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(ABSTRACT)

This thesis describes the implementation of a speak@ndent connected-digit
recognizer using continuous Hidden Markov Modeling (HMM).e Bpeech recognition
system was implemented using MATLAB and on the ADSP-218Higaal signal
processor manufactured by Analog Devices.

Linear predictive coding (LPC) analysis was first parfed on a speech signal to
model the characteristics of the vocal tract filtel 7 state continuous HMM with 4
mixture density components was used to model each digite Miterbi reestimation
method was primarily used in the training phase to olit@nparameters of the HMM.
Viterbi decoding was used for the recognition phase. sysiem was first implemented as
an isolated word recognizer. Recognition rates excgé&ffo were obtained on both the
MATLAB and the ADSP-2181 implementations. For continuousrdvrecognition,
several algorithms were implemented and compared. UskPLMB, recognition rates
exceeding 90% were obtained. In addition, the algorithmse vimplemented on the

ADSP-2181 yielding recognition rates comparable to the MAB implementation.
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1. Introduction

Communication is vital in our lives. The primary nedhof communication
among humans is by speech. In our daily lives, we usscbge engage in one-on-one
conversations and group discussions, to communicate ®&rsotia the telephone, to
broadcast information via radio or television, and enotA speech signal is basically a
sequence of sounds that is strung together to repredemtight that a speaker wishes to
convey to a listener. While other forms of commatan exist in our lives, such as
writing or typing, these methods of communication are llyssiawer than communication
by speech. In addition, these methods require a carant of literacy to comprehend

the message.

1.1 Background of Speech Recognition

Since speech is an important part of our lives, wevestto have machines to
recognize and understand our speech and act upon it. Héderebeen machines that
were successfully implemented since the early 1970's [hgsé early systems recognized
discrete utterances in relatively noise-free enviremisi These systems were mainly
speaker dependent, in which the person using the systeedtthe system with his or her
utterances. Furthermore, these systems were linot@dsmall vocabulary. As advances
in the field of speech recognition progressed, speeclgmémm systems became more
complex and sophisticated. Systems have recentlydmerioped which are intended to

recognize multiple users with an expanded vocabulary.
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With any speech recognition system, there are sewsfaling characteristics.
First, the system is either a speaker dependent or kesgadependent system. Next is
the size of the vocabulary that the system will ggaze. Finally, a distinction is made on
whether the system is used to recognize speech utterapo&en in isolation or as
continuous speech. The type of application intended @syktem will usually determine
these characteristics. These three charactergstcdiscussed below.

In a speaker dependent system, usually only one persorthesesystem. The
system uses the speech utterances of the user to tiajparameters or models to
characterize the words in the vocabulary. A disadgent this type of system is the
necessity to retrain the system for different users.speaker independent system is
designed to recognize multiple users. Usually the peopleg ubm system do not
originally train the system. A speaker independent sygeayenerally trained with speech
utterances from various people. Typically more modekemplates are required for the
same word in a speaker independent system. This islyddké into consideration the
various ways people speak the same words. Since the dsearst usually train the
system, these systems typically do not perform asasel speaker dependent system.

Vocabulary sizes range from small, via medium, to lar§esmall vocabulary size
system can typically recognize approximately 1 to 99 woktlkile this may seem limited,
there are many applications that use a small vocabsiaey Such a system includes a
simple phone system that can recognize digits. A medmabulary size system can
typically recognize approximately 100 to 999 words, and a logabulary size system

can recognize 1000 or more words. With the increasedoutzny size, more and more
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applications are possible. Small vocabulary systemsusaally represent entire words
with models or templates. However, with larger vocatylsizes, these models or
templates typically represent subunits of words, whiehstirung together creating the
word. In addition, as the vocabulary size increasles, memory requirements and
processing time also increase making the system maonplex.

In an isolated-word recognition system, the words poken in isolation with a
distinct pause between words. This is the simplest fafrnecognition strategy since an
endpoint detector can be easily used to recognize thedaoes of the words. The
pauses between the words typically are on the order o080 that they are not
confused with weak fricatives and gaps within words. [untore the user must be
cooperative to make the isolated word recognition systecsessful. In a connected-
speech recognition system, a connected string of wardsedognized by matching
individual words within the string and concatenating ladl tvords. The difficulty in a
connected-speech recognition system is determining thmdaries of the individual
words making up the string. In addition, coarticulatione@ can degrade the
performance.

The earliest experiments with speech recognition itethto recognize the
speech by detecting the information in the acousticakigimhese attempts used filter
banks to effectively divide the speech signal into frequemands [2]. The energy
concentration in each band was commonly computed alatiginformation about the

number of times the zero axis was crossed. Grapti'egbarameters against time were
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then compared with similar profiles that had been ptesiostored, and the recognized
word would be the one that had the closest template.

Research soon suggested that a simple matching of thetiacpatterns was not
sufficient to achieve high recognition rates. There ilot of variability in the way the
same word is spoken. The speech recognition problenmsa@s considered a pattern-
recognition problem. In the late 1970s, further resebdachsuggested that separating the
pitch in the speech signal and modeling the resonanaexal chamber, instead of relying
just on acoustical contents, improve the recognitiada far words. This was achieved
using linear predictive coding (LPC). A cepstral represgent of the LPC coefficients
soon proved to perform better than the LPC coeffisibgtitself.

With the advent of faster computers, dynamic programn@ngriques have been
developed to solve the pattern-recognition problem. Dindime Warping (DTW) was
first studied. This is basically a template-matchirfgeste in which feature vectors, which
are features extracted from the speech signal, aréhethto templates representing the
words in the vocabulary. Since the duration of thé téerance may differ from the
duration of the template, the time axis of the teseratice needs to be "warped"
(stretched or compressed in time) to match the tinge aixthe template. The template
that matches the test utterance best is deemed tee lvedognized word. More recently,
stochastic modeling schemes have been incorporatedhte e speech recognition
problem, such as the Hidden Markov Modeling (HMM) approa@&ince the feature
vectors are stochastic in nature, using a stochastitehfior processing is appropriate and

justifiable. Systems based on DTW and HMM have giveroeraging results on isolated
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and connected word recognition. More recently, ArafidNeural Network (ANN)
techniques have been studied, in which the parallel congptdgund in biological neural
systems is mimicked. This field of research is gaimrgppularity as it is being applied to
a large vocabulary.

Much of the recent researches on speech recognitivolven recognizing
continuous speech from a large vocabulary using HMMs, ANNs hybrid form of the
two [3]. Additional algorithms have been developed t&leathe problems of continuous
speech [4][5][6]. All of these systems use some typar@uage constraints to aid in the
recognition. These constraints include lexical camsts as well as syntactic constraints.

This thesis focuses on the implementation of a cdededigit recognizer using
HMMs. Such an application would be useful in a hands-tedlephone. The
implementation of the connected-digit recognizer is peréal on MATLAB and on a
digital signal processor. Traditional algorithms usedcc@mected word recognition using
a small vocabulary size are examined. In additioanaly of related algorithms has been
developed and successfully implemented to improve recogmétes from the traditional
algorithms. These algorithms relied on a search pattetr seen in existing algorithms to
find the boundaries between consecutive digits in the spstkimg. In addition, the word
duration statistics for a word is incorporated which tiyamproved the performance of

these algorithms.
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1.2 Speech Production and M odeling

As a starting point, it is wise to first look at howegch is modeled. The
techniques used to model speech are used to develop a speeghition system. In
speech processing terms, basic human speech can be okeninto two parts:

excitationandfiltering [7].

1.2.1 Excitation

Excitation is the process in which the sounds of speeehproduced. For this
reason, it is also commonly called the sound producfidrere are two elemental types of
excitation: voiced sounds and unvoiced sounds.

Voiced sounds (as its name implies) are the resulir dfegng forced through the
glottis (an opening between the vocal folds) causingvtel cords to vibrate. The
glottis and the vocal cords are housed together witlgnatynx. The acoustical sound
produced by the larynx is calladice The tension of the vocal cords is controlled and
adjusted by the speaker such that the pitch of the vaicebe changed. In simplistic
terms, voiced sounds can be modeled as an impulse tiiixatl pitch period. Examples
of voiced sounds are the sounds of all the vowels iEtiglish language.

Unvoiced sounds are the result of a constriction atimat @iong the vocal tract
caused by the tongue, lips, teeth, or mouth. Forcinthaough this constriction causes
air turbulence leading to the unvoiced sounds. Since wWaiounds are the result of an
air turbulence, it can be modeled by random noise. xample of an unvoiced sound is

the sound of the letter 's'.
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However, human speech sounds are not restricted todvorcanvoiced sounds
alone. In fact, speech is composed of a combinatiovomed and unvoiced sounds
blended together to form a vocabulary. mixed sound is a combination of voiced and
unvoiced sounds. One example of this is the sound détiiee 'z'. In addition, there are
plosive sounds which are formed by a region of silence folebwg a voiced sound,

unvoiced sound, or both. An example of a plosive soutiteisound of the letter 'b'.

1.2.2 Filtering

Filtering involves the combination of the glottis athé vocal tract along with the
placement of the tongue, lips, teeth, and the nasal gessaThese elements can be
thought of as "shaping" the sound leading to different sofamdbe same excitation. For
this reason, the filtering is sometimes called souragpisly. The filters involved are the
glottal shaping filter G(z), the vocal tract filter zj( and the filter radiating from the lips,
R(z). An extensive explanation of these filter modkelseyond the scope of this thesis [1].
Figure 1.1 shows a discrete-time model for speech production. efitiee sound shaping

filter is then

S(z)
s(2)

whereE;(2) represents an impulse train &agz) represents noise.

E,(2)G(2)H (z)R(z) ; for voicedspeech
E,(z2JH(2)R(z)  ;for unvoicedspeech
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Gain for voice source

Pitch
Period Impulse Glottal
—> train > pulse
generator modelG(2)
\Voiced/
unvoiced
switch
Random
noise
generator

N

Vocal-tract
modelH(2)

Radiation

“| modelR(@

Gain for noise source

Figure 1.1 Discrete-time model of speech production

The sound shaping filter

autoregressive (AR) model [8].

Speech
s(n)

can be effectively modeled usimg a#l-pole

By using an all-pole mosieiple computational

techniques, such as linear predictive coding (LPC), camsbd to obtain the coefficients

of the model. LPC estimates the spectral envelopleecsound-shaping filter.

Chapters 2 and 3 describe the speech recognition systtaihand some of the

strategies employed. Chapter 4 presents the resulte gpdech recognition system on

isolated words. Chapters 5 and 6 deal with connected woognition.
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2. The Speech Recognition System

Chapterl explains speech production and the techniques used to rpeeehs
This chapter describes the speech recognition systéreaame of the elements within this
system. While the excitation will vary greatly frgmerson to person and even between
different physical and emotional states of the samsoperthe filtering is less sensitive to
these factors. For this reason, the sound shapingwiamrovide all the necessary

information for an effective speech recognition syste

2.1 Elements of a Speech Recognition System

In any speech recognition system, there are two disphases: the training
phaseandthe recognition phase For both phases, information about the sound-shaping
filter (vocal tract) must be extracted first from thgeech signal. In the training phase,
information from multiple utterances of the same linguignit is used to develop a set of
models or templates about the sound-shaping filter. én rdtognition phase, the
information about the sound-shaping filter is used alority wie different models or
templates available from the training phase to makec&ide to recognize the speech.
The basic block diagram for the training and recognipbases of a speech recognition

system is shown in Figuiz1.
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Figure2.1 Block diagram for a speech recognition system
(a) Training phase
(b) Recognition phase

2.1.1 Analog-to-Digital Conversion

Before we can do any analysis on the speech, we neusible to acquire the

speech signal into the computer. This is performed tnplkay the analog speech signal
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via an analog-to-digital converter. Since speechpgally bandlimited to about 4,000

Hz, the speech signal needs to be sampled fast enougthatiahasing is avoided.

2.1.2 Windowing

Once the sampled speech record has been acquired, ittodszisegmented and
sliced into overlapping time frames. This is the preagfswindowing the speech signal.
Each frame is then analyzed separately and independemtiy the other frames. In
choosing the window frame, there are two considerstiotihe type of window and the
length of the window. In choosing the type of windowe want to minimize the
distortion of the waveform while we want to smooktie tabrupt discontinuities at the
boundaries of the window. In choosing the length of whedow, there are two
competing factors. A larger window length will improvee tspectral resolution yielding
more information in a time frame. However a smallendow length will yield better time

resolution [1].

2.1.3 Frame Preprocessing

The next block in the speech recognition system idrdmae preprocessing. As
this block implies, it performs any type of processingaoframe of speech before the
actual analysis. The frame preprocessor might exs@uoe information about the frame
or perform some filtering before the actual analysig simplistic terminology, the

preprocessing block makes the speech frame suitablesfoleit processing step.
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2.1.4 Feature Analysis

The next block is the feature analysis block. Theéufeaanalysis block analyzes
the speech frame to extract necessary informatioaidon recognition. Some of the
common parameters that are typically analyzed for $pesmognition purposes include
energies in different frequency bands, linear predictieefficients, and cepstral
coefficients. The output of the feature analysis is llysaavector called thdeature
vector The sequence of feature vectors, from one timeefrtanthe next, is used for the

training or recognition phase in the speech recogrsystem.

