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' - .. )
A three stage text-recognition system, which ‘uses :

contextual inaormation is proposed in this thesis.

v

Three different passages were selected from English texts.
A textual data set consisting of hand-printed characters was
\\\\\ taken from Munson's multiauthor data. ; Machine-printed

/

A ‘ characters-were chosen from QQR"A' and OCR.'B'-/Eharacters

\\ . sets. The passages for text'recognitionqexpe;iments were sgé— @
up using the characters included in these data sets, and thus

. called machine;printed - ané hand-printed / texts. Some —,

statistical tests were conducted for comparing three passages. \~
t : .
Preprocessing techniques which perform smoothing and size-
normalization were included. A feature-extraction and
- training system based on statistical- notions was adopted.
Preprocessing and feature extraction constituted the first

. . stage of the system., Second stage was a' maximum selector and

g g, 6 30T WK

S 2

known as SCRS. Third stage was a contextual postprocessor,

- -~

,Q \ Recognition algorithms based on Markov assumptions were

- studied and uégd as contextual processor for evaluating their

[ .
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performance on fext.\‘MQdified Viférbi algorithm (MVA) Dbased

ing algorlthL (IBDA) was also’ proposed, A dictionaﬂy

. €
method in which| the search is a function - of a constant

.

parameter was implemented. A hybrid apﬁroach which includes

dictionary method and-'MVA is proposed as well. These methods”,

. : '
were extensively compared with each other by examining/ their

performance on thFee passages.,
& o

~— -

Perfect char?cter recognition rates were observed on

%ﬁchine printed passages, while over 99% recognltlon was

P

Among context aided algorithms studied, hybrzd approach gave

,the best results and MVA was a réasonably eff1c1ent algorlthm.
. ]

As gompared to previous block decoding algorithms, much better

results and efficiency was obtained frofé IBDA.

Computational complexity of the algorithms presentéd, was
also analysed. Subject to the performance objectives and the
quality of data, 'this analysis .Wwill help in"deciding the

algorithm to be used. | o . ;

_this assumption was used extens1ve1y., Imbricate Block

observed from sgme of - the algorlthms on hand-printed text.
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CHAPTER 1 : : L
INTRODUCTION B :
1.1' THESIS ORGANIZATION, . ' .

-~

~ This thesis comprises of eight Chapters,\an Appquix and
a Bibliography. ) c . ¢

_Chapter 1, whiqh intgoduces the text recognition
ptoblem, starts by giving 4 note on organization of the thesis
in this section. Section *.2 describes the basic components

« o « R ]
of a typical character-recognition system and investijgates how

the need for the context was developed. The mathematical

model for ‘the problem 1is derived in section 1.3. The *

v
-

text-recognition éystem proposed, is outlined in section 1.4.
, Vel

o »

Later, each éhapter opens with its preview, which givésﬂ'

" an overall picture of the chapter. Therefore, "we will not

T Y

S,

descﬁibe the first section :of chapters 2 +through 8 any

further. - ) , ' ///J\

N ) '
The second chapter revieﬁg the field of character

récognitiqn. Section 2.2 describes* the approache§ and the

techniqueg developed in the past for "character-recognition,
L L 4 '

Section 2.3 reviews the previous research in the use of the’

contéxtual information as an ai@s‘to character-recognition
systems. The contextual algorithms developed so far are
\?escribed in Section 2.4. . ’

FTE Y DU
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Chapter 3 describes the characteristics of the data sets 4

‘. %
and methods used to transform character images into a form

suitable for  recognition ' system. Muhson's‘ data and
preprocessing done won its patterns are described in section
3.8 Training of the fecognizer using preprocessed ﬁétterns
is aléo described in tpis section. Similar information about

OCR 'A' and OCR 'B' data sets is provided‘in sections 3.3 and

3.4, respectively. } ' .
- l l ; ' 2

In chapter 4, the three passages and the tests conducted
on them are described. The information about source of
passages used, and some of their significant characteristics
are given in sectioﬁ, 4.2. Section 4.3 includes’ two
'statiséical tests made on the three passages. Tke‘pfocedure,
how khe pa;sag%s were set up for text recégnition experiments,

is describeé in section 4.4. 3

Chapter 5, describes the components and the functions of
SCRS. 1In section 5.2, this stage of+ classification and the

experiments conducted are - further described. Confusion
‘ T, )

Matricies built from Munson's and OCR 'B' data sets are shown
kY

o

in séction 5.3.

Chapter 6 describes the third stage of the proposed text

recognition system and some of the algorithms used in the

same. The detailed description of this stage is given in ’

section 6.2. Modified Viterbi algorithm is mentioned in

section 6.3. The experiments conducted using this algorithm

*

v
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.

2

]

-

are described in section 6.4.

[ rd
Ty o

Some more contextual algorithms used as CPPS ° are
described in Chapter 7. .Section 7.2 describes Block Decoding

“Algorithm (BDA) and Imbricate Block Decoding Algorithm (IBDA).
»

. The experiments conducted using them and the results thus

obtained are also described in the same section. A dictionary

~

method and the experiment conducted using it, are described in

-

section 7.3. Section 7.4 includes the description of a hybrid

method. An experiment conducted using this method is also
g "

described in the same section. A discussion on the results

obtained from the experiments is included in section 7.5.

Chapter 8, is the 1last. chapter and reviews the

experiments conducted in this thesis. Section 8.2 reviews the

results of the experiments and derives conclusions frop them.
. C

In section 8.3 several suggestions for the improvement {of the

)

present -system are described. Some guidelines for fwyrther

study and research are presented in section 8.4.

d

. The appendix at the end contains the three passages that

were used in text-recognitjon eQstiments. . The research

v

materials referenced ~in this thesis are  listed in the

-

bibliography.
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1.2  CONTEXTUAL TEXT RECOGNITION SYSTEM ‘ .

The last two decades were a period of a rapid growth for
pattern’’ recognitioz tthnology. During , this period maty
papers appeared on pattern classification, training
procedures, \pictu}e ~pro'cess,"ing algorithms, cellular
recoénition machines and the appllcatlon of recognigion
technology.‘ Among these appllcatlons were opfical character
recdénltlon, scene analysis, finger-print 1den;§f1catlon,

:%naly51s of bubble chamber tracks, analysis - of blood cells,

vector cardiograms, and the mapping of chromosomes and lunar

landscapes [T02-74].

The field of character recognition has been a popular

-

.

and challenging subject in which the researchers are aftlvely
interested. This includes the recognitlon of machide- ~printed

and’ hand-printed characters.
* ' \

A typical character recognition system is shown in

FIGURE 1.1 It is made up of three major compgnengs, (1) the

.

character transformation device, (2) the information selector,

and (3) the recognition logic. ) } o~

The character transformation device scans the character

. . and ‘converts it into a dlgltal or logical image. Making

©

,measurements, the 1nformat10n selector extracts features from

these images. The recognltlon 1oglc ‘examines the features to

.

determine 'the ‘identity of the character.

|

;
¥
*
§
i
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"Qs ‘ Input
- ’ . Character ,
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Scans and converts grp ) - ' .
the character into a . Character
logical or ditigized Transformation E
image Device i
- 1

'Extracts features Information ' i
from the image s Selector -

i
\
1
7
-
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. ¢ ,
Identifies i.e., Recognition |
recognizes the ' Logic\\ ' ¢
character ‘ .
Class input Output

¥ - character N - Decision

. ’ N
FIGURE 1.1: Basic Components of a Recognition System.,
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. The research ‘efforts in optical character recognition

can be listed under two categories: (1) the recognition of

¥
°

, machine-printed characters, and (2) the recognition of
hand-written characters. Encouraging results in recognition
. of individual characters motivated some researchers to examine
the character sequences in a text in natural ianguagé'or a
prograh in computer langufige. These efforts used contextpal
informat}on as an aid ‘to fhe:recognition logics and %roved to
be vergyéuccessfuf, and hence demand detailed investigation

. % ¢
» for *practical applications. Some researches [CHU-75, SH1-77,
T05-77) investigated the amount of contextuél information

required by a system as well.
v )‘ ‘!‘
The use of context (i.e., Contextual Information) to

improve the recognition of characters in a text figures

prominently in this thesis. The technique was briefly

\\ discussed by Bledsoe and Browning [BLE-Sé] but otherwise,

\received scant attention in the past. Some studies have been

!
carried out under simplifying assumptions of Markov dependence

in character-pairs (bigrams) "and character-triplets

(tﬁigrams);-for example. An early progress report was given

\
by Munson [MUN-68] .
3

)

' \MunSOn [MUN-68) and Duda and Hart [DUD-68] had developed

: . : _ .
algoriﬁ?ms\to read handprinted FORTRAN prégrams. Some studies
to recognize character sequences in natural languages have
been repq;ted by Hanson, Riseman and Fisher [HAN-76], Shiﬁghal

and " Tousaint [383179, SH4-79]; and Vossler and~ Branston
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[VOS'64] . ot

‘To be useful, a text recognition system must be general,
.simple, .efficient, economical and should give the low error
rate. Therefore, the following-:objectives were set to develop

the text recognition system, des&cribed in this thesis.
¢ . O

1. To search for simple character recognition algorithms.
2. ﬁ% make efficient use of information about 1letter
combinations supplied by linguistic experts and ?computer-

scientists. That is to include the use of contextual

a

information as an aid to recognition.

3. To examine the flexibility and effectiveness of different

i

~\\iontextua1 algorithms.

4. To search for an optimal text recognition system which
‘performs equally well on different texts and type-fonts.

5. To reduce the costs of these algorithms.

1.3 MATEEMATICAL MODEL FOR RECOGNITION

. O - \

Researchers [DUD-73§ ‘have shown that Bayes decision rule
is an optimal statistfcgl.opproach to the'problem of pattern
recognition. Recognition of text can be considered as a
pfoblem of fecogqizing letter sequeﬁces constituting the text.

One way of Eolving this problem 'is to récognize individual
‘ )
" character by making a decision on a sequence of them. Thus if

1
{

AN
N

an individual character be recognized, so would the character

sequence and hence the entire text.
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Assume that X0,¥l, f"'xn'xn+l be the feature-vectors
belonging to patterns comprising a sequnce. The recognition
\ - B
process associates each patt{;n Xi (0 < i < n+l) with one of
3

the possible " character classes of Z; (say). 1f 2 is

L - = L T

identical to the name of the pattern-class of X then X; is
. wee .
recognized correctly, else it is misrecognized. '

Let P (XO'""'xn+i/zo’\“"zn+l) denote the probability .

of sequence X;, ...,X .- conditioned on Zysr everZp,y and .

