from pre-determined vo-

cabulary have to be recognized, and therefore maximizes the separation among 
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population means of that pre-determined set. The DTW approach does not 

attempt optimization from this perspective. LMDA is able 'to delineate the 

training phase and recognition phase precisely whUe existing methods do not. 

The contribution of the LPC method of feature extraction Ues in data re-

duction. The voluminous digitized word representation is reduced to a small 

set of autocorrelation coefficients. The data reduction amounts to the ratio of 

frame- size to the order of auto-correlation anaiysis. 

The LMDA formulation developed here extends the idea of data reduction 

even further. The abiUty of LMDA to capture ail the pertinent information 

in reduced space contributes to further data reduction. The reduced space 

implementation has direct impact on reducing storage and computational re-

quirements. 

The methodology developed in this research is conceptually different from 

prior research, since the idea of fixed cost and variable cost is used. At the 

computational expense of training effort, recognition cost is reduced which is 

realized many times over. The existing methods do not clearly distinguish the 

training and recognition phases. The LMDA approach precisely defines the 

training scope. Traditionally, the use of discriminant analysis has been in prob-

lem âreas involving two groups and few variables. This research demonstrates 

that LMDA can be employed as part of a voice recognition process, even though 

the problem is of larger magnitude. 

The findings of this research are unique since no previous study has used 

the MDA approach to voice recognition. Therefore this study has opened av-

enues for further research, in the larger domain of speech processing as a whole, 
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including speaker independent recognition, and continuous speech recognition 

problems. 

6.4 Limitations and Suggestions for Further Research 

The results from the reduced space performance indicate that an in-depth 

study may be necessary to develop a criterion for determining the optimum 

space size in which the system should be operated. NormaUy, a recognition 

system has to be designed to reject, successfuUy, utterances from outside the 

vocabulary utterances successfuUy. This is achieved by setting up a rejection 

criterion based on distance scores. A useful area for further research is the 

development of a criterion to reject utterances from outside the vocabulaxy in 

the context of a LMDA- based recognition system. 

This research is Umited to speaker-trained isolated word recognition systems. 

An immediate extension of this can be readily attempted to analyze the problem 

of speaker independent recognition. The continuous speech recognition process 

can also be attempted using a similar approach. But the preprocessing steps, 

which are relevant to continuous speech recognition, would have to be suitably 

modified. 

6.5 Summary 

This study investigated the LMDA approach to the voice recognition process. 

The finding of this research clearly show that LMDA approach offers a new 

approach to different problems in the voice recognition area. The results indicate 

LMDA models to be superior to the existing techniques. The research proposes 
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a design framework for a MDA-based voice input module, from the perspective 

of the user and application environment. 
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