2.1.5 Endpoint Detection

The endpoint detection block crops out any “nonspeechbmediefore and after
the speech signal. This effectively isolates the dpestignal from the silent regions.
Endpoint detection is very important in the successfyllamentation of a speech
recognition system. Since all the information ighe speech waveform, it is necessary
that only the speech signal is analyzed and not thet sigions before the beginning, or
after the ending, of the speech utterance.

Most endpoint detectors rely on certain parametersarspeech signal. Usually,
the parameters are described by the energy in the sagwhlthe zero-crossing rate.
However, the issue of endpoint detection becomes siagha problematic using these
parameters. To begin with, the beginning or the eral sfeech signal could possibly be
cropped out if it starts or ends in low-energy phonemes) as weak fricatives or nasals.

In addition, some speakers allow their speech to tfaihenergy, while others tend to
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produce bursts of air at the beginning and/or end of thechpelhe problems of endpoint
detection are not solely caused by speakers using tiesy&ackground noise may vary
also, creating interference with the speech utterait® endpoint detector should adapt

to these situations such that the system gets thedmssentation of the speech signal.

2.1.6 Parameter Modeling and Storage

The parameter modeling step is only for the training glaamsl attempts to obtain
parameters from the linguistic units present in the $peddese linguistic units can be
entire words or parts of words, like phonemes or sgfablMany different utterances of
the same speech unit are needed for this block. Depeaoditige type of system being
implemented this step can vary. It can be as simpjlesastoring the feature vectors in a
library to use as a template, as is the case forsterayusing DTW, or it can be as
complicated as modeling some type of stochastic beh&aor the feature vectors and
storing these parameters, as is the case with HMBisce this research uses HMMs, this
stage consists of obtaining the parameters which malea i{iMM. This is discussed in

more detail in Chaptes.

2.1.7 Pattern Matching and Unit Identification

The pattern matching and unit identification block is fbumthe recognition phase
and attempts to match up the linguistic units extracteoh floe speech in the feature
vector with the library of models present. Thisdity is built up from the parameter

modeling block from the training phase. The pattern hiagcsystem determines how the
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library represents the features of the speech unit.alBystem using DTW, the templates
of the speech units are matched up with the featuresarFllMM system, the likelihood
of generating the features is computed. Whichever tyggstém is incorporated, the unit

identification system chooses the best template aehfor representing the features.

2.1.8 Structural Composition

The structural composition block in the recognition phpeees the individual
linguistic units into something meaningful. If the lingigisunits represent entire words,
then this block could attempt to piece all the words twgyeto recognize a complete
string or sentence. For linguistic units that repreponemes or syllables, the structural

composition block could attempt to recognize the wordgosjroken.

2.2 Word Acquisition and Analysis

The word acquisition and analysis section of the spesmgnition system is now
examined in more detail. The word acquisition includesAfD and windowing blocks,
while the analysis deals with the preprocessing, tlaurfe analysis, and endpoint
detection blocks. Some specifics on the implementatibrthese blocks are also
discussed. Word acquisition and analysis are performezhiriime. The processor must
be able to take in the speech sample and perform anigsis before the next frame of
speech is ready. After the feature vectors have bb&ined and stored, the pattern

matching and unit identification block and the structuoahposition block are executed.
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2.2.1 Sampling and Windowing

The speech signal is acquired by sampling it at a ratd,025 Hz. Since speech
is bandlimited to about 4,000 Hz, this sampling rate iscseffi in the sense that it
satisfies Nyquist criteria. A window length of 45 ms (4@#&ples) with a 67% overlap
(30 ms or 332 samples) between consecutive frames was Tkedwindow length was
chosen primarily based on past research [9].

To implement this on the DSP processor, the speechlsgsampled using an
interrupt-driven method and stored in a circular buffelenfith 664 (498 samples for the
window plus (498- 332 =) 166 new samples for an overlap of (/3198 =) 332
samples). A counter is used to count the number of saraptean index pointer is used
to keep track of the first sample for the next framé/hen a frame is ready to be
processed the corresponding consecutive 498 samples, stdrtimg position pointed to
by the index pointer, are copied into a separate buff€éhe index pointer is then
incremented by 166 modulo 664. This results in 332 samples esfapvbetween
consecutive frames. When the system is ready to eampdlly, it will loop until a full
frame of 498 samples is taken in. Afterwards, the sykieps until the next 166 samples

are taken in.

2.2.2 Frame Preprocessing
The frame preprocessing stage is next and involves camgpsdime parameters
used for the endpoint detector and performing some fifeoin the frame of speech

samples. A block diagram of the frame preprocessing stspswn below in Figurg.2.
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Energy ZCR
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Function

Figure 2.2 Block diagram of Frame Preprocessing

The first step is calculating the short-term energy #el zero crossing rate
(ZCR). These quantities are used for endpoint detectidre short-term energy for a

frame ending at timen is formally given by the following equation:

E(m)= (s (2.1)

n=m-N+1
whereN is the number of samples within each frame. Equg#al) involves summing
the squares of each sample within a frame. The appaiteisimort-term energy calculation
actually used in the implementation is a variation 2fL). In fact, it is actualy a

magnitude measure given by:

MLm= Y|4 2.2)

n=m- N+1

This measurement will yield similar information a® #nergy measure o2.1) since the
summation of the magnitude of the signal is computed.

The zero crossing rate is then computed. A zero agssidefined as the signal
changing sign from one sample to the next. This &aively simple procedure in which

the number of zero crossings over the frame intésvaunted and recorded.
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After the short-time frame energy and the zero cngssate are computed, the

speech frame is preemphasized by passing it through a lsgfilfg of the form:
P(2=1-az* (2.3)

For our implementationy = 0.95 is used. There are two main reasons for preeiznipgas
the speech frame [1]. First of all, the glottal sigreah be modeled as a two-pole filter
with both poles neaz = 1. Introducing a zero near= 1 will tend to cancel one of the
glottal poles, while the lip radiation characterisial cancel the other pole. In addition,
preemphasis will allow the higher formants to exeift@mce on the outcome of the LPC
analysis. Formants are the set of resonant frecegentithe speech signal which “form”
the overall spectrum. The third main reason for preesiping the speech frame is to
prevent numerical instability. Speech signals domindedow frequencies are highly
predictable. A large LP model order will result when éla¢ocorrelation matrix is badly
conditioned. Thus preemphasis will tend to whiten thetspe, yielding better numerical
stability in calculating the LP parameters.

After preemphasizing, the frame of data is multiplied H® windowing function.
A Hamming window is used in the implementation of theespaecognition system [11].
The Hamming window is given as

w(n) = 054- Q46cos 2™ | n=0,1,... N-1 (2.4)
N -1

This window has the effect of having a smooth tramsiat the ends resulting in lower

sidelobes in the spectral domain as opposed to the gedaamvindow.
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2.2.3 Feature Analysis

The feature analysis section is the next processingkbl Recall from Section
1.2.2 that the vocal tract can be modeled using an AR nimdglerforming linear
predictive analysis. The LP parameters of interesttliis implementation are the
weighted cepstral coefficients. In addition, a set dtadeepstral coefficients, which are
the time-derivative of the cepstral coefficients, desirable. Other parameters must first
be calculated to ultimately yield the cepstral coeffitsewhich include the reflection
coefficients and the predictor coefficients of the ABRdel. There are several methods for
finding these predictor coefficients including the Levimaurbin algorithm [12][13].
The strategy used in the implementation for obtainiegLih parameters is different and is

shown in the functional block diagram given below in FeguB.

Compute Compute Compute Compute
Reflection Predictor Cepstral Delta Cepstrd
Coefficients Coefficients Coefficients Coefficients

Figure 2.3 Block diagram of Feature Analysis

2.2.3.1 Reflection Coefficients

From the speech frame, the reflection coefficieritshe LP lattice filter that is
being modeled are calculated first, using the Schur recurdivo arrays, the array and

the Q array, need to be initialized first. TRearray is initialized with the firgp+1 values
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from the autocorrelation sequence, and@array is also initialized with the firgtvalues

from the autocorrelation sequence, but in reverse orflee. initialization is as follows:

R= Qp =
R= Qp—l =n
: (2.5)
P = Q= Mot
PD = rp
wherery is thekth autocorrelation value associated with the time draefined as
N-1-k
o= >.s(mgm § (2.6)
m=0
The Schur recursion is as follows [7]:
« - ABdp]
" P,xSIGNP]
R =R +tPK, (2.7)
Pm = Pm+l + KnQp—m+l
m=12..,p—-n
Qp—m+1 = Qp—m+l + Kn Pm+l
The above is solved recursively for= 1, 2, . . . p, wherep is the LP filter order an#{,

is thenth reflection coefficient. For our system, a tentbey system is used. The lattice

structure associated with this AR model is shown in Ei@ut.

@ Lo hO fo () = y(r) S
e
-Kl

2 T o 2 5o Gl P

Figure 2.4 Lattice structure for the LP speech model
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2.2.3.2 Predictor Coefficients

The reflection coefficients are next converted te fnedictor coefficients. The
predictor coefficients are the parameters for theak-filter that is being modeled, which

has the form of

H(z) -1 (2.8)

where thegy are the predictor coefficients apds the filter order. The conversion from

the reflection coefficients to the predictor coefitis is given by the following recursion

[7]:

al) =K.

all =af?+Kkal 1<js<i-1 (2.9)
The above is solved recursively o= 1, 2, . . . p. The final predictor coefficients are
found from
j=a isiep (2.10)

2.2.3.3 Cepstral Coefficients

While it is possible to use these predictor coieffits as the feature vectors for the
Hidden Markov Model, the system in this researcbsus cepstral representation. This
cepstral representation includes the cepstraliceeifs and the delta cepstral coefficients.

Past research has shown that using cepstral featuamther than LPC coefficients,
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improves speech recognition [14][15]. One of tle@asons for this is that the LPC
coefficients are strongly affected by the glottghamics. In addition, the cepstral
coefficients allow the Euclidean metric distanceaswge as a natural distortion measure.
Weighting of the cepstral coefficients, which arerided from the LPC coefficients,
provides slight improvements in recognition [1].
To convert the predictor coefficients to the cegstioefficients, the following
recursion is used [7].
G="a
= k—i
C=-a -, a,.q(_i(—j 1<k<p (2.11)
=

= k

P k—i
Cy :_zaick-i(Tj p>k

i=1
In the above recursiomp, represents the model order of the LP filter apntepresents the
kth cepstral coefficient. For the system used, uaelepstral coefficients are calculated
from the ten predictor coefficients. The cepstegfficients are then weighted by the
weighting function to improve the performance oé thystem by reducing some of the

glottal pulse characteristics [9][10].
C, = {1+%sin(%ﬂ, 1<k<Q (2.12)

whereQ is the number of cepstral coefficients used initidementation.
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2.2.3.4 Delta Cepstral Coefficients

The delta cepstral coefficients are the final patanms determined in the frame
analysis block. These coefficients are the timevdive of the cepstral coefficients and
give information about the spectral changes froam#& to frame. These coefficients are
computed by first considering a window of severahfes. The delta cepstral coefficients
represents the difference in the cepstral codffisirom one frame to the next.

The delta cepstral coefficients at time fratnare computed using the following

formula [9]:

Ack(t):{ilck(t—l)}G, 1<k<Q (2.13)

I=—L
Here, Q is the number of cepstral coefficients|. (2 1) is the length of the window (in
frames), ands is a gain factor. For the system used in thisaesh, a window length of 5
frames is used so that= 2. In addition, the gain factor is chosen sttt the variances
of both the cepstral coefficients and the deltsstrepcoefficients are approximately equal.
The purpose of this is to ensure that one set efficents does not dominate over the

other set while computing a Euclidean metric distameasure on the final feature vector.

2.2.4 Endpoint Detection
Recall that in the frame preprocessing, the shom-frame energy and the zero
crossing rate were calculated, to determine thea@nts of the speech signal and thus

isolate the speech utterance. In the endpointtiete these values are used to determine
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the boundaries of the spoken speech signal. Tdgo@mt detection algorithm used in this
research is a modification of the one proposeddlyirier and Sambur [16].

There are two types of thresholds that are sefarpeach the frame energy and
the ZCR [7]: possible thresholdandword start thresholds The possible thresholds are
set just above the background noise and may ocedgidbe exceeded by spurious
background noise. The word start thresholds ateredatively high, such that it is
exceeded only when the system is sure that spedaing spoken.

There are two other thresholds used in this rekeaiihe first is theminimum
word length threshold This is set to the minimum number of frames&a@poken string.
This threshold allows the rejection of isolated Kgaound noise spikes. The second
threshold is thesilence threshold This threshold is the length of silence the eystwill
look for to detect that a spoken string has end@dce the system detects a speech signal,
it must continue to store the cepstral features avehere are some silences within the
connected string. The system will stop storingsteg features when a sufficiently long
silence is encountered, taken to indicate the énldeostring. This silence threshold is set
for half a second of real time.

To search for the start of a word, the algorithrmpares the short-time frame
energy and the ZCR with their respective word staresholds. If one of these
parameters exceeds its word start threshold, therwbrd start flag is asserted and the
cepstral features are stored in memory for usehéyphattern-matching block. If neither
the frame energy nor the ZCR exceed their word #taesholds, then they are compared

with their possible start thresholds. If one afgé exceeds its threshold, then the possible
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start flag is asserted and the cepstral featueestared in memory. For these features to
actually become part of a word, the correspondingivstart thresholds must be exceeded
before both the frame energy and the ZCR fall belosir possible start thresholds.