. ‘
P (ZO, ...,Zn+1) denote the a priori probability of character o

sequence ZO‘ ""zn+l’

To. clas;ify Xb,‘ ,;.,Xn+1, we need to maximize that -

' PN . . ey s 4
chararcter-sequence which maximizes posteriori probability

P (Zo, ...,Zn+l/xo, ...,Xn+1) or a monotonic fuhcﬁipm of it,

¥
e T e
;

€.9., its log.

Rawor

Usingé™Bayes theorem we obtain: - ) : .

1og P (Zgy eeerZpyy/Xge ooer¥piy)

(9

log P (Xo, ...,xn+l/zo,\...,zn+1) + log P (ZO, ...,Zn+1)

¢ - log P (XO’ n-.'xn+l) e 1.3-1"

where the term P (Xo, ...,Xn+1) is the probability of input

sequence and does not vary with (ZO, ooy Zn+l)' Therefore,

maximizing P (Zo, ‘:"Zn+f) is egquivalent to maximizing g (X)

where ’ ' .
- ’ .

g (X) = log P (.xol “‘Ixnj_l/zol ...;Zn+1)

+'1(?g P (20, ...'Zh""l) eee 1a3-2
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Thus X; can be classified by using information from all
otHer patterns preceeding and following Xi. Storing |,
P (XO, ""anlﬁ?ahx ""zn+1) distribution needs a large
memory. For example, consider that each feature Xi has 'q!'
élements, each YJof which further take on 'k' values. The

‘'values X; can take ‘n is equal to;kq. The number of values,

sequence of 'n' characters can take on will then be equal to

(k"

~— \
Further each zg can ‘have 26 possible classifications;

the term P(xi, ...,Xn+l/ZO, ""zn+ly in equation 1.3-2 can

thus have 26" (k)" values.

For a typical case when n =5, k =17, q = 20; we see ghis is
large number.

¢

To reduce this amount of memory, conditional

independence is assumed. Thus this assumption is made, which

“

yields - : .
\ ) "4‘ n+l . l ' ) I\é;’?
log P (Xny eeesX . 1/2 eeerl ) = & log P (X./Z2))
( 0 n+1/ %0’ Inel) T 00 gt

* . o e e 1.3-3
. .
The assumption oﬂ/ cond{fional independence is wvalid,

since* cursive script [T05-77] 1is not used in this thesis. !

E I

Thus i.3-2 becomes:

PRI VRPN

n+l | f . )
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The term P ggi/zi) will be called 1likelihood__in later

references. - Its estimation can be simplified by assuming the

’

class conditional independence among the elements of

Y ‘ o s _ ‘
'feature vector Xi' if xﬁ = (xil'xiz' ""xiq) then .

e
: .}

veo 1.3-5

q « > o
log P (Xi/zia = 1 log 3 (xi./zi)
. =1 . "]

Estimation of this term requires excessive computations

. Y .
if all sequences, being constructed from each character-class

of Zi, are considered. One feasiBle method of its estiqation

is to assume English language to be a Markov, source. Details

of this are discussed in chapter 6. .

"Maximizing expressibn; 1.3-4 is the basis of the

algorithms discussed in this thesis. It will be used at many
s\

places in the following chapters.

1.4 THE PROPOSED TEXT RECOGNITION SYSTEM

o
T

Since researchers [CHU-~75, SH1-77, T05-77} . have

indicated that the use of context in the form of probabilities

o

of character combinations can appreciably improve the

3

recognition of characters in the text, the proposed sysﬁem

}

_also uses context. Recognition of individual characters in a

<

~word can be cohsidgred as the basis for any general

text-recognition  system. Therefore, to simulate the simplest
case, the system considers upper case alphabetic characters
only. .Blanks .(or spaqes)’ are used to d&sﬁinguish the word

- A\l

3
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boundaries, other punctuation marks and special symbdls have

been eliminated.
y

LS . - - “

I The experiments conducted are based on the assumption
that the system correctly classifies the spacesigpetwegg/(;he
words and then successively 1locates the letters within the

-
word. . The text for the experiments was .on" three English

" language passages."These passages are shown in Appendix - A.

4

N,

. )
B il st b I e e s oy e T

The passag.s were set up ‘“using different hand-printed and

machine-printed data-sets.

Usually the contextual text recognition systems comprise

tWwo stages. The first stage recognizes individual. character

"

and following‘ the terminology of Schurmann [SCH—?B] we also

-

named this stage as Single Character Recognition. Subsystem

(SCRS) . This stage 1is wused as an aid to the second stage.

»

A o
The second stage imroves the performance of text-recbgngtion

. t - '
system by using context.  Some researchers called this stage
9 .

as contextual postprocessing system. . ' E "

-

Figure 1.2 outlines the components of the system we ”
proposed. The system is divided info three étages. Stagg-l,
includes preprocessing followed 5& extraction of features from
the patterns. Stage-2, called as sihgle éharacter recognition
subsyétem (SCRS) , recoénfzes a character or giQes severai
alternatives of that. English text is input to this system.

If ﬁhe performance of this system is to the satisfaction of

)

user, onward processing of the text can be terminated at this

, . . i

.
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stage./\§page—3 is-a context-aided Qeﬁy recognizer and. it is
referred to as Contextual Postprocessing .Subsystem (CPPS).’

The output from this 'subSystem is the English t%;F as

recognized by the system.

-~
v

Details of the : recognition system are given in _the

following chapters. ) ) -
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2.1 PREVIEW OF THE CHAPTER

CHAPTER 2 o . .-
HISTORICAL REVIEW f X

L d

S .

v . ‘ 5 | . A

‘This thapter is diQiaad into three more seciions.
Section 2.2"reviews the . field of character recoqniﬁion in
general. Section 2.3 specifically'réviews the wdrk done on
the use of coﬂtextual "information in text recognition.ﬁﬁhn

) ' > .
expanded review on contextual algorithms is presented  in

section'2.4.

2.2 CHARACTER RECOGNITION =~ ‘
. r L-' :— 1

¢ ]

Character recognition is a major topi¢®in the area of

pattern recognition: Fu [FU1-68] defined pétterﬂ recognition
. 3

as’ a field ‘thaﬁ, is concerned with machine recognition of a
r . .
group or a single object on the basis: of  certain subjective

requirements. Pattern recognition research"blossomed in the

“

early 1960's and has enjoyed over two decades of vigorous
, r,

Al

growth, , Contributions to the growth have come from many

ixdisciplines, including statistics’ [DUD~-73, SEB-EZj,

communication’ theory- [BRA-64], swi?ching theory. [NUM-68],

control theroy [C00-§4], 6perations research [MUR~-62]), biology
\ :

[BED-71], philosophy' [MKE-41]; psychology [KOF-35)], and

linguistics .E’IAR-G‘ZJ. S ‘ .
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| The problem of pattern recognition, in genefal; involves

the tasks of study, modelling and cofistruction of mechanism%

that analyze, detect, reéoqnize and describe patterns 1in
analogue or digital dafa. .In fécf the’ problem o§ pattern
recognition has been considered as one of discriminating the
inpdt\ data, between different populations throuéh tﬁe search

for features or distinguished attribute§ among ﬁembers "of , &

EN
population [SKL-73]. o r

) In early efforts we find geometrical methoés of pattern
CN— fecognition;wforqexample, shape andy live patterns [DIN-55,
R SEL-58]. Sherman [SHE-59] uégd a quasi-topological method for

. the recognftion~ of 1line éatterns while Dimond [DIM-57]
developed "a topological‘ process [for reading hand-printed
numerals, provi?@d they are Brawn-i% accordance with certain
constraints that restrict size,’ proposition and location.

‘ Greanias et al. [GRE-63] described a system of recognizing

member of a sixteen character alphabet (numerals and some

“a

miscellaneous printer symbols).

Unger [UNG-59] devised a binary feature vector system

for geometric and topological classification based on

.

~answering a set of "yes™ or "no" questions with respgbt to any

given input pattern. He successfully tested his recognition

W b b o

system on a number of hand~-printed alphanumeric characters.

0

e

Doyle's [DOY-60] scheme was based on two.notions :(a) the
decision was reserved until all test results were tabulated,

and (b) adaptive discrimination was based on learning from

. RIS

S
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'~~~ real data. '

The different mathematical techinques used to solv?~1r/
T

pattern recognition problems can be groupéd into two, general

- .Y . . s
approaches; namely, the decision theoretic ' (or discriminant)

[y

approach -[FUZ—74] and the syntactic (or structural) aﬁproach
[KAS-76]. In the’ decision—tﬁ%oretic approach, a set of
‘ ' 7,

characteristic measurements (called features) is extracted

from the patterns and the recognition of each pattern is made

judiciously by partitioning the feature space [FUl-68]).

Surveys on this subject have appeated- in [DEU-75; KAN;74,

su‘n-'@] . °

s,

The syntactiq‘ [NAR-66] approach to pattern récognition
' Ve

provides a capability for describing a large set of complex
patterns by using small set of simble péttern primitives and a
set of geometrical rules. For example Knoke (KNK-67]

considered pattern recognition as a problem of translating

string languages and devised a program: similar to a

table-driven or variable-syntax compiler for the recognition

of hand-printed characters and line drawings.

Touséaiﬁt [TO4-77] has discussed the problems underly;ng

. ¢

the testing and training phases of .different statistical

pattern recognition methods currently in use. He considered

feature extraction as two independent sub-problems: search angd

evaluation. An exhaustive bibliography of this field and some

details about statistical approaches to current problem

-

-
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solving methods, both ‘parametric and monparametric is given in

[TO3-74]«

v

b Y
«Glucksman [GL2-71] 1introduced an economical method for

decid{pg the class of a pgttern zdeséribed by a vector of
measured features. Hé used chéracteristic loci features and
was able to qchieYe 94:017% correct recognition on 'IBM data
base having 9 fonts and 52 ﬁattern classes. A non-parametric
method for deSigning linear discriﬁinant functions for paﬁkﬁgn
classification was fo;mulated by Smith et ai. [SME-72) as a
linear programming proﬁlem. Glucksman [GL1-67] alsoudescriged
a measurement scheme for’machine-p;inted characters of elevén
djfférent fonts (see fIGURE 2.1) by using a Iinear separation
algofithm.‘

‘ t
For any.recognition system to be practical, it should be

‘able to tolerqte a certain amount of distortio in ‘the
character set. Ullman [ULL-72] described several rules and
methods cf dealxng w1th dlstortlon. A recognltion technlque
which attempted to _cope wka the problems of mlstecognitlon,
‘distortion and variation of stroke thickness associated with
hhand-pfinted character ' was reported in [HOS-éB]. The
technique was improved b} using a contour Lracing method and a
tyo stage classification scheme [BOS—?ZSF This scheme when
tested on OCR 'B/ font character set (a machine-printgé

data-base of English languaée character set) resulted in 36

rejects and 5 errors among'443l characters.