Once the word start flag is asserted, the algorphoteeds to search for the end
of the string. The end of the string is detectdtenvthe number of consecutive silent
frames (frame energy and ZCR are both below thegsible thresholds) exceeds the
silence threshold, which is set to half a secawthen this occurs, the system stops storing
the cepstral features, and the last half-secondrashes are discarded from pattern
matching block consideration.

Figure 2.5 illustrates the effect of performing endpoietettion. The waveform
of the connected string '0-1-2' before the endpa@tector is shown in Figuz5a. The
speech signal was analyzed on MATLAB and normaliiesi before performing the
detection. On the DSP implementation, this nozatibn does not take place. The
waveform is first sliced into 45 ms time frameshv@0 ms of overlap. Figur25b and
Figure 2.5¢ plot the energy levels and ZCR respectivAifie dashed lines represent the
word start and possible word start thresholds.  #iresholds where chosen
experimentally. Before the start of the speech, éhergy level and the ZCR are both
below their respective possible word start thred$holOnly when the start of the speech
occurs do the energy levels and ZCR exceed thessilple word start and word start
thresholds. Finally, at the end of the speech,etinergy levels and ZCR remain below

their possible word start thresholds for over halsecond. Figur@.5d shows the
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waveform after the endpoint detector. Notice that silent regions before and after the
speech have been cropped out, leaving just thelspesgveform itself.
The next chapter describes the parameter modelitigpattern-matching blocks of

the speech recognition system.
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Figure2.5 Plot of waveform '0-1-2' before and after endpdittection
(a) Waveform of '0-1-2' before endpoint detection
(b) Energy levels
(c) ZCR levels
(d) Waveform of '0-1-2' after endpoint detection
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3. Hidden Markov Modeling

The speech recognition system developed in thisareB uses a continuous
Hidden Markov Model. From the block diagrams ajufe2.1, HMMs play an important
part in the parameter modeling block of the trgjniase and the pattern matching block
of the recognition phase. This chapter first definvhat an HMM is and then describes

how it applies to speech recognition.

3.1 Definition of a Hidden Markov Model

An HMM models a doubly stochastic process. Onehefstochastic processes,
called the observation sequence, is readily obb&rvta the outside world. An example of
this would be the outcomes of a coin tossing ermpamt, or for our case of speech
recognition, this would be the cepstral and dedtpstral features from one time frame to
the next. The other stochastic process, calledtdte sequence, is not readily observable
and thus hidden. For the coin tossing experimiaig, may be which coin was used to
determine the outcomes or how the outcomes weegrdigied. Since this state sequence
is hidden, it can only be observed and determihezligh the observation sequence.

For a small vocabulary speech recognition systeenthe ten digits of the English
language, an HMM will usually model an entire worih a larger vocabulary system, the
HMM may model some speech utterances correspondingubunits of words. For

recognition purposes, we want to find the HMM whidost likely produced the given
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observation sequence. The word corresponding ¢olatter HMM is the recognized
word.

Let us first examine how an HMM works and then hibwg can be applied to
speech recognition [1]. To begin with let us dagré areS states in the model, and we
have an observation sequence

¥(1),¥(2), ¥(3), - . .. y(®), - - ., ¥(T)
wherey(t) represents th®-dimensional observation vector generated at tinad the
total number of observationsTs Each observation vector is the outcome fromafriee
S states. An HMM can be thought of as a “finitetstanachine.” An observation is
generated at each time from one of Sstates. Then a transition, or jump, to another
state (or maybe the same state) occurs and armtkervation is generated. This process
is repeated generating the final observation sexpien

There are usually certain constraints associatddNMMSs that make determining
the state sequence easier. To begin with, onhaicestates can be valid starting points
for the HMM. In addition, some transitions fromeostate to the next may not be valid
(see Figure.1b). Only valid state transitions can occur frome timef, to the next time,

t + 1. This can include making a transition to shene state. Finally, only certain states
are valid for ending the sequence. Fig8ré gives an illustration of different types of

HMMs for four states.
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(b)

Figure3.1 Examples of 4-state HMMs
(&) A fully connected HMM
(b) A left-to-right HMM

Figure3.1la is an example of a fully connected HMM, oreagodic model. In this
type of model, any state can be a valid startingitpand ending point. Also, any
particular state can be reached from any of therogbates in one transitional jump. In
most cases, there will be some constraints placetit@HMM. Figure3.1b is an example
of a left-to-right model where the state sequenastrproceed starting from the left and
ultimately ending on the right. In this type of ded, there is only one valid starting point
(State 1) and one valid ending point (State 4)onfthe diagram, we see that the only
valid transitions are to itself or to the next legistate until the final state is reached. This

type of model imposes some type of order in theendagion sequence since observations
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associated with lower-numbered states will occuiorieeobservations associated with the
higher-numbered states. The fact that this ocowans that a left-to-right model can be
applied to our speech recognition system sincesimee type of order exists in how a
word is spoken.

The state sequence is the hidden random processsaddnoted ax with
associated random variabbg$). The HMM assumes that a transition will occueath
observation time. The likelihood of these transisi occurring can be quantified by the
state transition probability A state transition probability of making a triéios from state
J to statd is denoted aa(ifj). Stated mathematically, for any arbitrary time,

afi[j)=Px(t)=ilx(t-12)= j) (3.1)

With the assumption that the state transition pbdibaat timet does not depend
on the history of the state sequence, the randgesee becomes a first-order Markov
process. Since the random sequence takes ontdigateger values which represent the
states, this becomes a Markov chain.

Placing all the state transition probabilities irgosingle matrix yields thetate

transition matrix Awhich is given by
afi) aip) - afis-1) afis)

) , 62

alst) alsz) - alss-1) (s
whereS is the total number of states in the model. Tiagestransition probabilities are

assumed to be stationary with respect to times fi@ans thad(i|j) does not depend on
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when the transition occurs. Because a transitidinoacur at every observation time,
every column oA will sum to unity.
The state probability vectoat timet is defined as

P(x(9) =)
m(t) = i {0 = 2 (3.3)

Using this definition, the above expression cawh#en as

n(t) = An(t - 1)

= A7)

where7£1) is theinitial state probability vectar

(3.4)

The observation sequence is the observed randoregs@nd is denoted yasvith
associated random variablg$). Recall that each observation is generated fiearstate
the system is in. Therefore, each state has atiagsdobservation pdiwhich is the
means for generating an observation. For stathe observation pdf is denoted as
fuoxo(€li). The random variableg(t) are assumed to be independent and identically

distributed and therefore do not depend on tim&hus,
fz‘l(ﬁh) = fy(t)‘xt)(ﬁ|i) for arbitraryt . (3.5)

All of the parameters of an HMM have now been dgfinand the HMM is now

formally represented as

7 ={s,1), A fz‘x(ﬂi),lsi <sf (3.6)
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3.2 Discrete and Continuous Hidden Markov M odels

There are basically two types of HMM: tkescrete HMMand thecontinuous
HMM. For a discrete HMM, the observation pdf's fdrtla states are discrete. This
means that the observation sequence can only taka finite set of values. Vector
guantization (VQ) is used to quantize the naturadigurring observations into one of the
number of permissible, discrete sets. This isl&indd quantizing an analog signal into a
discrete signal by passing it through an analodi@al converter. The discrete signal
will then take one of a finite number of values.

The continuous HMM, which is used in this researelpresents the general case
where the observation pdfs are continuous andJamiiged”. The observation pdf is
approximated using &aussian mixture density This assumes that the pdf can be
approximated by summing weighted multivariate Gaussian pdf's. The obsemadf is

of the form
f},‘x(&“):Zcim%(z;uim1zim) (37)

wherec, is themixture coefficienfor the mth component of state and7([)) denotes a
multivariate Gaussian pdf with megr, and covariance matrix;,, where the associated

probability is given by

1 (s T sAfss
HE M) = ootz 2 S (3.8)

whereD is the length of the feature vector. The mixtcwefficients must be nonnegative

and satisfy the constraint
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M
den=1 1<is<S (3.9)
m=l

Thelikelihoodfor generating observatiofft) from state is defined as

bly(t)i) = f,, (v(t)i) (3.10)

Now that we have formally defined what an HMM iglaaome of its properties, It
is time to consider the two problems at hand fophapg an HMM in our speech
recognition system: th&aining problem and theecognition problem. The training
problem involves estimating the parameters whictkkemap the HMM. Once these
parameters have been estimated, they can be appliddtermine the likelihood if the
trained HMM produced an incoming observation seqeenBetween the two problems,

the recognition problem is easier and is discufisstd

3.3 Recognition Problem
The recognition problem deals with determining ltkelihood that a given HMM

model produced an incoming observation sequendeereTare several techniques which
can be applied to compute this likelihood includadgorward-backward approach or a
state-space approach. Both of the above approaalwesate the likelihood assuming any
state sequence is possible. These techniquessatesskd in more detall in the literature
[1][9][17]. However, the most popular approachddhe approach used in this research)
is the Viterbi decoding method [1][9][17]. This thed is popular mainly due to its ease

of implementation and its efficiency. The Vited@coding method is discussed next.
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The Viterbi decoding method for computing the likebd involves finding the
optimal state sequence using dynamic programmii®) (Bchniques utilizing the Bellman
Optimality Principle (BOP). DP and BOP will be dissed in the next few pages. The

Viterbi method finds the numb&(y, / | %) where

1" = argmaxP(y, I |7%) (3.11)
|

represents the optimal state sequence landi, i, ,...,i;} represents any state sequence
of lengthT.

DP techniques are used to solve the Viterbi probléine problem is tackled by
considering a grid as shown in Figu#2 where the observation times are laid out on the
abscissa while the states are along the ordinfteHach point on the grid can be indexed
by the time, state pait, (). While searching this grid, two restrictions anposed.

1. Every path must advance in time by one, and only, dime step. Thus

sequential grid points will be of the formi) and {+1,) where 1<i,j<S

2. The final grid points for any path must be of tleni (T,i;), where i

constitutes a legal final state in the model.
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Figure 3.2 Search grid for Viterbi decoding

As the grid is searched, several different typesosts will be defined. In general, these
costs are various likelihoods that are being exathinThe higher the likelihood is, the
better the cost. The first of these is a Tipeost which is associated with any node in
the grid. A TypeN cost is defined as follows (the primed notatiollvé obvious later):

d'y t.i)=bly(t)i)

=y = y{1)x() =) &1

In addition, a Typd cost denoting the cost of making a transitiorh@éngrid is defined as
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d i)t -1 i) =alli)
=P(x(t) = i|x(t-1) = j)

for any arbitraryi andj and for arbitrary > 1. For the initial state probability, we assume

(3.13)

that all paths start from a fictitious node (0,83 anaking a Typd& cost of

d'; |(Li)(00)] = P(x(z) =)

) (3.14)

to any state. The accumulated cost (TyBg associated with any transition frotal(j)

to (t,i) is then defined as

d'o (i)t -1 )] = [fe.i)e -2 5o (i)

- i bly(e) .
fort>1, and
d's[(Li)(00)] = d' [(@i}(00)ar, (1.i)
=11 (Ubly()i) 819
fort=1.

Considering a complete path through the grid, ttal taccumulated cost is the

product of the Typ® costs and is given as

D'= Itde[(t’it)Kt —lit—l)]

T

= alifi ply(t)i,) (3.17)
- Ly
where we define
a(ifip) = 11 (2) (3.18)
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The best state sequendeyields themaximumcost and the total optimal cost is
D] =Lly.1"|) (3.19)
Note that equations3(15), @3.16), and 3.17) involve forming the products of
likelihoods, which will often become very small anduse numerical problems in the
solution. To circumvent this problem, negativedaothms are taken. This transforms the
multiplications into additions and changes the fmaobof determining the optimal state

sequence into finding thminimumcost path.

By taking negative logarithms, the Typlecost becomes

dy (t’it) = _Iog[le (t’it )]

_ —Iog[b(y(t)(it)] : (3.20)
The TypeT cost then becomes
dr[i)(e -2 i)] = -togd [6.1)( -2 )]
) .
fort> 1, and
dr[(t.i)( -2 1)] = -toglt (1.1} (00)] 3.2

- -toglri 1)

fort =1. The Typd cost is then

de|(t.i)(t -1 j)| = ~logls |1}t -1 )] ]
= d, (i)t -2 )]+ d, .) (3.23)

= —loglafi| )] - log[o{y(t)i ]

fort> 1, and
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dq|(Li)(00)] = ~log|d', [(li)l(o,O)]]
=d,[(Li)(00)]+d, (1i (3.24)
= ~log[rs (1) log[b(y i)

fort = 1. Finally, the total accumulated cost for\egipath is then

D= tZl:d[ (t- (t-1i_)]
> {-tofaf .. )]-oglbly(t)i I}

t=1

(3.25)

where
—logD’ (3.26)
The task at hand then becomes determining the alpsitate sequence given the
observation sequence, in order to determine themaptikelihood. The optimal state
sequence is solved using DP techniques. The Ofrithign presented below incorporates

the BOP [1]. The BOP states that to find the mimmcost path segment from node

(00) to nodeft,.i,), denoted(OO) (t..i,), that passes through a predecessor node

(t_y.i,_,), it is not necessary to reexamine all the pataditig from (00) to (t, i, _,)

enroute to(t,,i,). It is sufficient to simply extend00) - (t,_.i.,) over the minimal

cost path segment possible to re(tgh'k).

Using the BOP and the DP techniques, the Vitergordhm can now be
presented. Before the algorithm is presented,rgkevariables are explained first. The

partial joint likelihood of occurrence at sequericee t of the optimal partial state

sequencdi; ,i;,--- i} and the partial observation sequefighl), y(2),---, y(t)} is given by
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D, (t.i,). Inother wordsD_, (t.i,) represents the distance from (0,04, ) over the

best path. Grouping all of these joint likelihoddgether gives the optimal partial joint

likelihood matrix D,,,,. In addition, knowledge of the state sequencecis®d with the
best path through the HMM might be usef&ll’.(t,it) Is defined to be the best last state on
the optimal partial path ending 4t,i,). In other words, this is an index of the
predecessor nod¢—1i,_,) to (t,i,). Clearly, the optimal path from (0,0) fni,) can be
found by backtracking using(t,i,). Using these variables, the Viterbi algorithrmdsv

presented below [1][17]:

Step 1: Initialization

* Dy (Liy) = -log|rg, (1)] - loglo(y(@)i, )| 1<i, < (3.27)
< W(i,)=0 (3.28)

Step 2: Recursion
For2<t<T, 1<i,<S
* Dyu(ti)= min{D,,, (t-1i.,)-loglalfi.]} -logloly(t)i)]  (3.29)
. Wti)= aji_grlin{Dmm (t-1i.,)-loglal i)} (3.30)
Step 3: Termination

- D =min[D,, (T.i;)] (3.31)

legaliy
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- iy =argmi(D,,, (T, )] (3.32)

legalir

Step 4: Path (state sequence) backtracking

Fort=T-1T-2..1

. i =Wt+ail,) (3.33)

The optimal likelihood is given by the quantidy, and the optimum state sequence

.k

is given byl ” :{ll,i;,-n,i;} .

3.4 Training Problem

Now we turn our attention to the problem of tragninThe purpose of training the
system is to estimate the parameters that make agh €IMM model. Multiple
observation sequences from the same model are cheetleere should be a sufficient
number of training sequences such that all thasstal variations can be represented
across the multiple utterances. The training atresstimating the state probability matrix,
the initial state probability distribution, and theean vectors, covariance matrices, and
mixture weights of the observation pdfs from amiteary initial model. Like the
recognition problem, there are different approadbeghe training. All the approaches
involve an iterative procedure to estimate thesamaters. Among the most popular for
discrete HMMs is included the forward-backward (BaWelch) reestimation procedure.

This training algorithm is comparable to the forddpackward algorithm of recognition.
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The F-B reestimation procedure is discussed inlitémture [1][9][17]. The training
algorithm used in this research is the Viterbi tieggtion, which uses the Viterbi decoding
and backtracking for recognition [1].

The Viterbi reestimation algorithm provides a sienphd very efficient procedure
for estimating the parameters of a HMM. First, samtation is defined. We defineto
be a random process with random variaki@¥ that model transitions at tinte The
following notations are defined:

u;,; = label for a transition from stai¢o state
u,; = set of transitions exiting state

To begin the reestimation, multiple utterances,lsagre needed. In addition, we
start with an initial modetz. Viterbi decoding and backtracking is used tcedatne the
path (optimal state sequence) for each ofLthéterances. While performing the Viterbi
decoding for all the utterances, the following nensbare noted:

nlu;, ) = number of transitions;
n(u.;) = number of transitions from the Sef,

The parameters for the new modet¥ are estimated next. The state transition

probabilities for the new model are estimated by

aljfi)= ol ) (3.34)

Hidden Markov Modeling 41



In addition, for each of th& states, we have a set of observations (from_the

training sequences) that occur within the statecal® thatM Gaussian mixture densities

are used to characterize the observation mg;,(ﬂi). Estimates of the mean vector for

each mixture component, covariance matrix of eantune component, and the mixture
coefficients for each state need to be found usiegdata in each set. These can be

estimated using several types of algorithms whiehdgscussed in the next section.
The new modelz , is then compared with the previous mod],to determine

how statistically similar the two models are. Gneh distance measure is
D'(%%):%[Iog[z(ﬂ%)]—Iog[z(ﬂ%)” (3.35)

wherey is a Iength? sequence generated & . In general, this distance measure is not
symmetric in the sense that

D', %)% D' (e, 7) (3.36)
To obtain a distance measure that is symmetric pect to the models, we use

D'(7%,77{)-; D7)

p(m)= (3.37)

This distance is compared with a threshold and, i exceeded, the initial mod## is

replaced with the new mode¥x. The entire process is repeated in an iteratigidn

until the model distance falls below the threshailere convergence is assumed.
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3.5 Observation Probability Density Function
Recall that the observation pdf's are assumed tGaressian mixture densities of

the following form:
M
f,&)=>c.7(Eu.2,) (3.38)
B m=1

where M is the number of mixture components, ang U, and Z, are the mixture
coefficient, mean vector, and covariance matrixtfe@mth Gaussian pdf, which is given

as

1 .
2E M Zn) = e () 2w 2 (3.39)

In general, the individual entities in each of diEservation vectors can be assumed to be

independent from each other. Thus, the covariavateix for themth mixture component

will be a diagonal matrix with the variance of eagttity along the diagonal. To simplify
matters, we will consider a variance vectny® to be the variance for thmeth Gaussian

pdf, which contains the diagonal entries of theac@nce matrix. Equatior8(39) then

reduces to the product of the individual Gaussidfispfor each entity given by the

expression

E Um0 |‘|7z EaiHpm, O (3.40)
where 71( diHm, ,oﬁh) is the Gausian pdf for thdth entity with meary,, and variance
on -
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There exist several algorithms that attempt toesthe mixture density problem
for the observation pdf by estimating the mixtuoeféicients, the mean vectors, and the
covariance matrices. Fast and efficient method®lidaining these estimates include the
clustering algorithms. Clustering algorithms grdabp vectors into different clusters and
the means and variances are calculated from easteclgroup. These algorithms include
the many different types ¢¢means algorithms. An iterative solution to thiskgem can
be found using the expectation maximization (EMjoathm. For this research, a
segmentak-means algorithm and the EM algorithm were examanadl contrasted. Both

methods are discussed below.

3.5.1 The Segmental k-means Algorithm
The segmentak-means algorithm is an example of a clustering rdlyo that
quickly estimates a mixture density representatidhis algorithm is a recursive algorithm
that starts with two clusters and finishes vitlclusters. The algorithm is given below.
1. Initialization.
» Compute mean vector from all the vectors belonginthe observation
pdf, W
* Group the vectors into two clusters depending orthdr a vector is
closer tou—€ or p+¢, wheree is a small positive vector. A
Euclidean distance measure is used to determinehwdiuster each

vector belongs to.
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2. Recursion
* For each cluster, compute the mean vector of tbates.
* Divide each mean vector into two: one slighthslésan the mean and
one slightly greater than the mean.
* Regroup all the vectors by determining which pdxdrmean vector is
closer, using a Euclidean distance measure.
* Repeat until the vectors have been groupedhhtdusters.
3. Termination
» For each of the clusters, calculate the sampled mean and sampled
variance vector. These will be used as estimateshe actual mean
vector and variance vector in the observation pdf.
* The mixture weight for each cluster is the numbkewextors in the

cluster divided by the total number of vectors ntiodethe pdf.

The segmentadt-means algorithm is a fast and efficient methodefstimating the
parameters in a mixture density representationwever, a drawback for this method, or
any clustering method, is that they must assigm eactor to belong to any one bf
clusters by using some type of distance measuterion. Clearly this is not the best
solution when the mixture densities overlap. Thetors can possibly be assigned to the
wrong cluster, which can skew the means and deztbasvariances relative to their true

values.
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3.5.2 The EM Algorithm

The EM (expectation-maximization) algorithm is gerative algorithm for finding
a mixture density representation [18][19]. Theamtavo major steps in this algorithm: an
expectation step followed by a maximization stéfhe expectations are with respect to
the unknown underlying variables using current nestés of the parameters and
conditioned upon the observations. The maximipatii@n provides new estimates of the

parameters. A full development of this algoritlsneyond the scope of this thesis.

By defining c’ —{ql,q°2,...,q°M} as the current estimates for the mixture

coefficients, W :{ufl,ufz,...,ufM} as the current estimates for the mean vectors, and

02 C

2 2 2 . .
o :{ofl o AANEN'o 14 } as the current estimates for the variance vectrs, next

estimates of the EM algorithm are given as

. %ZN:C %(Ewum! ) (3.41)

{za (Eky ot )} / {Z c;%(afky ;(ngi),ozz)} @.42)

o =[S e w576 ) 87 )

(3.43)

where N is the number of feature vectors in the histogi@md c” :{c,}c,;,...,c,p},

+

N :{url,ui*z,...,ugﬂ} , and 0?2 :{cyi+12,cri+22,...,criM 2} are the new estimates for the mixture
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coefficients, mean vectors, and variance vectospaively. After each iteration, the

change in the likelihood from the previous iteratis computed and compared to a
threshold. If this change is greater than thesthwtl, the iteration is repeated with the
new estimates as current estimates. Once thigeharelow the threshold, convergence
is assumed.

The EM algorithm, in general, provides good glatzalvergence. However, there
may be some local maxima in the distribution fumttcausing the EM algorithm to not
necessarily converge to the global maximum. Thagrtitial estimates need to be “good”
to guarantee convergence to the global maximumdigaissed earlier, the segmertal
means algorithm can be used to obtain “good” iresiimates for the EM algorithm. This
approach was observed to always converge corrtectlye global maximum.

This concludes the discussion on HMMs. The nexaptér describes the
implementation of the speech recognition systemisofated words using continuous

HMMs to model the individual words.
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4. I mplementation and Results

This chapter discusses specific details regardiegrplementation of the speech
recognition system and its performance resultsolated words. The system was mainly
implemented and tested on a PC with a 16-bit socardl and on an ADSP-2181
processor which is manufactured by Analog DevicBise PC implementation is discussed

first.

4.1 PC Implementation

The speech recognition system was first implemeatettested on a PC. A 16-bit
sound card was used to take in all the speechanttes in the form of a .WAV file.
MATLAB was mainly used for the signal processinggd & C program was written for the
training procedure. We first analyze the trainmmgcedure and report some of its findings

on known models.

4.1.1 The Training Analysis

Before we discuss the actual implementation ofsfjeech recognition system, we
first tested the validity of the training programerforming some controlled experiments
and seeing how closely the parameters generatedtfie training program matched the
actual parameters. Both the segmektaieans algorithm and the EM algorithm were

analyzed for estimating the observation pdf.
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To test the training procedure, an observation eecgl was generated from a
known model with "overlapping" Gaussian mixture signcomponents. To begin with, a
series of observation vectors containing three eféewere generated using a 3-state left-

to-right HMM with the following transition matrix:

08 0 O
A=|02 03 O
0 07 1

and with the following 4-mixture mean vectors, g&age vectors, and mixture weights for

each state:
State 1:
1 3 4 8
=17 3 5 8
-3 -1 -4 0
2 1 05 3
0=|05 07 3 1
15 12 3 1
c,=[05 02 01 02
State 2:
7 9 11 6
M, =0 3 2 5
-4 -6 -8 -5
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05 2 25 1
02=/15 1 25 3
2 1 3 03

c,=[025 025 025 029

State 3:
2 5 7 3
H;=|—-2 -1 -3 -5
-1 3 2 6
25 3 3 02
o;=[3 2 15 1
05 1 2 3

c,=[01 04 03 02]

To test the training program 200 observation secggemwere generated. The
Viterbi reestimation procedure was used to estirtiaeparameters for the HMM. As an
initial guess, we assume that the different statesir an almost equal number of times for
all the observation sequences. Based on this assunmthe observation sequences were
segmented into state sequences. Both the segrkeng&ains and the EM algorithms were
used to obtain initial estimates for the mean vegteariance vectors, and the mixture

weights (denotedl, G, and C respectively). The training algorithm was runrtitg

from 25 random initial models. The initial modelsre generated using

Implementation and Results 50



[1 :%+rl’j (41)
~2

0t =" 416’ (4.2)

c=¢ (4.3)

wherer is a random scalar variable, uniformly distribubstween 0 and 1.

Using @.37), the distances were computed between the IsndoEm two
successive iterations. Convergence was assumed wie distance was below a
threshold of 0.1. The model that produced theelstrgkelihood across the entire training
set was used as the final model. Two training owthvere run. The first one used the
segmentak-means algorithm to estimate the observation ptiflevthe second method
used the EM algorithm. After running the trainmigpgrams the following estimates were

generated by the respective methods.