> ‘ - -
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. Nugent _&NUG-Gj} presented ‘a method for maqhiné
recognition of cursive writing. This method used a simplified
feature extractor. It partitioned symbols into strokes and
hcategorized these strokes by ,geometric measures and their

topological relations to previous strokes.

Owing to their significant dis-similarity even among. the
same class, hand-written characters gave a poor recognition
rate by techniques like area matching (ULL-73]) and

cross—-correlation methods [LUG-64]. ¢

Finding template matching inadequate, Grenander [GRE-70]
used elastic tempiates. An alternate‘rubber-ﬁemplate approach
is given by Widrow [WID-73]. A

Other systemé of print-recognition such as scanning .
h-tuple [KAM-63, PAR-GS]: central moments [ALT-GZ],‘_Fourier
analysis [JOﬁ-GZ] and . holographic techniques [GAB-71] have
achieved vaiying degréés Lf suécess and commercial-
e;ploitation; but are also inappropriate for the recognition
of hand-printed characters, because these meth&ds perform
better if the characters ' are well-writteﬁ. Parks et'él;
[PAR-GS],demdnstrated the effectiveness of analogue processind
techniques in dealing with printed characters of low quality.
Some curve féllowing _techn}ques for hapqrprinted character
were described in [BAR-60]. Parks [PAR-69] described s

successful recognition system using ‘two sequéntial‘ prdcesses

of image transform&ations: (1) the first process detected and




o

. mapped the position of short cdﬁtinuoqs lineuésegments of
. specigied orientation and re@uced the represeﬁiatibn of tﬁe
imige to binary form and (2) the second process detecéed‘ and
mabped the - posiéion of morphological features by operating

upon th; ;ine'segment maps. The morphological feature types

were: (1) line endiégs (2) changes of direction of line

- segments (3) junctions of two or more segménés’ and (4)

L
crossovers of any combination of the three types of features.

The literature on character tecognition,ié dominated by
“%Lnsideratioqé of implementation‘[FIS—Gz, HOL-68). Literature
also exits on special-purpose electronic and optical image
processing system [BED-71, DUF-73, MCO-GB, UNG-58]. Some
descriptioni of special hardware for .pattern recognition
applications Sré ﬁouna!in Unger [UNG-58], . McCormick [MCO-63)
and Duff et al. [DUF-73]. |

t

2.3 THE USE OF CONTEXT IN TEXT -RECOGNITION v

Several natural 1languages own a unique characters set
and a number of punctuation symbols. A text in such languages
is conétructed, if sevegﬁl sequences of one or more characters

be combined wﬁth'some punctuatioh symbolge Other 1languages
, like Chinese constitute text by combining several primifive

strokes (we called them characters for sake of generality). /

Considéring the recognition . of text as pattern

»

recognition problem, the task could be done if the characters

T A W st
-

S
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and the punctuaﬁ&on“ symbols are correctly cfassified.
Mécﬁiﬁes which recognize text by- recognizing individual
characters agg symbols will make errors on the text, if a
character is - not recognized correctly. The qﬁestioq arises:
would the use of context help in reducing these errors? We

.

will investigate tH% answer to this question.

‘

Context is "the . parts of a written or spoken

communication which precede or follow a letter! word,

' ?

senﬁehce, or passage, and affect its meaning [WEB-74]".

Psychological stydies have shown that single letter can be

perc1eved better when they are parts of words [WHE 70].,

~

Endeavors for text ‘recogﬁitibn, particularly in the
English language have invoked the use  of contextual

information in the algorithms {CHU-75, SH1-77, T05-77].

.
¥
.
\ [N

Contextual information in the form of estimates of

probability distribution of occurrence of single character

(unigrams), character 'pairs {(bigrams) and character triplets'

(trigrams) has been gathered in [T06~78]. These probabilitiy

distribufions are given a general name-N-grams. In [HAN-76,

RAV-67, RIS-71, SH4-79, SUE-79, TO05-77], it is shown that
N-grams are useful in machine recognffion of English text.
Efforts have also been made in automatic correction of texts,

namely by, deletion, substitution, and 1nsett1on of characters

in text [CAR-66, MIL 57, T05-77].

e

Fem g,

L
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Suen ([SUE-79] reported that none of the existing

commercial OCR (Optical Character Recognition maﬁﬂ}nes make

‘much usé of contextual informafion. Several methods ha;e,been

tried for machine recogniﬁion of text [SH3-79]. 1In one of the

approaches of machine recognition of English text, a word is

¢

recognized first [$H3-79].( A question that arises at this
point is; what kind of }nformatipn is contained in a word thqt
a machine might be able to make use of? Touséaiqt\[T05—77]
distinguished between six classes of word features:
graphological, phonological, statistiéal, : §yntaética1,'

semantic, and pragmatic.

i
e
v

Grapholégicai features are those that characterize the

shape of a word or the shape of letter-cluster within a word.

Phonological features are present because humans have an idea

. . L}
of what sounds to expect in certain situations, as in the

“acoustic similarity of rhyme. Statistical features are

present in words to the extent that éhe more frequently
occuring words ‘are more familiar to us and are ‘more. easily
recegnized [ABO-59]. Syntactic featﬁres consists of markers
or declaraction of parts of. speech. Semantic features -are

P . < .
markers indicating the words, 1i.e., texanomic categories.

Pragmatic features consist of information about how the user

uses a word. In case of cursive script some of -the pragmatic
features are intimately related to some of the graphological

features. :
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Contextual information can also be expressed in terms of

syntactic rules. Kashyap and Mittal [KAS-76] used many such

syntactic rules in speech recognitiony
(
Another approach to ;;;\ utilization of contextual

- - \\ AR “
information in text recognition Lfs the table (dictionary)
look-up method. In this method the' words conforming the text

~

are‘cgmpared with those already stored fn a dictiénary in the
computer memory throu;h string-to-string matching (ALB-67,
WAG~741]}. fhe Brawﬁack of sugh an algorithm is the
combinatorial explosion 'in computations. Hybrid a%proaches

use both dictionaries and the N-gram probabilities [SH3-79%.

The various approaches for text recognition which have
so far been examined by researchers can thus be categorized
into three groups: dictionary look-up methods, methods ' using
.N-gram probability distributions, and hybrid metbodsh

AN

2.4 CONTEXTUAL ALGORITHMS: PAST APPROACHES

In this section the three approaches mentioned earlier

in Section 2.3 will be discussed in further detail.
2.4.1 Dictionary Look-up Methods

The dictionary-look=-up method is based on the assumption
that every word in the text is selected from a dictionary. A

word of text is classified‘by either of the following methods:

1. By string—to-striné ﬁatching with every word 1in the

Y Bt WUBA a e A AR RO M A 2y et e A a e SR SRS ey Ve e tp et s r
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dictionary having the same length (number of letters in a
word) as the input word has, and finding the best match
" [ALB-67].

2, Computing some disrimina?kj function for every letter in
the word. The algorithm then computes scores using the
same discriminant function for all same length words
sLored in the d;ctionary. The word giving highest score

is the output word designated by the algorithm [BLE-59].

Gold [GOL-59] wused the first method in his system for

recognizing hand—senE‘ Morse codes. One of the -earlie§t
application of the second method,tb‘text recogniﬁion was by
Bledé&g and Bfownihg- [BLE-59]. Other examples of similar
;pproaches are Abe and Fukumura {[ABE-71], Carlsop.[CAR-GG],
Cornew [COR-69], Shinghal et al. [SH3-79], and Vossler .and

Branston [VOS-64].

2.4.2 Probability Dis%ribution Methods Using N-grams

¥

> . Markov assumption for text representation was used for

_using N—Fram probabilities. This approach |is based - bn the

1
assumption that true class of a character is related in a

probabilistic manner to the true class of a small number of

surrounding characters., Its use leads to the estimation of

the probabilities of possible single characters (unigfams), AN

cparacter pairs (bigrams), character triplets (trigrams) or in
géneral N-grams of characters from English texts. For

instance, it can be assumed that the probability of occurrence

|
;
y - n '
. . .
a
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-
of each character depends‘ on’ the v .(v > = 0) previous
ch;racters, therefore, one has to estjmate these probabilities
je.g,, P (A, B)) fro{' the frequencies of (v#l)—character \\

s

EpﬁBinatiqns.-

S | o /
Haryon [HAR-62) used thjs method to detect errors in the -
recoé%ition of cursive script. Edwards and Chaﬁbers [EDW-64],
‘and Carlson [CAR-66] also employed this technique in character
recognition. Raviv'[RAV-67] and'Abend [ABN-68]" indepeﬁ@ently
derived the formal decision theoretic solution for the optimum -
use of contextual information at syntactic 1level. - Raviv
[RAV-67] also made some simplifying assumptions. He assuﬁed
Markov'dependence among characters to be recognized an( then
used sequential compound deéision tteory to make.a decision on
one character at a ﬁt&mg (sgquentiﬁi contextual decoding).

{
Duda and Hart [DUD-68] treated the alternative choices for the

character in questién with their confidences as the output -of
,té! classifier to makg a decision on a sﬁort’sequence of
characters (congextual- block decoding) . Toussaint and
"Donaldson [T01-72)] applied a simple suboptimal block 4
eontextusl decoding algorithm to hand-printed character

recognition which searched over only the most probable bigrams

&

and trigrams. This reduced significantly the amount NE}
computation without severly reducfng the‘recognition accuracy.
A discusé&gn of the sequential deboding and hybrid decoding
methods is given lin [CHU-?S,;T01-72]. These algorithms are '

dependent on three functions: namely, ™depth of search”,
N _ * ‘ a

s
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‘"holding", and "tHreshold".” - These" fuﬁttions ‘not dﬁ§¥J

determine the complexity of decoding but also the amdunt ‘of

‘1

@
Based on Markov assumptions, an algorithm known as :

contextqg{\informationito be.used. .

Viterbi algorithm [FOR-73, NEU-75] has -been used, "~ for"
contextual recognition of.text. Chung [CHU-75] and Shinghal

et al. [SH4-79) have ‘experimented with a modified version of

. f

the Viterbi'algorithm.