The estimates from the segmemtaheans algorithm were:

07886 O 0
A=|0.2114 03651 O
0 06349 1

and
State 1

0.7308 2.8948 29844 7.5638
M, =| 66129 28241 7.0093 80777
-3.0018 -1.1175 -27686 -0.5994
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2

2.0208 13753 18501 4.7655

o; =/ 09319 09636 0.7383 0.8026

C =

State 2

16361 15159 26018 3.4260

[0.4165 0.2072 01660 0.2104

[2.9219 0.8135 2.0035 1.2444

0, =| 55697 25964 3.0839 5.4828

C, =

State 3

s =

O3 =

114915 14121 24015 0.8558

[0.2952 0.1841 0.1873 0.3333

[ 21437 48196 67477 49505
-13211 -1.0139 -3.7206 -3.1523
| 04982 23533 4.1401 3.5058

[1.8902 1.0827 6.6205 2.8444
29301 2.0203 25168 2.6547
136225 17408 7.0414 3.3078

c, =[0.1688 0.2281 0.2462 0.3564
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M, =| 13781 27128 26033 3.7581
| —4.2023 -6.2182 -82190 -5.3367
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The estimates from the EM algorithm were:

07914 O 0
A=|0.2086 0.3377 O

0 06623 1
and
State 1
07244 31906 16712 7.8958
w,=| 70971 30081 67031 80191
-2.7977 -14909 -34337 -0.0061
13675 0.9528 3.1760 3.2391
02 =|0.3445 10255 07613 0.9254
15680 23368 1.8390 0.9050
c, =[0.2862 0.2414 02749 0.197§
State 2
[ 68526 80683 108004 6.2970
U, =| 00498 35702 21328 48671
|- 43478 -59834 -7.8167 -4.9207
[0.4748 7.9965 2.3808 1.3608
02 =|09402 14479 28391 3.1326
116686 15294 29476 0.2457
c, =[0.2744 02519 02444 02293
State 3
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[ 30274 50959 74025 29863
My =|—1.8453 —-0.9844 -28943 -49725
| 0.7678 30938 21376 6.1694

[3.7906 1.5187 2.3980 0.1777
02 =|28609 18504 1.3345 10325
37617 0.8271 1.9956 2.8086

c, =[0.2238 0.2958 0.2875 0.1929

Since we know the true statistics of the observadiata, the estimated parameters
can be compared with the true parameters. Figdrésthrough 4.3 show the true
histogram of the first element for all the obseinsd and the histogram of this observation
based on Viterbi decoding for the three statese Aiktograms for the second and third
elements can be found in Appendix A.

The histograms show that regardless of which metbagsed, the observations
which are assigned to the states by Viterbi degpdire almost identical to those truly
generated in the states, despite having "overlgpgaussian mixture components. The
observation pdf's were then compared. Figuresitotigh 4.6 show the true pdf and the
reestimated pdf from both training procedures for first element. The pdfs for the
second and third elements can be found in Appehdix

From the results shown above, it is evident thatEM algorithm for estimating
the observation pdf performs somewhat better tlien segmentak-means algorithm.
Figures 4.4 through 4.6 demonstrate that the ednabservation pdf generated using

the EM algorithm matches the true pdf better thae éstimates generated by the
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segmentak-means algorithm. This difference in performanans, dikely, be attributed to
the fact that using the segmeritaheans algorithm, some of the vectors could haea be
assigned to the wrong cluster. Consequently, tealgorithm is incorporated into the
training algorithm for the actual speech recognititespite the longer computational time

for convergence of the algorithm.
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& Observations of Element 1 truly in State 2
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Observations of Element 1 truly in State 3
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pdf for State 1 and Element 1 with k-means
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pdf for State 2 and Element 1 with k-means
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pdf for State 3 and Element 1 with k-means
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4.1.2 Results on Words

Now we discuss the speech recognition part. Attefight HMM is used to
model an entire word. The vocabulary consistshef ten digits (O through 9). In
addition, 7 states and 4 mixture densities werd bssed on past research [20].

For the training phase, multiple utterances ohgulistic unit need to be present.
For the ten digits of the English alphabet, weoeé HMM model an entire word. Of
each digit, 50 speech utterances were taken ig asit6 bit sound card, using a sampling
rate of 11,025 Hz. To include some variabilityhow each digit is spoken, the first 25
utterances were recorded at one sitting, and ste2a utterances were recorded at a
different sitting. In addition, each speech utterfor the training phase was either taken
in isolation or out of context from a string of iy The word tends to sound different
when spoken in isolation or as part of a string. dBing this, we try to incorporate all the
different ways the word can be spoken. MATLAB whesn used to calculate the cepstral
and delta cepstral coefficients and to determiree éhdpoints of the word using the
methods described in Secti@?. A C program was written to estimate the patans
for the HMMs using 7 states and 4 mixture densitiddhe training phase used Viterbi
reestimation with the EM algorithm to estimate thké parameters for the HMMs as
described in SectioB.4.

Once these models have been estimated, the spEmdmition system was tested
on isolated words. For the recognition phase téle utterances were taken in the same
manner as the training utterances using a 16 bincs@ard sampled at 11,025 Hz. The

recognition phase was not performed in real tiniée feature vectors were obtained as
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before using the method described in SecBidh The Viterbi method was used for the
pattern matching and unit identification as desdiln Sectior8.3. Since each HMM
models an entire word, the structural compositiockis not needed for isolated words.

Recognition tables were generated to evaluate éhfernmance of the system. An
associated figure of merit is included to give deai of how well the system works. The
figure of merit is simply the sum of all the elerteealong the diagonal in the recognition
table which yields the total number of correctlgagnized utterances.

Table4.1 shows the results from the training set. Heeesee that the figure of
merit for this set of utterances is 500, which espnts a 100% recognition rate. This
high recognition rate is not surprising since themsme utterances were used to generate
the model parameters. Talle2 shows the results from the testing set. Thenge data
produced a figure of merit of 498, which represen@9.6% recognition rate. While not
as high as the training set, we see that the mpdettuced by the training set are a good
representation for the vocabulary at hand. Wetlsaethe recognition system on the PC

performs very well on isolated words.
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Table4.1 Recognition rates for the training set on MATLAB

Input words for recognition
Output 0 1 2 3 4 5 6 7 8 9
0 50 0 0 0 0 0 0 0 0 0
1 0 50 0 0 0 0 0 0 0 0
2 0 0 50 0 0 0 0 0 0 0
3 0 0 0 50 0 0 0 0 0 0
4 0 0 0 0 50 0 0 0 0 0
5 0 0 0 0 0 50 0 0 0 0
6 0 0 0 0 0 0 50 0 0 0
7 0 0 0 0 0 0 0 50 0 0
8 0 0 0 0 0 0 0 0 50 0
9 0 0 0 0 0 0 0 0 0 50
Figure of merit = 500
Table4.2 Recognition rates for the testing set on MATLAB
Input words for recognition
Output 0 1 2 3 4 5 6 7 8 9
0 50 0 0 0 0 0 0 0 0 0
1 0 50 0 0 0 0 0 0 0 0
2 0 0 48 0 0 0 0 0 0 0
3 0 0 0 50 0 0 0 0 0 0
4 0 0 0 0 50 0 0 0 0 0
5 0 0 0 0 0 50 0 0 0 0
6 0 0 2 0 0 0 50 0 0 0
7 0 0 0 0 0 0 0 50 0 0
8 0 0 0 0 0 0 0 0 50 0
9 0 0 0 0 0 0 0 0 0 50
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4.2 DSP Implementation

This speech recognition system was next implemente& development/demo
board based on the ADSP-2181 processor which isufeeztored by Analog Devices.
This is a 33 MIPS processor with 32 k of 16 bit d&of memory and two serial ports (0
and 1) [21]. The speech utterances are taken riough a microphone, which is
connected to a stereo programmable codec. The@aeples the speech at 11,025 Hz
and transfers the samples to the ADSP-2181 vialspart 0 [22]. For the DSP
implementation, only the recognition phase was emanted. The training phase was

performed on a PC, and the generated parameteesti@esferred to the DSP.

4.2.1 DSP Issues

One of the checks which needs to be made is iétiseenough memory to hold all
the parameters for a 7 state 4 mixture density HMRr each model, we need to store
the state transition matrix. Since we are usingftato-right model, the state transition

matrix is a lower triangular matrix of the follovgriorm

a@ o o 0o 0 0
a(21) 422 o 0 0 0
0 a3 433 o 0 0

A=| 0 0 a(43 444 o0 0 (4.4)
0 0 0 a(%4 a5 o0
0 0 0 0 a(63 a 66 (
0 0 0 0 o a7 1

Here we see that only 12 state transition proliesiineed to be stored to represent the

entire state transition matrix. In addition, tlergmeters that make up the observation pdf
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for each state need to be stored. Since eachrdéemtgtor consists of 24 elements (12
cepstral coefficients and 12 delta cepstral caeffts), the mean vectors and the standard
deviation vectors need to have 24 elements for eaxture component. Thus for each
state, there need to be 96 (24 elem&Msmixture densities) elements to represent all the
mean vectors and 96 elements to represent altdhdard deviation vectors. In addition,
four mixture weights need to be stored for eactestahus, for each model, there need to
be 672 (96x 7) elements for all the mean vectors, 672 eleméntsll the standard
deviation vectors, and 28 elements for all the wunxtweights to represent all the
observation pdf's.

Each model would need 12 elements for the statesitian matrix, 672 elements
for the mean vectors, 672 elements for the standiewtion vectors, and 28 elements for
the mixture weights. This gives a grand total 884 storage elements per HMM model.
To represent each of the ten digits in the vocapuls,840 storage elements are needed.
Since the ADSP-2181 has 32 k of 16-bit words of mwmthere is plenty of room to
store all ten models. To avoid complexity, thenirg parameters that were found in the
previous section for all the words were also usedte DSP implementation.

Recall from Sectior2.2 that all the preprocessing, LPC analysis, agpistcal
calculations are performed in real time. Thesepaters are continuously calculated
while the samples are being collected. Howevercesithe delta cepstral coefficients
require knowledge of future cepstral coefficiettg®se parameters can not be calculated in
real time. The delta cepstral coefficients arewdated only after the end of the string has

been detected and all the cepstral coefficients baen calculated.
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The maximum time for the speech signal was setvatdeconds. This should
allow ample time to speak a word in isolation atreng of at least 7 digits. Recall from
Section2.2.1 that each time frame is 45 ms in durationsuttessive time frames overlap
each other by 30 ms in duration. Thus for eaclitiaddl time frame, 15 ms would have
passed. For five seconds, there would be a t6taB® time frames. Since each feature
vector contains 24 elements, there would have t@,882 storage elements set aside in
memory to store at most five seconds of speech.

After the cepstral and delta cepstral coefficieMserbi decoding was used to
compute the likelihood of each model generatingdhservation sequence. The model

producing the best likelihood is chosen as thegered word.

4.2.2 Finite Word Length Effects

The effects of finite word length were examinedsé® how the quantizations and
roundoffs in the algorithm affect the results. cginhe ADSP-2181 is a 16-bit fixed point
processor, there will inherently be errors intraetlibecause of the finite word length.

We begin by examining the feature analysis stagehich the cepstral and delta
cepstral coefficients are calculated. Samples ospeech utterance of the word '1' were
taken in through a PC. The calculations of théuieavectors (cepstral and delta cepstral
coefficients) were performed both in MATLAB and tdme ADSP-2181 and the results
were compared. To ensure that the exact same esuwgre used, the samples were
downloaded ahead of time into the processor. Thefficients generated through

MATLAB were assumed to be the true values sinceetheill be a minimal loss of
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precision in the calculations. MATLAB performs #lie calculations using a 64-bit
floating point representation. In the ADSP-2181igned fixed-point representation of
5.11 was used. The results for the first time &aane plotted together and shown in
Figure4.7.

Figure4.7a shows that the computed cepstral and delstreépoefficients on the
ADSP-2181 (indicated by the continuous curve) do deviate much from the true
cepstral and delta cepstral coefficients (indicdtgdhe %). Figure4.7b gives a plot of
the relative error in the calculation. We see ftiieg relative errors of some of these
cepstral coefficients appear to be substantial. wéler, these occur when the actual
cepstral coefficient is close to zero. When thesers are compared to the maximum

allowed value of 16, the errors generated are eot significant.
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Feature vector from MATLAB and ADSP-2181
6 T T T T

Element in feature vector

(@)

Relative Error of Feature Vector from ADSP-2181
20 T T T T

_30 L L L L
0 5 10 15 20 25

Element in feature vector
(b)
Figure4.7 Finite word length effect on feature vector

(a) Actual feature vector:X) MATLAB, (—) ADSP-2181
(b) Percent error of feature vector
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We next examine only the pattern matching and ideittification block to see
how the finite word length calculations affect ikelihoods after Viterbi decoding. The
true feature vectors from the previous experimeatewused in the calculations of the
likelihood from each model in both MATLAB and oretADSP-2181. Figurd.8 shows
the results from this test. Figuf#eS8a shows that the negative-log likelihoods preduc
from the ADSP-2181 after Viterbi decoding do notvidee much from the true
likelihoods. The relative error is shown in Figdr&b. From this graph, we see that the
relative error in the negative-log likelihood cdétions deviates by no more than 0.13%.