2.4.3 ﬁybrid Methods S ‘ . ‘ -

a

These methods use a dictionary, arnd N—grah approaches ':
éuch'as bigrams. For exa@ple, McElwain and Evens IQEL—SS]

used such approach tolcorrect éarblgd Morse codes. . One hybrid’
_approach wa§ considered by Riseman and “€hrich [RIS-71].. They

use of bigrams to eliminate‘from dictionary

proposed the

search, a large number of.sequénces formed from the character

aiternatives. Shinghal and Toussaint [SH3-79] have also
/
introduced 4 method based on this combined approach. Theyy

called this method the Predictor-Corrector algorithm and

eiperimentally showed that it achieves the error-correcting

A

. capability of the‘dﬁctiohary look-up method at half the cost.

’
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“the data sets wused. In an attempt to satisfy the objective -

recognizer. The characteristics' of OCR 'A' and OCR 'B'
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PREPROCESSI.NG, MATURE EXTRACTION AND TRAINING

¥
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3.1 *PREV-I‘EW OF THE CHAPTER

a
.
1 4
SRR s

» .
;o
In this chapter we describe the main characteristics of

A,

L

PR

that a text recognition systeﬁ” should pefform’»well on
different -type—fonts, three differént' character sets were :
selected;- The‘charécter sets included, one hand-printed ‘and

two‘ machéhe—printed ones. Hand-printed characters were = §
selected from Munsoﬁ's multiauthor Hata base l[MUN—GS]} The
two méchine—priﬁﬁed charécger‘éets were selected from OCR A’
aﬁd‘OCR;'B' data bases. The source and specifications - of * &
Munsoglg data 'are stated in section 3.2, “ The patterns ;-
contained in this data set were of different sizes and had
noise. Therefore, a preprocessfné scheme was adopted to
include these two measprés; namely: (an elimipation of noise

and (b) size normalizations. Sections 3.2.1 and 3.2.2 describe .

the methods adopted fbr_carrying out these two mbasures. The

ey

S«
SV

method for feature extractipn is given‘ in section 3.2.3.

> g

- £

o
o
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Section”3.2.4 jstates the training procedure selected for the
{ v

-

%

%v

\\“5
N
EL

»
%
o
i
M
o

e

machiné—printed data sets are described in Sections 3.3 $and

3.4 respectively. Methods, similar to those qucrﬁbedain

sections 3.2,1 .\ through . 3.2.4, adopted for these

¢

. .
. . .
4 '
.
.. G . B
f
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data set are also included in”sections 3.3 and 3.4.
\ .

@

4

3.2 MUNSON'S DATA SET OF CHARACTER PATTERNS

Complete détails of this data set were already destyibed

by Munson in  [M6N-68]. © In this’ study we selected ‘the )
~\digitifled patterns of only the 26 upper~case characters 'A' to

 '2'; The characters had been hand-printed by 49 §ubjec£s.

Each subject ,ﬁrinted 3 gpecimens of .each one of the 26

lettepys, thus giving ’3 X 26 X 49 = 3822 characters. Thesg" R

&
character imprints were unconstrained and untutored. The

binary iméges of the characters, each on a 24 X 24 grid were

2.

.

stored on a magnetic tape.

-

et

. Some ty;}bgl mages of characters from the data-base are

shown in FIGURE 3.1. 1In following three.subsgctions, we will ¢
déscribe the preprocessing ‘scheme and the method for fééture ?
extraction. “ ‘
3.2.1 Noise Elimidation ' 2
R . | X

: ®

R
By dbserv%pg characters shown in FIGURE 3.1, one can

o

N Pt
2 i

‘notice the distortion among them. In addition to the size,

there are notches gnd bumps along- fg: boundaries of the

Bty

T

characters. * These discrepancies in a character were given a

Evicr]

‘tommon name: noise. In order to provide an effective and
efficient description of patterns,’ smoothing was often
fequired to remove noise.

H
‘ ' : &y
.
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\
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AAA  AARA
*AAAAAAARAAAA
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AAAAAABNAA
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NA _AAA
AA ° AANA
A AR
an AAA
Ah - ARAA
AAAA
\

'FIGURE 3.1: Some typical characters from Munson's data base.
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. Smoothing'consisted‘of two operatidns; namely: thinning,

}a ' dhg :filﬁﬁng. Thinning 1is »the process of replacing a black

& ¢ Q ‘
point with a white point while> ¥illing is” the process of

replacing’ @ white point with a black point in the input
' \

pattern. - ' “ ™S

b ' - ~

There are two ppééoaches to smoothing. One is to carry
out the greliminar)' smoothing operation on the input fields
prior to pattern classification. Another is to incorporate
émoothing into the - récognition logic ‘by maﬁing patterns

" insensitive to variations qonfined to any small agéas in them.
A n@hber of algorithms ?elonging to these\approacﬁes hav’,been

. suggésted by bineen [{DIN~55], Déyle [DOY-60], 'Freyer and
Rifhmond [FRE-62] and Unger 4 [UNG-59]. Deutsch [DEU-72],

1

Stefanelli and Rosenfeld [STE-71]4 and Triendl ([TRI-70] have

Ty presented algorithms for thinning a skeletonization.

Wl Apden ey

.

R It was felt that algorithys described by the above
I

researghers would not heet the requirements of the recognition

system of this thesis. However, our smoothing scheme is based

on the methods proposéd\by Unger [UNG-59). The terminclogies

e .

WA e -

used in the implementation of the scheme are defined)below:'
. i .

Q

“ I
A KL

.The points comprising a pattern are black and white

-

POiﬂtS. . . AN

.
- .ﬁ \,L,‘L-i},_

~ S-window:

{
£
&
13
'

NN

$
1

B
"y

is a small window of sizé 3 X 3 used in filling' and
. , .

thinning operations of smoothing. This window is shown in

| ik i Al N iy O LR YRS L B}
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FIGURE 3.2.

S - Mid-point: ‘ ‘ ' .- ' .
N K - - o, .
- " The point X shown in FIGURE 3.2 is called the mid-point of
* the window; : ' : ?
L)
Neighbours: ' .
¢ A . . |
" The 'points surrounding the mid-point are called its ;
L . ’ '
neighbours. 'For example, the points a, b, c, 4, e, f, g %
P, and h are the neighbours of the mid-point X. ﬁ
' 1
Corner: i o . 8
'Three adjacent points, all not along the same line form' a !

I RN

corner *f a window. For example, the points b, ¢ 3and e

constitute one conner of S-window.

Hole:

It is a white point surrounded by a ‘minimum og 4 Dblack

points. ! ﬁbl

— e
.

e §

birections:

In usual geographical terminologies the point X has 8
directions; namely in order: East (E), North-East (NE),

North (N), North-West _(NW), West (W), South-West (SW), A
South (S), and South-East (SE).

L-window:

»n

‘is a large window of siée 5 X 5. S-window is a proper .

subset of it, and fits in the middle wiih one point alond

therideé. It was used in detecting hole in the pattern

N

by considering 2 immediate neighbours of point X in eight

directions. The L-window and eight éirections numbered as

1 through 8 are shown in FIGURE 3.3.
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. FIGURPE» 3.2: S-window:the  points involved in _smoothing -
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FIGURE 3.3: L-Window: points involved in Hole detection,

.- In above the squares marked as a' are the’

" points of cdonsideration. The square marked as

y did not take ard active part inj{ the
"algorithm, : ) '

-
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C-Hole:
A hole is called as C-Hole if it has at least another

adjacent white point and is Surrounded by black points in

a minimum of 6 directions, - = T

1\ '
The objectives bof smoothing were the following seven

points,

'S

1. Check the C-hole before thinning.

2. Eliminate isolated black points by changing them to white.

3. .Eliminate smallﬂpumps along straight line segmenﬁs.
4. Check C-hole before:£illing. |

5. Fill in the iSolated holes . in otherwise black'are?sz
6. Fill in small notches iq straight Lﬁne.seqment.

7. Pétch the broken character.

-Typical bumps, notches, holes, C-holes and breaks etc.,
. »

are shown in FIGURE 3.4.

»

* R ; ot '

Since the characters contained in Munson's data are ver
Y

noisy, therefore, it was decided to include thinning and then .

filling 1in the smoothing procedure. To achieve the smoothing
. . »
objectives listed above, the procedures S-1 through §-3 were

&éveloped."They are described below. oA
. ‘ . |
It is to be noted that the pattern of a character was

processed by moving a S-window across thee pattern. The

(movement of S~window wa's sequential, since every point in the

pattern takes part iﬂjthe processing. ﬂ -

NS
v
LE 3
R
B
t‘f
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¥
o
i
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FIGURE. 3.4:
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Points of ‘interest in smoothing scheme.
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- 8=1: Thinning Procedure

Comments: Subject go the coﬁaitions speéified, the procedure
replaces a black point wi£h a white p;int. The
objecti&es 1, 2 apd 3 of smoothing (given above) are
aécomplished by the procedure.

Steps: - ‘ "

i ' al) Assume that point 'X' is being examined:
/ - bl) Count the\ umber of p&ack points in S-window.
| b cl) If the co JE ‘Es greater than or equal to a preset

/ ,  ‘ threshold (it was Set tohiifor Munson's d: éL&eXit' i.ea,

do not eliminate the point.

.d1l) Check thé possible exisfence of a C~hole by invokiné the

boolean function HOLTHIN, which is described below.

el) If the value of HOLTHIN is true exit, i.e., éhe point X is

/ a C-hole, so it should not be eliminated.

-f1) Compute the boolean thinning function. Thisxiupction has

i been taken from:[UNG-59].
thinfun ;= X [(a + b+ d)(e+ g+ h) + (b+ c +,;X(d + £ + g)]
' © gl) If Eﬂﬁ“valﬁe of thinfun is érue exit; . '
< ’ bther&isg set | ‘ . - :

X = white; and exit.

The stepé'fi and gl above, explained'th;t the poiét 'X' is
: B changed to wﬁfte if the points contained in at least 2
| adjacent corners are thte. \
11) Repeat steps a1 through gl for all points cont?ined ;n the

pattern.

-

e ot B RN m STAN A e e} AT P IR e e e
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! ' , : !
}fw Function HOLTHIN (X) ! ! . B A
Comments: The function determines whether the. point under RS

examination is a C-hole. . . ’ u

L

Steps: ' e ‘ ' - 1

. all) Set HOLTHIN := false; | | “é

= *bl1) Find the count of black ' points in 8 directions using | %
L-window i.e., count nﬁmber‘of.g (see FIGURE 3.3). | %

cll)’Using the result in bll above, find directions count ing %

' which there is least one black point. ‘ ’ ?

dll) Find the number of corners. \ g

ell) If the‘directions cﬁunﬁ is ggeater than or equal to 6 and E

i

exactly 2 corners in NW (North-West) and SE (South-East)

directions are present then

 ad e i Hicabon

set HOLTHIN := true;

! In this step,-6 and 2 are preset thresholds ddcided after p

PR T = e

a number of trials to retain very thin 1 of a

character. o ‘

£11) Exit. i

\

. 5-2: F{lling Procedure . ;
Comments: The proceéure replaces a white point with a black §
poinx.iﬁ the pattern, if the conditions 1laid down %

g are satisfied. The objectives 4 through 6 of é

.smooqhingr(given above) are accomplished by the

¥,
-

eSSARNS

procedure.

Steps: ‘
a2)'Assuﬁe that point X is being examined.

ot et s




b2) Count the number of black points in S-window.

SRR A i b -

c2) If the count is greater than 7, or less than or equal to 2

o N .
then go to step e2, i.e., do not 1invoke the function

RN

HOLFIL. i

d2) Check the possible existance o¥ C-hole by invoking the

boolean function HOLFIL, which is described below.

w
-

L Tt AL e

e2) If the value of HOLFIL is true then exit, i.e., the point

'X' is a C-hole. So it should not be filled.

~

£2) Compute the boolean filling function:

Awre T S B

fillfun = X + bg (d +e) + d e (b + g)
This function ié taken from [UNG~-59]. ' .
. 92) 1f the value of the function fillfhn is not true then
exit; otherwise o ' .
set X := black; L
" and exit;
This_steé explains thqt point 'X' is chang%i/;xom white to
black, iftth%»four points i.e., b, d, e and g are black.

<
7t 3 T AR R oA e 5T 500 1 2 St S P ot

iR S

12) Repeat'Steps‘gz through g2 for all ppints contained in the

-
BeLadnn.

pattern. ' .

Function HOLFIL (X)
Comments: This function determirfes whether the point under
examination is a C-hole. .

Steps:

a2l) Set HOLFIL := false;

\

. \ : . .
b21) Find the count of black points in 8 directions using -

L-windqw.
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4 L% 420 -

o5 Mo 0F
i

. v,

+c21) If the count is less than 13 then exit, i.e., the point

s . .4 —
is not a C-hole and . it ,can be filled. The number 13

3

denotes that black points are present in minimum 6

..\'4‘.‘.\; SRS S ﬁ‘ 5

-
.

directions. ,

! §

d21) Otherwise increase-the size of hole by changing

g := white;

Vo bl ondentlEaneipal S o n .

h := white; and also set

HOLFIL := true;

. T

-e21) Exit. ‘ . )

§-3: Patchipg Procedure
¥ . .
Comments: The procedure replaces the current blank line (row

or column) with the previous non-blank line |if the

- line’ following the current line is also non-blank,
‘ i

—~ The lgst objective- of Smoothing Procedure (given

Rt s s LY o B B 1 OE AN e

'}
4
t

' . : above) (i.e., the 7th) is accomplished by the
procedure.

SteEs:

a3) Locate, if there is any, a blank row or-column in the grid

in between two consecutive non-blank rows or columns.

b3) Map the pgzyffus row or column over this blank line.

+

. FIGURE 3.5 shows the noise-eliminated -pattern of the pattern

given in FIGURE 3.4.

b

" 3.2.2 Size Normalization

.’"’"7’1.‘.‘31‘"{\- v-f}n..‘- o
. R

}

Following noise elimination, the patterns were subjected

to size-normalization 6perat15h. This operation increases. or




[8 ]

~
/.L‘_ . ' D et = A T B L L S
S

. NG

39

%
o

BEBB
BBBBBBBB
BBBBB BB ' -
BBBB BB
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BBBR BBBB
BBEBBBBB
BBBBBBB
BBB - BB
BBBB BB \
BBB BB
BBBE  BBB
BBBBBBBB

) BBBBBB

A BBBB
BBB o

[
4

Noise eliminated

. of the
FIGURE 3.4.

pattern
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e

reduces the height and breadth of a pattern.to match certain

<

e PR A e

" ‘preset grid. SizeA@ormalization was useful in reducing tQE
sensitivity of the feature extraction scheme (desdribed in

section 3.2.3) to the variations in size of the pattern in the ’

- e

grid.

Prior .to this study a number of researchers have already

ST e
\

édobted differént size normalizing schemes [HUS-72, NAG-70,
x SH1-77]}. For éxample, Bussain et al. [HUS~72] wused a
mathematical function based on the height and breadth of the’

e .f s character to increase (by duplication) or -decéegse . (by

A N

/ elimination) rows and wolumns in the image. v

)

cergd -

T *~ Following this approach the normalization method adopted
in this thesis also used a mathematical function. The

/ _ normalizing process involved two steps in the following otfder:

.
R S S

/ : - ‘ first normalizing height; second normalizing breadth. It is

to be noted that the order, in which first and second steps

Al
b
:
f
y
¥

: e
are taken, is not important. ?efore describing the algorithm

formally, we will“define several ‘keywords used in the

o
N

algorithm.

.
’

Line:' é ’ ¢

Any row or column-in t#é'grid is called a line. R

- . Left-most Column (L):

The first column of thelérid with at least 2 black points.,

- Right-most Column (R):

The last column of the grid with at lggft 2 blaék points.
£y M / t

d . ’ \ .




v Top-most Row (T): ., ' . B . _—

The first row of the grid with at-least 2 blackypoints.
N ' '
Bottom—-most Row (B):

»

e

The last row of the gr1d/d1th at least 2 black polnts.

Breadth: ' | . .
J- ,' , " . Total number of. columns occubiéd‘bylthe pétterp on-the: ‘
.f . ; : grid; i.e., ;
;) . ‘; . Bre%d&h =R -*L +'1, |
, Height' ' U T b
' Total ng@ber of rows occupied by- the pattern i.e., ‘ v
: : _Height =B - T+ 1. ,5 - _— -
o | . ,‘ , . T
. " " The héight multiplied by the breadth, used in the ‘llna.r'i:ner
g,i N SR . for matrix reprqsenté{}gn, gives the size of ,the pattern. ‘
. Thus 13 %-17 is the size of a pattern whose breadth is _15 Lo
‘ and height is 17. ' ‘ - P
*iv 7 start Position" , o | o
‘J The point 6f intersecti&n of variables T and éﬁgives the .
Start Posiann of the pattern in the grid, o g
g A JSTANDB. - I 7 o B ,/1
if ‘ : « + .- It is the fixed threshold value for breadth normblization. .
‘. For one kind of data -set this value is g;xed A
" _s-< STANDH: ‘ , o
o . '. . :,It, is the fixed ﬁhreshold valﬁé fgr height normalization.
t ' = E : ‘For one:kiﬂdibf data set this value is also fiQed. C "
S MaB: I ’

It-is the number of lineé to be deleted or added in

‘ -
Lo P . ¢
. .
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N7 ) - - ° °ﬁ
breadth. e . : ‘ ‘g
NLAH: ' | : i
Number of lines to be deleted or added in height. A
. : 2
Q? The size-normalizing algorithh was then the following: g
. ) o4
.Aiiueight Normalization \ . \ . g
The steps in&élved‘ére,the following. oo " §
:.;’J | nﬁtégs: : ' ‘ ; ’ |‘§
col 1. Mgssume_the STANDH is giien; which was copsidered as 24 for. % §,
” wrMunson's data set,, | - : f | ' 3
" 2, ,Lpéaté L of the input pattern. ’ ;
ﬂ~“3. Compute t;; height HIGH of the pattern by counting 4 e ® "
” number of lines in the grid beginning t?rsom st?a;'t posiZ:;x
.until the bottom-most row is reached. v |

4. Find the quantity NLAH, i.e., _
- . . L[ e
. NLAH = STANDH - HIGH , . s e 3. 2'_"1

'

If NLAH is positive then NLAH designates the nunber’ of
X ! ’ . ;
lines to be added. - If it is negative, that many lines

have to be deleted.

o
e 50 1o e g o ARt OB D W e s e oL

5. Compute the step size by using the expreésion:
. \ -

S=[ HIGH / (NLAH +1) 1l +1 -  ° ves 3.2-2

o

I'I designate ;he,ceiling of the number enclosed in [ 1.
"“\'M : 6. JPositive sign of the variable S implies \that every S-t
,row has to fie repeéted (addeg).\ The negative sign

Y designates the‘ieletion of evgty such rovy.

¢
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7. Depending upon the sign of the variable’s, add or delete

'-eygry S-th row and take the count of the number of 1lines

. 8
repeated or deleted.

8. . 1If the magnitude of NLAH is equal to the count then

A
T e e R AR i WS

“

_ terminmate the operation .and the resulting pattern is

height-normalized, otherwise go to stef 4, recompute the

step size using new values of NLAH and HIGH and, repeat

steps 6 through 8: The height-normalized pattern of ‘the

[ U R Y. 29

one given in FIGURE 3.5 is shown in FIGURE 3.6.
i o ~ A

B. Breadth Normalization : .

The steps involved are the following.

Steps: F\;\;;> | :
1. Assume that STANDB given, vhich was considered as 24

-

for Munson's data set.

2. Locate T of the height-normaiized pattern.

A
[N

" '\'3. Compute the Breadth BRDTH of the pattern by counting the
nimber of lines in the grid beginning from the start

. position until the right-most column is reached.

o - -
A SR o a7 e O R i R Sy SR g 3 1 = Ao -

‘4. Find the quantity NLAB; i.e., N

-~ s
: h

NLAB = STANDB - BRDTH . T ee. 3,2-3

' Y, . If NLAB is positive then NLAB designates the number of

' lines. to be added., If this number is nega;ive. that * many
lines have to be deleted. .

S. Compute the step size by using the expression:

. s =1 BRDTH / (NLAB + 1) 1 + 1 © i 4he.3.2-4

oS ~ @ ""
. © - . ’

-
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o every S-th column and take the dount of the number of

45

'
t . v

F

6. As before, the positive sign of the variable § implies the
‘addition af every S-th column; i.e., requirements for
increase in /size. Negativé sién implies the 'deletion of

S-th column i.e., reduction in size., . &

' 7. Depending upon the sign of the variable S, add or delete

-

. A
lines repeated or deleted.