The entire speech recognition system was next taleto give an idea of the
total effects of the finite word length calculatonThis includes both the effects from the
feature analysis and from Viterbi decoding. Thmeaamples of the word '1" were used
in this experiment. The true likelihoods and tikelihoods produced from the ADSP-

2181 are then compared. The results are showigume.9.
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Likelihoods from MATLAB and ADSP-2181
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Figure 4.8 Finite word length effect of Viterbi decoding
(a) Likelihood: &) MATLAB, (—) ADSP-2181
(b) Relative error of likelihood
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Likelihoods from MATLAB and ADSP-2181
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Figure4.9 Finite word length effect of Speech Recognitiont&ys
(a) Likelihood: &) MATLAB, (— ) ADSP-2181
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Figure 4.9a shows that there is a slight noticeable @iffee in the negative-log
likelihoods produced by the ADSP-2181 from the tlikelihoods. Again, the relative
error of the likelihood is shown in Figude9b. From this graph, we see that the relative
error in the negative-log likelihood calculationsreases to a maximum of about 2.2%.

For this particular case, the best HMM is the ocsaresenting the word '1'. The
effects due to finite word length did not hinderking the correct decision. However, it
is possible for the two best models to yield vamilar likelihoods. The correct model
may truly yield the better likelihood. Howevergtbkffects due to finite word length can
cause the incorrect model to appear to be therbeiteel. In this case, an error would

occur due to the finite word length.

4.2.3 Results

To test the recognition system, we first used tamihg utterances and the testing
utterances generated for the PC tests. The awdiubof the sound card was connected
directly to the codec and the speech samples wayed

Table4.3 gives the results for the training set. Lilefolbe, we see that the figure
of merit is 500, giving a recognition rate of 100%.able4.4 gives the results for the
testing set. Here, the figure of merit is 499di®l) a recognition rate of 99.8%. It is
interesting to note that the recognition rate dttiraproved slightly. However, this does
not appear to be statistically significant. In ifidd, the test words that failed previously

on the PC actually passed on the ADSP-2181 andveisa.
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Table4.3 Recognition rates for the training set on ADSP-2181

Input words for recognition
Output 0 1 2 3 4 5 6 7 8 9
0 50 0 0 0 0 0 0 0 0 0
1 0 50 0 0 0 0 0 0 0 0
2 0 0 50 0 0 0 0 0 0 0
3 0 0 0 50 0 0 0 0 0 0
4 0 0 0 0 50 0 0 0 0 0
5 0 0 0 0 0 50 0 0 0 0
6 0 0 0 0 0 0 50 0 0 0
7 0 0 0 0 0 0 0 50 0 0
8 0 0 0 0 0 0 0 0 50 0
9 0 0 0 0 0 0 0 0 0 50
Figure of merit = 500
Table4.4 Recognition rates for the testing set on ADSP-2181
Input words for recognition
Output 0 1 2 3 4 5 6 7 8 9
0 50 0 0 0 0 0 0 0 0 0
1 0 50 0 0 0 0 0 0 0 0
2 0 0 50 0 0 0 0 0 0 0
3 0 0 0 50 0 0 0 0 0 0
4 0 0 0 0 50 0 0 0 0 0
5 0 0 0 0 0 50 0 0 0 1
6 0 0 0 0 0 0 50 0 0 0
7 0 0 0 0 0 0 0 50 0 0
8 0 0 0 0 0 0 0 0 50 0
9 0 0 0 0 0 0 0 0 0 49

Figure of merit = 499
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To conclude the testing on the ADSP-2181, we wargele how the recognition
system performs on a different source. To do #hig)icrophone was connected directly
to the codec and the individual digits were spakeaugh the microphone. Of each digit,
50 utterances were spoken into the microphone la@ddcognition results tabulated as
before. The results are given in Tadé&. The figure of merit is 495, yielding a
recognition rate of 99.0%. We see that the redmgnrate decreases slightly, but the
system still performs very well. For all practigalrposes, we conclude that there is no
difference in the performance of the speech retiognsystem on isolated words, whether

implemented on the PC or the ADSP-2181.

Table4.5 Recognition rates for the testing set on ADSP-21€8ig microphone

Input words for recognition
Output 0 1 2 3 4 5 6 7 8 9
0 50 0 0 0 0 0 0 0 0 0
1 0 50 0 0 0 0 0 0 0 0
2 0 0 50 0 0 0 0 0 0 0
3 0 0 0 50 0 0 0 0 0 0
4 0 0 0 0 50 0 0 0 0 0
5 0 0 0 0 0 48 0 0 0 1
6 0 0 0 0 0 0 50 0 2 0
7 0 0 0 0 0 0 0 50 0 0
8 0 0 0 0 0 0 0 0 48 0
9 0 0 0 0 0 2 0 0 0 49

Figure of merit = 495
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This concludes the implementation on isolated wordéext, we will focus on

connected word recognition, which is the main tagithis thesis.
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5. Connected Digit Recognition

We now turn our attention to the connected digibgmition algorithm used in the
implementation of our system to recognize connesteadgs of digits from a continuous
speech signal.

The main purpose of this research is to be abledognize the individual words in
a small vocabulary, from a continuous speech uttera For our case, the words are
simply the ten digits of the English language. c8iontinuous speech has no distinct
boundaries between words, the main difficulty asged with connected word
recognition is locating the boundaries of the imiiial words within the string. In
addition, coarticulation between adjacent words degrade performance and make the
task of determining the boundaries more difficu@nce the boundaries of each word are
determined, the problem at hand becomes just datesbword recognizer in which each
word is chosen according to the model that yigddsrmhaximum likelihood. The problem
of recognizing strings of digits becomes even naificult when the number of words
within the string is unknown. Thus, determiningg thoundaries of each word is very
important for the successful recognition of therwuted string.

Another issue regarding continuous speech is thabau of words present.
Obviously, the algorithm for CSR will be easier desls complex if the number of words

in the string is known in advance. However thisgsally not the case in practice.
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This chapter first describes two algorithms fortaorous speech recognition. The
chapter then concludes with an analysis of the ectenl string waveform to determine

word boundaries within the string.

5.1 Level Building Algorithm

The first approach in solving the connected-spgeoblem is the level building
(LB) algorithm [1][9][23]. The LB algorithm usedith Viterbi decoding attempts to find
the sequence of wordsM, W, . . ., Ws} which maximizes the joint probability of the
observation sequence and the state sequence. Uwngssumption that there are
approximatelfl. words in the test utterance, the entire speedrnarite is partitioned into
L “levels” where each level represents a word intds¢ utterance. An attempt is made to
“fit” isolated word reference strings in each oésk levels by using the Viterbi method to
determine the word sequence. For this case, welw@nrepresent the maximum number
of words in the test utterance. This approach lmaviewed as a large search grid as
illustrated in Figures.1. Dynamic programming techniques are useditbtfie best path

through this search grid.
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Figure5.1 Search grid for Level-Building algorithm

Before we begin the search, the partial joint iil@d of occurrence at sequence
time t of the optimal partial state sequenﬁé,i;,---,i*} and the partial observation
sequencdy(1), y(2),---, y(t)} is given byD_ t.i,). At each level, the algorithm attempts
to find the best mode#,, corresponding to the best waydh the vocabulary. At level 1,

the best model is found over all the frames oftdst utterance using Viterbi decoding.

This is given by the following algorithm [23].
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1. Initialization

D, (12) = —log|b? (y (1)) (5.1a)
For2<i<S
D, (1i)=0 (5.1b)

whereb?( y(1)}i) is the likelihood using, (see 8.10)).

2. Recursion
For2<t<T, 1<ii<S

D, (ti,) = ET.EQS{D“” (t-1i)-logla(i i )|} - loglb*(y(t)i)]  (5.2)
where a“° (it|it_1) is the state transition probability given $1X) for7#,.

3. Termination

For1<t<T
P(I ,t,Q) = Dmin (t’S) (53)
B(I,t,q) =0 (5.4)

P is an array that holds the output of the leves (thnt negative-log likelihood) at
each time frameB is an array that contains the time frame of thatriikely place where
the previous level ended. Since we are analyzmg first time frame, this array is
initialized to zero. The above algorithm is repgelfor all the models in the system. After
cycling through all the models, the algorithm usiesP array to find the best model at
each time frame. The following arrays are thenmfedt which are the pertinent

information for the first level.
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P(,t)= mqin[P(I t,0)] (5.5a)

é(l ,t) = B[I ,t,argqmir(P(I ,t,q))} (5.5b)

N

W(I ,t) = argqmin(P(I 1, q)) (5.5¢)

P(,t) is the level output best likelihood &tt). B(l,t) contains the time frame of the

most likely place where the previous level end@d(l,t) indicates the best word ftt).

The transition to level 2 and all higher levelstgightforward since these levels
pick up from the previous outputs. The computatiare similar to level 1, and the only
major difference is in the initialization procedur&he algorithm for the higher levels is
shown below

1. Initialization

Dy (1) = o0 (5.6a)
For2<t<T
D, (t1) = min{P(l -1t -1), D,,, (t - 11) ~ loga® (11)]}
- Iog[bq (y(t)|1)] (5-60)
_[t-1,if Bl -1t-1) <D, (t - 11) - logla® (1)
alty)= {a( —11), otherwise e &7

2. Recursion
For 2<t<T, 1<ik<S

0 11)= 0D, -1 -log (1.} ooy ) 8
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alt,j) = a(t -1, argmin(Dmin (t-1i)- Iog[aq(i|j)] )j (5.9)

I<i<S

3. Termination

For1<t<T
P(I ’t1 q) = Dmin (t’ S) (510)
B(l,t,q)=af(t,S) (5.11)

Equation b.6a) sets the joint likelihood to zero (infinityrf negative-log
likelihood) for the first time frame of State 1 \eh(5.6b) chooses the most appropriate
place for the level to start. Equatidn¥) is the initial backpointer array that recotis
frame where the previous model in the previousllemeled. This backpointer array is
updated in the recursion step from9).

For each level, the above algorithm is repeatedaliothe models in the system.
After cycling through all the models, we uges) to build up theP, B, andW matrices
for each successive level. The algorithm repeatt the final level,L, is reached. The

final column in P contains the best string likelihood of lengthFor example, the "best

string" of lengthL has the joint likelihoodP(L, T). The word string can be found by

backtracking using thé3 array to yield the words in the string from e array. The
"best string" has lengthyes: and is the level that yielded the best joint Ihk@bd. This is

computed by

wese = argmin{ (1, T)| (5.12)

I<I<L

L
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The sequence of WOFC{V\/l,Wz,---,WLbES[} Is then found by backtracking. This is
found by the algorithm below.

Forl =L o Lpes — 11
W =W(l,t) (5.14)

t = B(l,t) (5.15)

The variablet contains the last time frame for the current levEhis variable is

updated from theB array in p.15).

5.2 One-Stage Algorithm

The one-stage (OS) algorithm for connected-wordgettion, along with Viterbi
decoding, finds the optimal path in "one stage€@hputation instead of building a series
of "levels" as the LB algorithm describes [1]. Kwing this, a “stage” is then one of the
words making up the sequence of words. This igssito a “level” in the LB algorithm.
The OS algorithm is best visualized with the thdeéeensional grid shown in Figue2.
The observations are laid out along the abscisdatenstates along the ordinate (similar

to the search grid of Figue2). The third axisqaxis) corresponds to the word index.

Connected Digit Recognition 83



A

d‘y\‘&“q "
= W
oy W
. N
= Wy e -
N _

- -
- e
Frame indext

Figure5.2 Search grid illustrating the OS algorithm

Each individual stage represents one of the wondthé sequence of words.
Therefore, each stage is represented by a Viterdich grids (Figure8.2). Viterbi
decoding as, described in SectiBr3, is performed for all the reference modelshe t
system. Transitions along tlgedimensions are only made under very strict comgg.a
For the current reference model, spyt is only possible to exit the search grid whiea
path reaches the upper boundary of that partiqak Only after the path exits the
current search grid is it possible to continuehatliottom of another grid (or possibly the
same search grid to allow the same words to oamsecutively). With these constraints,
there are obviously two sets of rules for the Gfp@thm: within-modeltransition rules,
which govern the path search while the evaluatoimternal to one of the word search
grids, andbetween-modeiransition rules, which govern the path searcthattop of the

boundaries. These transition rules need to baatkfi Before we can define them, we
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need to do a full analysis on the entire speecérante to try to locate the boundaries

between consecutive words. The boundary anaysiscussed next.

5.2.1 Boundary Analysis

To determine the boundaries of a word, we will mpoyate two methods to find
the boundaries of all the words. The first of the is quite simple and is a measure of
the silent times within the connected string oftdig Recall from the block diagram of the
speech recognition system that the energy in dmadrand the number of zero crossings
are used as an indication to determine the endpoinan isolated word. When both of
these are below a preset threshold for a lengtimef, we consider this to be the end of
the word. The idea here is to incorporate a shghdtlification to account for slight pauses
within the continuous speech. When these pausas,othey will almost always occur
between words and thus give a good indication acdrevlsome of the boundaries between
the words occur.