8. If the magnitude of NLAB 1is equal to the count then
. terminate the operation and the r%sulﬁing pattern is both
height and breadth 'normalized, (or size-normalized);

otherwise go to step 4; recompute the step size using the

new values for NLAB and BRDTH and repeat the  steps 6
/ﬁ through 8. l
9. "If the height to the breadth ratio i.e., HIGH/BRDTH is
greater than 3 then breadth of the character is retained,
but the heighé was already normalized. This arrangement
prevented the letter {kprinted'without serifs from being
converted into virtﬁally ’allfbfack coﬁprising over the

whole grid. R o

FIGURE 3.7 showks the size-normalized pattern.

» 30243 Feature Extfd!tion

This section described the methad of ex&racting * the
features from preprocessed and size—normplized patterns. A
feature can be defined as a measurgment | made ‘on a pattern.

Usually several such measurements are made on a pattern. A
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\  FIGURE -3,7: 'size-normalized pattern of —the one given in
o FIGURE 3.5,
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‘ '~ set of such measurements or featﬁres is referred to as a
feature-veétor. A 'good set of featgres results in a good
discrimination between‘the pattern ciasses, but it is notlvery
sensi;ive oto minor wvariations in the different péttefns of
same battern cla;s. To save on bpmputations, it is impartant ‘ i

: /
that feature-vector be of low djimensionality and its

extraction from the pattern be simple.

. ¢ Most of the methods like -characteristic loci [GL1-67, .

' . KNL-69], contour tracing ([CLE-68], .and topological methods

PrEN

[MUN-68] suffer from the .complexity of feature extraction

scheme, high dimensionality of feature-vector or both.

skt o

For explanation purpose consider the g;bblem of the

-k .

recognition of hand-written characters. The usual

discriminatory features are the sequences of strokes, the

* v I SR G, et 22 T T

direction of strokes, the arrangement of strokes. These are

P

éenegally not easy to measure [PAR-68].

-,

In this. thesis, a simple and low-dimensional feature

4

extraction scheme was used.- The scheme was the following:

N
B

o . The STANDB X STANDH grid of the " smoothen and, size-,

=

normalized pattern was divided into 'q': ' <

PR A b i, T R o e

q = (STAND / DIV) X (STANDH / DIV).

" Y

kR non-overl?bping regions; each ‘of DIV X IV squares. In ‘our

experiments the value of'DIV. was 4 and for Muﬁson'sr data

-
A
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ILURE 3.8:

]

.

Ordetring of the
4 X 4_of Munson's patterns.

\

36 regions’ each
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' FIGURE 3.9: A typical 4 X 4 region: count of black points:in

.6 squares make one feature element in the vector
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STANDB = ,STANDH = 24, FIGURE 3.8 shows these regions for

Munson's data. A typical region is shown in FIGURE 3.9.,

é
1 ‘ h
F = [fl'-f2"°"£q]

The feature-vactor F

-~

was obtained, where fi,'lgiiq is equal to the number of black

points in the i-th region. FIGURE 3.8 shows the ordering of

q = 36 _regions in 24 X 24 grid used for Munson's patterns.

" This method of feature extraction has the following
advantages: | '

1. It is simplé as it involves only a count‘of black points
in the region. Thus it is easy to imflément on the
machine. ’ | )

2. Dimensionality of feature-vector is 'g’ which is presumed
to be not very large. In the case of Munson's data the
value of q is 36.

3. Since each region 1is 4 X 4 i.e., there are 16-poiﬁts in

| the region. Each region coﬁstitute; an element of the
~ " vector. An efemén; takes on the.values between 0 and 16;

that is,‘lj po%sible values; which is not a very large

number either (see FIGURE 3.9).

4. Small salt-and-pepperf7;oise and minor discontinuities in

the image can be tolerated.

Feature vectors were extracted for every pattern in _the

data set, in the mannétmdescribed above. The feature vector

for each character was stored on magnetic tape for later use
4 ! . ' X

B

i
.

P
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in the recognition process.

o

3.2.4 Training of the Classifier

v

As described in section 1.1, it was necessary to design
the recogﬁition algorithm to achieve satisfactory performance.
The perforﬁanée of - the recognizer is supposed to improve as
‘more %nd.morg patterns are observed. Thfs process is called

- -

training EB learning and the patterns used as inpuﬁ are callgh

thé training patterns.

The training procedure could either be supervised or
pnsupérvised. The distinction. in both‘\?s that, witq
supérvised learning one knows the state of nature (class name)
for each patterﬁ, whereas with unsupervised learning it'is‘not

the case [ULL-72].

!
o ’

In the présent work a Supervised training scheme was
used. The schéme was implemented by estimating the
’ .

likelihoods (see section 1.2) for the samples available in the

data set.

.

The 3822 sample patterns of Munson's data were separated
into two groups: 3744 patterns written by the suS?ects 1
through 49 (excluding the subjett 28) constituted the traiﬁing
set. E.".rhe 78 characters wriften by éubject 28 constit.uted the
testing 'set. Subject 28 was arbitrarily chosen for testing.
purpose, ) A
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we selected OCR 'A' and OCR 'B* data sets.

. [OCA-77].

@

1

“

In dJrder to know the identity of a character during the
training phase, each character was labelled with the name of

its class, i.e., labelled as 'A', 'B', ..., 'Z'. These

patterns were used in computing a 3-dimensional 17 X q X 26

matrix 'm'; we called it the training matrix such that

mijk ‘= }og P (fj = i/Ck) ‘ ees 3.2-5

for 0 < i < 16; 1< j < q; and 2°¢ k < 27.

where 'q', the size of feature vector was 36 in case of

Munson's data as discussed in the beginning of this section.

3

Cl was blank and C, to C,, were correspond to character names

‘a', 'B', ..., '2'. To avoid zero entiies, Bajesian estimates

hY

of likelihoods were estimated.’

For any Teature vector F = [fl’f2""'fq] the expression

log P (F/C,) can be computed from the training matrix.

3.3 OCR 'A' PATTERNS

To test the algorithms on machine-printed data as we11:

OCR 'A' data set
was designed by American National Standards Institute

’

'‘A' to '2' were selected. There were 5791 patterns

- “ ,
altogether. - Some sample patterns are shown in FIGURE 3.10-A.

Each sample was contained on 24 X 16 grid.

b4
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i

" FIGURE 3.10-A:

AAAA
AAAA
AAAA

<

DDDDDDDD

o

- | pPDDDDDDDDD

bDDDDDDDDDD
DDDDDDDDDDD
DDDDD DDDD

AAAA
AAA
AAA

DDD bDD
DDD DDDD

‘DDD DD
‘  DDD DD

D
DD

. pDD PODD - .

DDD DD
' DDD DD
DDD DDD
DbD - DDD

joJo BN

DD

D .
D

DDD  DDDD -

DDDD DDD
DDDDDDDDD
DDDDDDDDD
DDDDDDDD

3

2 4
Some typical patt

°
\
LN

i

erns from OCR 'A' data set,
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FIGURE 3.10sB: ®Size-normalized pattern of character 'D' of  °
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: . 4 ‘o ,
- characters both in training_,and' testing- sets is given in t
TABLE 3.1. cL o (
N 4 . j : .
~ ) ' ¢
b V2 4 e o .
- . T, .
s 8

, . -~ ‘ 5
; | .‘ﬁ | - -
S o 55 o
. - .
( B | .
~ . As this data was single-font machine-printed data, we
. ‘ - skipped the nbise ’elimi\nat:o/n %tep. In well written data sets
. hoise elimlnatlon merely affects a few points, and thus will v.‘ﬂ
‘: adq to computations in preprocessing, . ’ U
"’ 'Sizek normaiiging ;ggorithm was the same as'descriped;;n_~‘\\~/,
) sectioﬁ(}.z.z ;ith a few exceptions: - )
) 1. In ﬁajority of samples the 4 beftom-mosp [OWS weret blank.
| Therefore,\before normalizatien we elimiﬂated fﬁose T,OWS ,
2.1§fhe value of the variable STANDH was 20, r ’
) ~3+ The value of the variable STANDB was 16. ' , <
‘The size—normalized pattern of character 'D' is shown in‘
«  FIGURE 3.10-B. | J :
' V4 4
< The feature extraction method was ‘also tﬁe same” as
‘ described for 'ﬁunson's daee, Since the chqraeters were
qormalizéd to "a smaller size; obviogsly,‘ the number of
non—overlaﬁbing regions was less. Th; value of 'q' i.e.,’the
pumber of elements in the feature vectori was 20. Thus the
"size of the training matrix was 17 X 20. X 26. ’
) Steps iﬁvolved in training ef ‘the récognizer .wére
<

eséehtially the same as described earlier except the training

o

set was constituted of 5141 samples "and the testing set
- Ve El '

includea 650 samples. The freduéncy aﬁstributidn' of
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TABLE -

:
. 5
“\\ | o \

‘3‘0 1‘ ‘

Frequency Distribution of. characters in training
é? testing set of OCR 'A' data set

Character . Total number of such samples in

- N :
R .
v ' . \
1 . R
.

Traih%pg sét(fr

Tésting set

. L
A 199 25
¢ . B 199 25
c 199 - -25
. D 199 25
) E 199 w2
) Feo ! 199 25"
G 198 25
: i 198 25
I 199 25
. ed 199 25
K 199 , 25
L 198 25
M . '197 25
N ‘ 195 25
o’ 198 25
. P 196 .25
; Q 197 25,
R 197 25
s 198 25
T 197 25
. u 194 25
r v 196 | 25
W 197 / 25
, X 198 - . . 25
, Y 198 25
= 2 198 25
. -
\
650

' (/ . T;7E1 . 5141




3.4 OCR 'B' PATTERNS

Another data set of a total of 2834 sample patterns of
" upper case letters 'A' to 'Z' was selected from OCR 'B' data

base. There were 109 samples of each of letters 'A' to 'z,

¥ - .
A sample pattern from the data is shown in FIGURE 3.11-A,

-

This data was de gned' by European Computer Manufacturers

4

Association [0OCB-71]}. /

-

\ Again in this data set thé noise elimination.step was
\Ekipped as it was siﬁgle—font machine-printed data. Other

, gspecificagions gfor size nermalization and training were the

same as'fof OCR ‘'A' data set, A sample of size-normalized

&{ ‘pattern Y% shown in FIGURE 3.11-B. The training set, however,

contained 18 samples of each of 'A' to 'Z'. The testing set

contained 91 samples of each of the letters 'A' to 'z'.

’

. | _These preprocessed and'séze—pormalized patterns of tbe
‘. _characters contained in data .sets described ’above‘ were then

’ }mr,used in setting .up the hand~printed and maching;printed
passages. The source passages and- the ﬁethod for Setting~up

are dicussed in Chapter 4.




-

. . §
58

-AAAA
AAAAAA
ARAAAA

AAARAAR

N ‘ AAAAAAAA

AAAAAAAAA
AAAA AAAA
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FIGURE 3.11-A: Atypical pattern of character 'A' from OCR 'B*'
© data set. ' o

FIGURE 3.11-B: Size-normalized pattern of -character of
o FIGURE 3.11-A. : SRS
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CHAPTER 4

_COMPILATION OF PASSAGES FOR TEXT RECOGNITION

- EXPERIMENTS Y

4.1 PREVIEW OF THE CHAPTER |

-

The text recognition system described in this thesis was
tested on three passages. printed in  five (3 subjects of
Munson's data . plus two machine printed data sets)

(VA
character-fonts, which -were dlready described in sections 3.2

through-3.4. 1In section 4.2, .a brief description of . the

. ¢
passages used is given. Chi-square tests conducted to. compare

three passages are desctftbed in section 4.3. In these tests
the probabi;ity distribution of single chgraciers (unigrams)
and character-pairs (bigrams). estimated by Toussaint and
Shinghal ITOG-??] is used. These estimates are shown in
TABLE« 4.1 adé TABLE 4.2 respectively. The method for
setting-up the 'pas;ages for texb.recogﬁition experiments is

described in section 4.4.

4.2 PASSAGES

The experiments described in this thesis were conducted
on thrée'passages‘oannglish text. The first pagsage se;ected
was a short story‘written by Tolstoy. The second passage was
chosen from Gadsby by Wright .[WRI-39]; the third was chosen

from Time newsmagazine of November, 1977. These passages will

W T TT— N
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e

be referred to as Pas-1l, Pas-2, and Pas-3 respectively.

. N
Even though 'E' is the most frequent letter in English

————text fTbG-?ﬂiT-in~Pasfz the-letter 'E' ‘does not occur at ~all.

' The third passage Pas-3 is assumed to be a‘represehtation of
newsmagazine writing. ' These, threé passages, each from
different source and topic, Qere purposely sélected in order
to observe thereffect of using context. These passages were
reformattgd' by deleting all punctuation marks and special
5ymbols and leéving only a.blank between words. All numeric
informétion ;as translated into eduivalent words., For ©
example, numerai '2' was éranslated into 'two'. The passages
are shown in APPENDIX - A, %héadistribution of characters in

the passages is shown in’TABLE 4.3,

’ 4.3  COMPARISON OF PASSAGES | -~
Iﬁ order to compare the usage of English languaée and to
study' the difference in writing styles of _writers. two
chi-square tests were conducted. With the hélg of chi-sgquare
test proéédure one can decide whether t; accept or rejécf the
null hypothesis. Null hypothesis i; an assumptibn that the
number of samples examined belong ta the same population and

4

in statistical notion denoted as

¥
5
#
,
“

50. Correspondingly éhe
other possibility is v called the alternative hypothesis Hl. A .

N

[KUS=77). . ' . —_— -
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TABLE - 4,3

Frequency Distribution of Characters in ,
Three Passages . j

"y

cter Tolstp} © " Gadsby Time
‘ ' ' f
82 119. . 99 .
14 24 o 28 - \
37 38 18 . «
53 38 42
142 0o . 144
15 22 30
20 : 24 21
81 + . . 58 \ 76
¢ 73 . 113 77 ,
. 1 0 1
6 . 6 15
50 . 46 35
32 27 27
78 98 83 -
96 - 115 74 j
' 23 27 17
1 1 o
61 46 . 66
94 g 83 ‘ 86
76 * 106 99 :
33 . . 42 17 .
15 3 . 4
v 15 24 17
1 * o ' ’ 3 z
10 33 23 -
0 n 0 4
; K
_‘..—u‘_ '__' ———
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Let the 27 characters i.e., 'B' fand ‘A' to 'Z' be
.

represented by C,,C,, «++sCy9. The eXperiment measured, for

'thé‘thtee passages, the freqdency of occurrence - of character -
C; and character-pairs (Cy,Cs) for (1 ¢ i < 27). Based on the
results of this experiment chi-square test was conducted to

investigate whether the three passages satisfy two hypotheses:

H&l and H ,, details of which are given below:

- ]
4.3.1 Test Hypothesis Hol- o ; B \

a) Using Unigram

)

< e e A PR K S P

To determine “"whether these passages represent commonly

used English™; a test was performed. The test uses chi-square

distribution with hypothesis:

the frequency of occurrence of characters in each of the

passage is from the same ‘distribution.

Assume that:

\
, &

n

ik gpserved ffequency of occurrence of character Cj in
passage k; for 1'3 k < 3.7
B L) ,/"
Ejk = Expected frequency of charagter C: in passage k.
o 3 .

27 ' . :

'Nk = I Oik = Total number of characters in passage k.
j=1

{ . . d

Eij Q&s estimated as follows:
3 . T

[N

o, R

" ,9 e . ’
Ejk = p (cj) X N + 0.5 E - cee 4.3-1
. for 1 <k<3; I<3F<27. . : *
./ '
t - . ‘t‘
/i o - /foo
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It is assumed that probabilities shown in TABLE 4.1 are
unigram probabilities of commonly used English. Therefore,

P (Cs) can be replaced by Unigram (j). Expression 4.2-1 can

thus also be written as:

Ejk = Unigram (j) X Nk + 0.5

In above 0.5 was added as correction factot.
The test requires to compute:
2 27 2, .

Under the hypothesis Hol' the value of chi-square was

\ 13

computed for all three passages. These values, listed in
TABLE 4.4, were compared with the tabulated values of
chi-square, with deérees of freedom shown in the ﬁablé, at a

significance 1level of 1less than 0.001 and arrived at the

following decision: , . 0

Pas-1: Do not reject the null hypothesis Hol' i.e., the

frequency of occurrence of characters in this passage ES

follows the distribution function specified by éfpg/

untigram.

Pas-2: Reject the null hypothesis Hyye 1.e., the frequency of

occurrence of characters in this passage do not follow

¢
the distribution function specified by the unigram

" probabilities.

ST T U SO XA -
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Pas-3: Do not reject the null hypothesié, i.e., the frequench”
. of occurrence of characters in this passage follow the
distribution function spec{fied by -the unigram

propapilitieS.O“

IS

As shown above we did not reject the null hypothesis, if
the test is made on Pés—} and Pas-3. This conc%ﬁdes that
énglish text represented by these two passages could be
considered as in widely usage English. The hypothesi; is
rejected for Pas—z;A.IntuitiQely, this could be because letter
'E' does not occuf in it at -all, whereas it is the 'most

frequent letter.

b) Using Bigram : ' )

S

Hypothesis Hol was tested\ using probabilities of

-

character-pairs (bigrams) i.e., P (Ci'cj)° Thus expression

'4.3-1 will be changed to: g -
Bijk = P (C{,C5) X Ny + 0.5 : Cve. 4.3-4

where - " 4 . «

Eijk.= Expected frequency of character-pairs ci,cj in passage

k. Correspondingly

by

Denotes’the observed frequency of character-pair CisCs-

035k 3

s

in passage k.

’ -

; As in the test above, we assumed the probabilities shown

b -
in TABLE 4.2 to be the bigram probabilities of commonly used

English. Therefore P (C.Q. can be ' replaced b
h g \ i\ ' ‘ lfcilﬂ\ wp | Y

e e s v L . e e—
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:  TABLE - 4.4 S
< . ) - o . - V(
o Hol : Passages geptg;ent commonly used Engiish? L
] ‘ ’ ( : .
-] N » . . ; ) ' . A R ‘ ! ) ,
' . *, Chi-square Values S )
N Probability . Pas=} Pas-2 pPas-3 R
/ | . o
. , J
Unigram 45.71394 170.71230 53.90481 ‘
g . a ‘ ) ', .
* 5 122)% ¢20) o (21) .
g .
i ' |  Bigram . 335.17533.  590.69703 266.74794 .

.

¢

- - : A (119). - 171y . (122) B RE

SO YR

] , “'\\ ' . \ .
. ) o quantities enclosed 'within parantheses are the degre of
' freedom, v 8 . . i
. Y.
& ) ’ 2
. C e
AN / . > ;
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Bigram (i,j). Expression 4.3-4 can thus be written as:

T
L]

" _— \
. «Eijx = Bigram (di,3) X Nk + 0.5 . ce- 4.3-5
The test thus regquires to complte: \\\ ‘ "
. “ . ' \\ ! "
o 27 27 . 2 . o .
. x“ =‘ z > (o 3 - B ) ‘/a E; . ,\\A e » 4.3_6
R A S O S S L A A

¢ ’ ‘ /‘jb‘ . .
Under the hypothesis H l}'tbe value "' of . chi-square was
computed for all three passages. These Qalues are listed in

PABLE 4. 4. These values were compared with _the - tabulated

values of chi sduare, wyth degrees of freedom showp in the .:“

table, at significance level of 1ess than 0 OOl. The decision

derived is samé as the one made w&en unigram probabilitiesv

4 N s
were used. - L | b
( = k _

?

*Do not reject the null hypothesis H,, for both passage

1

Pas-1 and Pas-3. This-decision igplies that Ereqﬁency of

W occurrence of character pairs in theﬁe passages follow the
7 o :
distribution function specified by the bigrams,”®

and d ) / . Co -, ) ' - T

4 . 4

*Reject the null hypothesis Hyy f;r-Pas—z, which implies
that frequency of occurrefice of character pairs in this '

passage dq\not follow the distribution function specified
by the bigrams." _ . ) o : ( ' i
. ' ) LY e e

~es Since using bigram probabilities we arrived at the same

decision as was made in case of unigrams, therefore, we

conclude the same in this case as well.

L L L T -

|
|
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4.3.2 . Test Hypoéhesis Hyy ‘ \

. ' . . .
~ é) *Using Single Character Frequencieé (Unigrams) .

_This test determines whether the passages are mutually

2

similar. The test needs to find whether the distribution of
the frequency of occurrence of characters in -one passage 'is -
different from that -in other passage. Thus the test was

‘performed #sing shi—square test with the hypothesis: ' .

.the distribution . describing frequency of occurrence  of

. characters in paséage k' is the same as that in passaqe *1°'.

o>

Since the test -involves relationship between the passages, for

3

1<k, 1<3; 1#73, we will be using contingency tables.
‘ . ‘ ) ;l:n

o "&n(&bis test, the ,joiht expected frequency“*Eki was .