Figure 5.3 illustrates the use of detecting pauses withinonnected string of
digits. For this example, if a pause of 150 msnore occurs, the algorithm detects this
and notes the start and the end of this pauseuré®g3a shows the waveform of the
phone number '906-0009'. Here we see that themep@use between the digits '6' and
second '0'. After passing this waveform through todified endpoint detector, we see
that the algorithm detected two separate stringfsamthe entire speech waveform (Figure
5.3b). The dashed lines indicate where the beginand the ending of each string of

digits occurs.
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Waveform of the phone number '906-0009" before endpoint detection
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Figure5.3 Waveform of the phone number '906-0009'

(a) Before endpoint detection
(b) After endpoint detection
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The second method is a little more complicatedcaRéhat we use a left-to-right
HMM sequence for all of the models. Thus forSstate HMM, each word will progress
through the different models starting in State d alimately ending in Stat& To find
the boundary of the word, only the partial joilkelihood of the final state needs to be
examined. For the model that matches the wordespdkis likelihood will not change by
too much as the word is analyzed from one time drémrthe next time frame until the end
of the word. However, for a model that does notcimahe word, the change in the
partial joint likelihood of the final state from ertime frame to the next will be much
greater. Since the word must progress from State $tateS the last state can be
analyzed while performing the Viterbi decoding tetefmine the endpoint of the current
word.

To illustrate this analysis, we again examine theng number '906-0009'. From
Figure5.3b, the waveform of this signal, after the medifendpoint detector, shows that
there are no definite boundaries among the firgetldigits and among the last four digits.
Clearly more analysis must be done to recognizestining correctly.

An analysis on the first three digits ('906') wasfprmed. A 7 state HMM is
implemented to model each digit. The partial jdikelihood of State 7 at each time was
examined for each model while performing Viterbcoéing. Figures.4 shows a plot of
this likelihood for the HMMs modeling the words, '®', and '3". By inspection, we see
that for the HMM representing the word '9', thelikood begins fairly flat when the word
'9' Is being spoken. After the end of the wore, ltkelihood tends to rise sharply. For the

HMM representing the word '0', the likelihood ineses almost linearly before beginning
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to flatten out when the word '0' is being spoke¥gain, after the end of the word, the
likelihood tends to rise sharply. For the HMM repenting the word '3', the partial joint
likelihood is plotted as a comparison. The plobve that there are some time frames
where the change from one to the next is not largewever, this likelihood is worse
than the likelihoods representing models of wohdg &re in the string. Figufe5 shows
the change in likelihood for the three models dised above. From this graph, we can
see when the change in likelihood decreases. 8&gingl thresholds on the change in

likelihood, the boundaries of the words in the ssape can be found.

Likelihoods on the string '906' from different HMMs
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Figure5.4 Analysis on the connected string '906'
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Change in likelihood on the string '906' from differnt HMMs
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Figure5.5 Change in likelihood for the string ‘906’
(a) with the HMM for the digit ‘9’
(b) with the HMM for the digit ‘0’
(c) with the HMM for the digit ‘3’
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To analyze the final state to determine the enth@fword, we need to determine
the change in likelihood from one time frame to tiext time frame of each model while
performing the Viterbi decoding. To improve reciign, we first delay our analysis for a
preset timety, determined from training. We next note when ¢hange in likelihood
drops below a threshold,. After the latter occurs, we next detect when upevard
change in likelihood is greater than this threshfjdor two consecutive time frames.
Upon this occurance, we determine that the endiefartord has occurred for the current

model. The entire algorithm is summarized below.

1. Allow t4 time frames to pass before comparing the changeiinood in

the final state.

2. Note when the change in likelihood drops belopveset threshold,.
3. Note when the change in likelihood rises ab®ydor two consecutive
frames.

To determinety, the training data is inspected with the trainealdet for each
word. To choose the minimum delay time, we chabseminimum time it takes for any
of the analyzed state sequence estimates deriwadtfre training data to reach the final
state. This delay increases recognition since vaat want to prematurely end a word
when it might still be in an early state. To deteeT,, we examine the maximum change
in likelihood from all the training data in the tagate. We then increase this changeTfor

slightly to give a kind of safety margin.
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After performing Viterbi decoding along with thistindary check for each model,
the likelihood along with the number of time franfes that model is the output. Since
the time duration may differ for the different mégjeit is important to weight the
likelihood accordingly since the longer a word ®lsen, the less likely a model would
have produced that word. The weighting is necgssarthat a model associated with a
short word in question is not so easily mistakantlfie actually correct model associated
with a longer time. To weight the likelihood, wevide the likelihood by the number of
time frames for that model. All of these weightikdlihoods are compared, and the one
that yields the smallest weighted likelihood isrded the correct word.

Once the word is decided, the length of that werdated. The next word picks
up where the first word has ended and the entibeqgss is repeated. This is continued
until the end of the string.

To relate this to the one-stage algorithm,iitein-modeltransition rules are such
that the change in likelihood for the final stateed not satisfy the boundary check
mentioned above. THaetween-modekransition rules are those that satisfy the boonda
check.

Figure 5.6 illustrates how this boundary analysis is &plio the same phone
number of '906-0009'. Again, the dashed linesesgmt the starting points and the ending
points of the individual strings within this speectierance. The double-dashed lines
represent where the algorithm detected the begjrofithe next word after performing all
the boundary checks. It is clear that the algorithd a fairly good job of detecting these

boundaries and the string was correctly recogreee'@06-0009'.
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Waveform of the phone number '906-0009" with boundary analysis
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Figure5.6 Waveform of the phone number '906-0009' with boupdaalysis

5.3 Left-Right-Left One Stage

The algorithm described in the previous sectian reality a one way approach for
determining the sequence of words making up th@ecied string. Since this approach
starts at the first time frame and ultimately endsat the last time frame, we will call this
the left-right OS approach (LR-OS). While the LI&-@lgorithm works fairly well, the
performance of the procedure leaves room for impm@nt. Since we aim at obtaining
very high recognition rates, a second procedupraposed called the left-right-left one
stage approach (LRL-OS).

In the LRL-OS approach, two passes are actualljopeed on the connected
string. The first pass is the same as the LR-Q8o@eh. In addition, we also perform a

right-left pass. The right-left pass is identiathe left-right pass, except that the analysis
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is started on the last frame and ultimately endshenfirst frame. However, to perform
this reverse analysis, every word in the vocabutanst also be modeled in a reverse
sense, i.e. using a right-to-left HMM.

After both passes have been analyzed, there ar@adagible candidate strings for
the correct string. The chosen string is the baé produces the largest overall likelihood
over all the digits. The overall likelihood is thproduct of all the individual word
likelihoods. The idea here is that if one passukhgive an incorrect string while the
other one finds the correct string, the one praduthe correct string will have the higher
likelihood and will be chosen over the other.

While the LRL-OS algorithm should increase recagnitover the LR-OS
algorithm, there is a price to pay. The computatioequirements effectively double and

the overall complexity increases since there aneymaore things to manage.

5.4 Other Considerations
5.4.1 Durational Constraints

In general, the HMM matches to the portions of tbanected test string are not
constrained in time [23]. Thus it is possible tatoh the HMM to a large or small part of
the test string, even if it is unlikely that the nddhat the model represents would be as
long or as short in duration as the match. An ¢tarof this would be matching the
HMM representing the word “technical” against thetual test word of “the.” For a
connected word recognizer, this can turn out t@ lpgoblem that significantly degrades

the performance of the recognizer. To alleviat®esof the problems caused by the time
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duration phenomenon, durational constraints arenofeken into account for HMM
modeling.

A simple Gaussian durational model can be use@dcoh word in the vocabulary.
The Gaussian durational model is characterizethéytobability density function for the

durationD for theqth word given by

~

2
1 207

=——e
Janio,

P.(D) (5.16)

where Dq is the mean andj is the standard deviation of the duration for dtte word.

Both the mean and standard deviation are estimayethe sample mean and sample
standard deviation taken from the training datalusemodel the word. We next discuss
how the duration constraints can be used in batBralgorithm and the OS algorithm.

The incorporation of the durational constraintshia LB algorithm is as follows.
First, it is necessary to find the word duratidnat the end of each level. This duration
information is recovered from the backtracking @ehare and is given by

d, =t-B(,t,q) Ot (5.17)

The cumulative probability at the end of each lasemodified to produce a weighted

probability array of

P(l,t,q)=P(,t,q)fr,(a,)) (5.18)
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wherey is a weighting parameter. This weighted probgtéiray, P(1,t,q), is then used
in place of the unweighted probability arra(l,t,q), in (5.5), to construct thé®, B,

andW arrays.

The incorporation of the duration constraints wasfggmed on the LRL-OS
algorithm. After both strings have been found, itdividual likelihoods are weighted
with the durational constraints. Afterwards, theer@ll weighted likelihood is found by
multiplying the individual weighted likelihoods. h& best string is found by choosing the

one yielding the best overall weighted likelihood.

5.4.2 Syntactic Considerations

Up until now, we have made the assumption thatvearg in the vocabulary can
follow any other word in the vocabulary with eqlieélihood. While this may be a valid
assumption for a connected digit recognizer, thisarely the case for a general purpose
connected word recognizer.

The use of syntactic constraints actually helpsdatinuous speech recognition
problem in two ways. First, it reduces the nunifgdMMs to perform Viterbi decoding
on since highly unlikely models are ignored. Timsturn reduces the number of
computations the system must make. For exampissider a system whose vocabulary
consists of nouns, verbs, and articles (‘a’, ‘and 'the’), and sentences are to be
recognized. A word following an article must aksage a noun. Thus the HMMs

representing the articles and the verbs can beaegnib the previous word is an article
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since it is very unlikely that these words (arscé verbs) will follow the previous word.
In addition, the use of syntactic constraints hefpgrove recognition rates. By just
concentrating on those models that are likely fregent the next word, the decision on
the next word does not have to come from all theM$Mn the system. Thus the
recognition rates increase since an error is mke#/ lto occur if the decision is based on
a larger number of models.

So far we have mentioned how syntactic informatiam be used to aid in a
connected word recognition system. By using sym@anstraints in the system, there
are certain paths taken in performing Viterbi degdon the HMMs. However, it is
possible that a word can be recognized incorreadtithe beginning and the path taken
(through the syntactic rules) is entirely incorretit this case, the entire recognized string
will be completely incorrect. From past researitiis type of error can be made very
small [1][23].

The use of syntactic information to recognize agtof digits in a phone number
can be used since there are usually some pattethe digits, such as the three digits of
an area code or the first three digits in a sevgm-dumber. However, as with all
systems, there are many exceptions and care muakée such that some words are not

completely eliminated.
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6. Implementation on Connected Digits

The connected word recognition algorithms were émanted for the ten digits
and their performances were analyzed. Both thel levilding algorithm and the one-
stage algorithm were implemented using MATLAB. Tdme-stage algorithm was also

implemented on the ADSP-2181.

6.1 Implementation Results
6.1.1 PC Implementation

First, we look at the level-building algorithm ameesent the results. We then look
at the one-stage algorithm with various modificagionade to it. Before we get into any
of the actual results, we first discuss the diffietgpes of errors that can occur.

There are basically two types of errors to quantsiring errors and word errors.
A string error occurs when the recognized stringsdaot match up exactly with the
intended connected speech. Causes for stringsdmdude insertion of digits, deletion of
digits, or an incorrectly recognized word. A wador is a subset of a string error and
occurs when an individual word within a connectéthg of words is not recognized.
Thus an incorrectly recognized word or a deleti@idg a word error, as well as a string
error. For example, for the connected string ‘B3i is only possible to have one string
error. However, for this string, there can be astd word errors.

The connected-word algorithms were first testedsolated digits to see how well

they perform compared to those presented in Chaptefen recordings of each digit
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were produced as testing data for isolated wortgga total of 100 recordings. In

addition, the connected-string algorithms weree@sin string lengths of two, three, and
four. To test the connected-string algorithms, t&@dom strings of length two, three,
and four each were generated and recorded fongedata. All the testing data were
used in the connected-string algorithm to evaltiz@gperformance of each.

The LB algorithm was first implemented in MATLAB.The algorithm was
discussed in Sectioh.1. We make the assumption that all the digitshen connected
string will have at least a time duration of 150 n¥&his is equivalent to ten time frames.
To determine the number of levels to evaluate,tthhal number of time frames for the
connected string is divided by ten and then triedtatin addition, duration constraints
were used in the implementation as discussed itidd€e4.1. The gamma value used in
equation $.18) is three. This value was chosen based opriexgnts performed by
Rabiner [23].

The results of the LB algorithm with the durationahstraints are shown below in

Table6.1.
Table6.1 Recognition rates using the LB algorithm in MATLAB
Number of Digits Word Recognition String Recognition
Per string Rate Rate
1 100% 100%
2 90.5% 85%
3 88% 73%
4 88% 62%
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From the table above, we see that the recogniyistes using the LB algorithm is
perfect for the 100 isolated digits tested. Howgeyperformance levels decrease as the
number of digits in the string increases. The waabgnition rate gradually decreases as
the string length increases, but it remains reditihigh. For a string length of four, the
word recognition rate is at 88%. The string redtgm rate decreases much more
dramatically as the number of digits increasesis Tan be expected since any individual
word error within the string (word replacement etetion) or any insertion will cause a
string error. For a four-digit string, we see ttia string recognition rate is about 62%.

The OS algorithm with various modifications was tnexplemented in MATLAB.

The recognition rates for the LR-OS algorithm igegiin Table5.2.

Table6.2 Recognition rates using the LR-OS algorithm in MARR.

Number of Digits Word Recognition String Recognition
Per string Rate Rate
1 100% 98%
2 93.5% 90%
3 92% 82%
4 90.75% 70%

Like the LB algorithm, we see that the recognitgystem performs quite well on
isolated words using the LR-OS approach. Howew#ien more and more digits are
concatenated, the string recognition rate decreagggin, the word recognition rate

gradually decreases and achieves a recognitiorofaabout 90.75% for a 4-digit string.
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The string recognition rate again decreases muate doamatically. For a four-digit
string, the string recognition rate is about 70%.

To try to improve the recognition rates on the @®@hm, we next implemented
the LRL-OS algorithm. As mentioned before (Sectto®), it performs two passes to
determine the best string. Again, we used the sastestrings as before. The recognition

rates using this method are shown below in Tél8e

Table 6.3 Recognition rates using the LRL-OS algorithm in MASB

Number of Digits

Word Recognition

String Recognition

Per string Rate Rate
1 100% 100%
2 98% 97%
3 95.33% 89%
4 93.5% 79%

Here we see that the recognition rates for the K8 algorithm have improved
over those obtained from the LR-OS algorithm. Agthe recognition rates are very high
for isolated words as there were no errors forlid@ isolated words tested. Again, we
see that the word recognition rate gradually tr@fisas the number of digits increases in
the string. In addition, the string recognitioteramproved from 70% to 79% for the
LRL-OS algorithm for a four-digit string.

In the LRL-OS algorithm, the recognized string cenfimm either the left-right

pass or the right-left pass. For every stringretihat occurred, we looked at the results
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from both the left-right pass and the right-lefspand compared the two to see if the

other had given the correct string. The resultssammarized below in Talfe4.

Table6.4 Comparison of errors for the LRL-OS algorithm

Number of Digits Number of string Number of times the
per string errors (from 100) other string is correct
1 0 --
2 3 1
3 11 5
4 23 8
Total 37 14

From the table above, we see that when an errourscfor the LRL-OS
algorithm, the other string estimate is correctul88% of the time. Obviously, we want
to introduce a method for estimating the correghgtalmost all the time. To facilitate
this, several changes were made to the original BRbrithm. For starters, we did not
force the next word in a string to start where ghevious word ended. Instead we allow
two time frames of overlap between individual wordsis is valid since there is already a
67% overlap between successive time frames (sé®®8c2.1). In addition, information
about the time-duration of the individual words watroduced into the recognition
system in order to make a better decision abouttwstiring is better (left-right or right-
left). With these modifications included, the reswbtained with the Modified LRL-OS

approach are presented below in T&bte
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Table 6.5 Recognition rates using the Modified LRL-OS algamtin MATLAB

Number of Digits Word Recognition String Recognition
Per string Rate Rate
1 100% 100%
2 98.5% 98%
3 98.33% 96%
4 98% 91%

Here, we see a drastic improvement in all the reitiog rates. Again, the word
and string recognition rates for an isolated warl E00% out of the 100 testing words.
The word recognition rate decreases slightly asittmber of digits in the string increases,
to a 98% word recognition rate for a 4-digit string addition, the string recognition rate
has improved to 91% for a 4-digit string.

Next, we looked at all the errors which occurredsee how well the system
performed in choosing the best string between gfieright pass and the right-left pass.

This error comparison is shown below in Tahlé.

Table6.6 Comparison of errors for the modified LRL-OS al¢fom

Number of Digits Number of string Number of times the
Per string errors (from 100) Other string is correct

1 0 --

2 2 0

3 4 1

4 9 2

Total 15 3
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From the table above, we see that for the ModifiBdl-OS approach, the other
string is correct about 20% of the time for all theors. From this we see that the
Modified LRL-OS approach yielded better results nthénose obtained before the
modifications were incorporated.

For all the methods, we looked at how the errosioed to discern some type of
pattern in the errors. Most of the word insertiomsre due to the number '6' being
inserted in the recognized string. Since the nun@éoth starts and ends in the unvoiced
fricative /s/, we expect background noise and tsilegions to be most likely produced by
the HMM representing the number '6'. The reasorths is because unvoiced sounds,
like /s/, can be modeled with a random noise géoeraln addition, the most common
word errors occur where the number '8’ is beinggeized as a '6', the number '9' is being
recognized as a '5', and the number '7' is berwgrezed as a '9'. In addition, the number
‘7' frequently resulted in the string '69'.

Figure 6.1 and Figure6.2 give comparisons among all the connected-string
recognition algorithms implemented by showing at pé the error rates versus the

number of digits in the string.
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Word error rates for connected-digit algorithms
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Figure6.2 String error rates for the MATLAB implementations
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6.1.2 DSP Implementation

The LR-OS algorithm was next implemented on the RE2Z381. Many of the
same issues discussed in Sectod also apply to this implementation. The recogmi
system was tested with the same data as the PC MBTinplementation by connecting
the output of the PC sound card directly to theecodThe results from this testing are

presented in Table.7.

Table6.7 Recognition rates using the ADSP-2181 LR-OS impieat@n

Number of Digits Word Recognition String Recognition
Per string Rate Rate
1 99% 99%
2 94.5% 92%
3 93% 82%
4 92.75% 79%

From the table above, we see that the results @fL&R-OS algorithm on the
ADSP-2181 are comparable to the results from th& MXB implementation, reported in
Table6.2. In fact, the results from the ADSP-2181 dighty better than those obtained
with MATLAB. However, this is probably not staisstlly significant. For isolated
words, the system performs exceptionally well. ldoer, both the string recognition rates
and the word recognition rates decrease as the etuaildigits in the string increases.
Figure 6.3 and Figure6.4 compare error rates for the MATLAB and ADSP-R18

implementations of the LR-OS algorithm.
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Word error rate for the LR-OS algorithm
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Figure6.4 String error rate for the LR-OS method
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Most of the differences between the results obthinem the ADSP-2181 and
those obtained from MATLAB can be attributed to witke first time frame occurs. For
a few of the test utterances, inconsistent resudt® observed when the speech utterance
was tested over and over. The only differencehé dalculations can be when the first
frame was detected. This can vary from one teanhtiher since the window length is 45
ms in duration (498 samples). In addition, at spaiat along the algorithm, the two best
models were likely to be "close" where, dependingwden the first frame occurs, one
model can be chosen over the other or vice ve@ther differences can be attributed to
the finite word length calculations used in theoalthm. However, as demonstrated in
Section4.2.2, this error is typically very small and valhly be a factor when the two best

models are "close".
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7. Conclusion and Future Work

The material presented in this thesis describesnipementation of a speaker-
dependent speech recognition system to recognirggstof words using continuous
Hidden Markov Modeling. For now, the vocabularysists of the ten digits (O through
9) of the English language. The main motivation fbis is to incorporate a voice
recognition system into a hands-free telephoneByst

The basic speech recognition system is presentéhapter 2. There are two
basic phases for any speech recognition systemthdntraining phase, templates are
created or parameters are modeled from multiplerantes of the same linguistic unit,
depending on the type of recognition system bempl@yed. The recognition phase uses
these templates or parameters to find a matchtestastring to perform the recognition.
Chapter 3 discusses the theory behind hidden Markodeling, which is the main
algorithm for the speech recognition system. Tlterli method for recognition and the
Viterbi reestimation procedure for training are thain algorithms discussed. In addition,
the mixture density problem is looked at, whichasv the observation probability density
function is being modeled as.

In Chapter 4, the implementation of the speechgeition system on isolated
words is discussed. The training utterances d&enta from a PC with a 16-bit sound
card. The Viterbi reestimation procedure with #®l algorithm for estimating the
observation pdf is used to estimate the parametetise HMM. The basic structure of

the HMM used in this implementation is a left-tghti model with 7 states and 4 mixture
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density components. The speech recognition systénplemented on MATLAB and on
the ADSP-2181, a digital signal processor manufactipy Analog Devices. The speech
recognition system performed exceptionally welligzlated words with recognition rates
exceeding 99% in both the MATLAB and the ADSP-21r@ftlementations.

Chapter 5 discusses the connected word recogmitmislem. Two algorithms are
presented to aid in this problem. The level-bnddialgorithm extends the Viterbi
decoding procedure by building a number of lev@lse number of words in the string is
found by determining which level produced the bigsiihood. The recognized string is
then found by backtracking. The one-stage algorith simpler in the sense that each
word in the string is determined in one stage emdtof building a series of levels. A set
of within-model and between-model transition riges’ern where the boundaries between
each word occur. The boundary analysis performedhe speech signal (see Section
5.2.1) determines these transition rules. The I@&ithm can be further divided into two
algorithms: a left-right OS algorithm and a laght-left OS algorithm. The LR-OS
algorithm makes one pass through the connected) gsiarting at the first time frame) to
perform the recognition. The LRL-OS algorithm nskevo passes through the
connected string (one starting at the first timamie and one starting at the last time
frame) and then chooses the one that produced riteg likelihood. In addition,
durational and syntactic constraints are discussdu;h aid in increasing recognition
rates.

The implementation of the connected word recogmitgystem is discussed in

Chapter 6. Both the LB and the OS algorithms wemglemented and compared in

Conclusion and Future Work 109



MATLAB. Recognition rates varied for the differemethods. The best recognition rates
were obtained with the LRL-OS algorithm using dio@l constraints. A maximum
string recognition rate of 91% for a four-digitisgy was obtained with this procedure. In
addition, the LR-OS algorithm was implemented oa ADSP-2181. The recognition
rates for this implementation are comparable teehmbtained in MATLAB.

While the recognition performance on connected tsligyields acceptable
performance on MATLAB for string lengths of fouletre is still a lot of room for
improvements. In addition, a training program tanimplemented on the digital signal
processor like the ADSP-2181 to complement the geiton phase of the program
developed in this research. By incorporating tiaging algorithm into the digital signal
processor, we can expect to see improvements retdagnition rates for strings since the
speech utterances will also be taken in a sinalsinibn.

To improve recognition rates, more than one model loe used to represent a
word. For example for any particular word, tragnintterances taken from words in
isolation can be used for one model, while trainiigerances extracted from a string of
words can be used for another model. In addigodifferent training algorithm could be
incorporated to improve recognition rates. Theenirtraining algorithm in this research
incorporates a maximum likelihood estimator (MLE)thwthe Viterbi reestimation
method. The algorithm estimates the model parasmétemaximizing the likelihood over
all the training utterances. However, this may betthe best method for training the
system. The overall likelhood on the same trainutterances from another model

representing a different utterance may be simdathe overall likelihood from the model
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representing the training utterance. Thus, weesguect errors to occur more frequently
when this happens. Another training algorithmledathe maximum mutual information
estimator (MMIE), attempts to find model parametetsch maximize the difference in
the overall likelihood among all the models [1][24]

The speech recognition system developed in thsiglean also be extended for a
wider range of applications. A larger vocabulagn doe incorporated to extend the
capabilities of the system. If the system is tcogmize sentences, syntactic constraints
can be used to increase performance. For an avger lvocabulary, the models should
represent subunits of words which are concatenetgéether to form the words in the
vocabulary. In addition, the system can be exténd® a speaker independent system.
The training for this type of system should comarfrmany different people, so as to
represent the general population. In additiontiplalmodels should be used to represent
one word to represent the different types of voioethe population. For example, one
set of models can be generated from male speakdlesamother is generated from female
speakers. In addition, models can also be genkl#teed on different types of accents.
With any speaker independent system, we can expeognition rates to decrease since

the user usually is not the one who trains thesgyst
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Appendix A

The results of the training analysis as describesleictiord.1.1 for the second and
last elements are presented below. Both the saghkemeans training algorithm and the
EM training algorithm were run on a known testieg. s

Figures A.1 through A.3 show the true histogranthefsecond element for all the
observations and the histogram of this observdiased on Viterbi decoding for the three
states. Figures A.4 though A.6 show the true pdf the reestimated pdf from both
training procedures for the second element. Figuyas through A.9 show the true
histogram of the third element for all the obsepors and the histogram of this
observation based on Viterbi decoding for the trseses. Figures A.10 though A.12
show the true pdf and the reestimated pdf from lcdiming procedures for the third
element.

Here, we see that the histograms reveal that, dégsr of which method is
incorporated, the histogram of the observationdvaseViterbi decoding is very similar to
the true histogram. However, when the pdfs weympared, we see that the ones
produced using the EM algorithm match up bettentti®e one produced using the

segmentak-means algorithm.
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Observations of Element 2 truly in State 2
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@ Observations of Element 2 truly in State 3
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pdf for State 1 and Element 2 with k-means
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pdf for State 2 and Element 2 with k-means
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pdf for State 3 and Element 2 with k-means
02 T T T T T T

0.15

0.1

0.05

pdf for State 3 and Element 2 with EM
0.2 T T T T T T

0.15

0.1

0.05

Figure A.6 True (== ) and Estimatee~ ) observatiofspd
for Element 2, State 3

Appendix A 118



& Observations of Element 3 truly in State 1
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Figure A.7 Histograms for Element 3, State 1
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& Observations of Element 3 truly in State 2
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Observations of Element 3 truly in State 3
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pdf for State 1 and Element 3 with k-means
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Figure A.10 True (== ) and Estimatee~ ) observatiofspd
for Element 3, State 1
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pdf for State 2 and Element 3 with k-means
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pdf for State 3 and Element 3 with k-means
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