B

4

’e§t1qated b§,the equation: )

‘ d

\

T Eeg o= [(0gg + 011)/ (N +‘&b)‘1 X Np'# 0.5 S = A
. : A S . i ' -
. for 1 <k, ¥ <3;k#landal <i<a@ . 4
. where | o - - D o
"‘Ok{ - Observed freguency _of' occurrence‘.of'chérgcier~ci‘in‘
, assage k. K ' . ‘
: ‘ - ‘ ‘ )

O;ir= Observed frquencyﬂdf occurygncé'\qf &haracter” Ci- in P

.\ \
B A e . M
. « :
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The test thus requires, to computes:

‘ 27 : ' “

. 2 & 2 . ,
CE o Ok T BT By (eee 42378

L = o |

°

q;ing this expression chi-square was computed for all
ﬁassages pair-wise i.e., 1 S‘R, 1< 3; k# 1. They are shown
in TABLE 4.5. The smallest value of X2 = 1439.75 was for

- Pas-1 and Pas-3 with 24 degrees of freedom. This computed

o ) value of" x2, is still much higher than the corresponding

tabulated value of xz,at 24 degreés of freedom at significance

[y

level of 1less than 0.001. fhus the hypothesis was rejected

5

for all passages pair-wise. . "\

4

Rejection of this hypothesis- implies that the

distribution ‘'describing frequency of occurfence of chafacters,

o

! v
in passage 'k* is different from that in passage '1°', It is
. : Co . !
,},N\ thus concluded that the passages are not mutually similar.

i ‘ -

4

b) Using Character Pairs Frequencies (Bigrams)

The séﬁe hypothesis was tested using frequéncies of
character pairs (Ci,dirxfor 1 <i, ] < 27. Thus !expressiaq
o " 4.3-7 will now be changed to ‘ ot . Lt t

N [
>/ . N -

1
N -
3 , . .

., . for 1<k, 1<3;k#1,and 1 <1, j < 27. .
R “ L ~' “ . ” i l'\:),. - .
Thus ‘the test requires to compuie:" ' o
- .o . x 4 .

4+

LAY

. 2
gy = Beg) T /7 By

¥

[ W I

Beij = [ (Ogg5+ 0139) 7/ (Ngg + Nyg) 1 X N§k11+ 0.5’2.1‘4.3;9\"

Y= P

Saedi

l&'
e
:

=.
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: o TABTLE -~ 4.5
_ ®
° . Ho2 : Passages are mutudlly similar? |
- “y i L ! \ ~
Chi~-square Values ”
- . 'l N / i
Frequency pas=1 & Pas=-2 & Pas-3 & »
D% distribution’ Pas-2" Pas-3 ‘ Pas~l
%' . ] * . X ) . ) .:."“\l |
' . single 4® . 2780.01437  2780.65165,.  1439.75108 .
' Character : ' "
§ ' (23)* ’ (25) (24)
% : | : . . r ‘ . . ‘ b . e :
[ = - ) 1 ’ 2
| ‘ - o
; Character - 4889.,23115 ’ 9302:?2315 15670.82715
. : : . Pairs. '
\‘: yol o (617) . (608) (452)
5 B ; |
4' ) \ M
. . . . , . " 9
, Tk quantities enclosed within.paréntheses are the degrees of .
. . freedom. o T ' .
3 g - “‘,’ -
. ey _( '
S . 8 \ BN
} ’ ‘e . }i o, ' ) ‘ .
- (“ "‘ ‘ ‘4 \ ' ’ . ; - . . nv ,,.‘
- *+ " M ’J \ hd ' l N ‘. “: J‘ ~ ¥ '
i v : . . o e E -
v . - . ‘
b PR ) K'\ N
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, OCR "B' data sets. !

.frém MuﬂsoL's data .bj randomly sélecting one out of tbree

\ ,
Using this expression, x2 was computed for all passages

.

pairthse. ‘The values and the dfgrees of freedom of ea%h pair

are shown in TABLE 4.5. Again the computed values are much

higher than corresponding tabulated values with the degrees of

e N T

freedom spé%ified in the table at:a level of significancé less

than 0.001. This implies the rejection of the hypothesis for

all passages pair-wise.

We thus conclude that the distribution describing
fiequency of occurrence of charaéter—pairé'in passage 'k' is
differ;nt from that in passage 'l' which™ implies that the

passages are not mutually similar.

{

4.4 SETTING-UP PASSAGES FOR
TEXT RECOGNITION EXPERIMENTS -
> ' &
- R . .
‘ Since the passages have different frequency distribution

of charcters and also belong to different source (as concluded

in section 4.3), it/ Wwas décided to usetthesg passages to be

hand-written and printed by the letters of Munson, OCR ‘A,

3

Subjects 6 and 18 from training set of Munson's “data

-were arbitrarily chosen. .Subject 28 was already chosen as

testing set. ',\
e

e
[

~ . :
Each passage was .set-up with the characters of a subject

~
. . . »
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K
(] N [ Y

‘ specimén'characters from each of 'A' to 'Z°', The reason,

s
PO TP NP N

behind doing so, was to simulate the normalﬁhéndwriting'style.

' . .
the passages were set-up in -3 different
\ ' . :

. ° 5

'r_hus\i

. ‘
SZE T S

N
handwritingswf subjects 6, 18, and 28 respectively. “These
passages will be referred to as: '
. v -~
. Pas (l,MgnG) . Pag'(l.Munlg) ' Pas(l,Munzg) ~a i
- :
. Pas (2,Mung, Pas (2,Mun;g) pPas(2,Munzg)
. . { E
Pas (3,Mungy - . - pas (3,Munjg) . Pas(3,Mungg) - ;
! - c 3
! ( Thus Pas (l,Mungy jg5 the passage of letters written b ;
\ : : & en by
i ‘ subject 6. é
) T . f %;
" FIGURE 4.1 shows one line of text from Pas (1, Muny gy i
? The subscript show the number of.specimen (1 to 3) of the /g
% letter chosen. - )
; T
; In a similar fashion by randomly choosing 26 characters ’f‘ %
; from training and testing sets of boﬁﬁ OCR 'A' and OCR 'B' %
& . . f
é data the 3 three passages.were set-up. They will be referred 2
& . . . ,
I to as: ‘
% \ . e D
s . Pas (1,0CRA) e Pas(l,OCRg)
V: . ‘ : N ‘ ‘ -
4 o pas (2,0CRA) pas (2, OCRB)
_Pas (3,0CRA) o Pas (3, 0CRB) .
_ ' ' ] A .
In the - follewing chapters: the text recbgnitibn
- : I T

: . . P
' -experiments conducted using set-up passages mentioned above

will be descibed. ‘

7
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‘.constructed. Section' 5.3 explains how this?informati@n was

- ‘ CHAPTER - 5

SINGLE CHARACTER RECOGNITION SUBSYSTEM

'5.1 PREVIEW OF THE CHAPTER

Following preprocessing and féature extractibn . th;
Segond .stage  proceeds. This 1is the stagé, where the
preliminary recogni;ion or the classification of an ‘input
character is madé. This stage is called as Single Character
Recognition Subsystem or SCRS. Section 5.2~ deﬁcribes it in

more detail. To study the misclassification of input patterns

belong to different data sets confusion matricies were

RPN

gathered.

5.2 SINGLE CHARACTER RECOGNITION SUBSYSTEM (SCRS) g

. 3‘ . ]
As outlined in FIGURE 1.2, Single Character Recognition.

Subsystem °~ (SCRS) was tpe key stage of the proposed text
recognition system. This 1is the /;tage where pfeliminary
classificat;op of  the inhput pattgrnnwas done. In expression
1.3-4 for a given Xy (1 < i ¢ n), Z; can be; any of the 26
pbgsibie letters 'A' to 'Z2'. In SCRS the ’valdes of -
lifelihoods i.e.,lthe term P (X;/z;) are coméuted“ over these
26 letters for X;. Of these 26 values, the d-highest are
cﬁosen as td"alternatives ofﬁxi. The nﬁﬁber-o} aiternatives‘

is a vérigble and will be called as ‘depth oftsearch'. The

.
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h
o

depth of search will be denoted by ‘d‘. The subsystem does

not allow any rejection at all and thus indicates that all the

PR F i ,
legitimate pattern classes dre acceptable. Since we have *

alrea&y assumed that blank is perfectl? recognizable, .
therefore, by legitimate classes we mean that any of the

characters from 'A' to 'Z'. The design of the subsystem is
’ ¢ 1)

given in FIGURE 5.1-A,'ahd a sample of output from SCRS is.

given in FIGURE 5.1-B.

Let us consider the problem of recognizing input feature

vector sequence Xg,e¢.. X . From expression‘l.3-4

1
n+l

g(x)=1
i=

. : @ ' ’ [
0. .

Since SCRS is a maximum selector and considers every

/
character—independent to each other, therefore, qbe second

3

term in the abgve expressiof is a constant, thus we maximize:

' n+1l . /
g (X) = I 'log P(X;/Z;) | ces5.1-1
i=0 ) »

fExbression 5.1-1 is like maximizing without using context.
1 ' \

Again X0 and Xn41 2re considered as blank, thus one need to

maximize: ) ’ '

n - .

g (X) = I log P(X;/Z;) - | vr.5.1-2
O \ - ,

'Y . . !

Therefore, the functions of SCRS can be formalized as below:

\‘
N

1. Assume that feature vector of an input pattern X; is

[}

given.

2. Compute 26 1likelihoods - faqr class k, k=2,3,...,27, using

N
-, - 4

L]

ERRPA.

SRR TP -3 SRS PP TV
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P X
5

Leid
A

$x1}-- P(X/A) ‘ -
’ !
! 1 ’
;’ . . R L X2 -~ P (XK\B)
[ Bmcatd
J
: { Xxil g1
N A
| Xi2 lg2{ .
| g MAXIMUM
':‘ LY ’ 4 4
if 4 - 4
¢ * 1 p
? ‘ SELECTOR
¥ 4 4
- 4 ‘
’ & . 4 . 4 <
+ ' Xid .gd
g 1
(x/2)
; . |
- FIGURE 5.1-A: Design - ‘of Single Character - Recognition X
) Subsystem (SCRS). : :
‘l, [ . ‘ . * ' " . o
e . o ) i ' N r///"’v
« N .
. P 1 h; . .\ . | .
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SCRS

FIGURE 5,1-B:

3-Qrdered

BT Y AU U S

.79
° *
| 1ST CHOICE N -35.70 | !
) J
| {
2ND CHOICE. A -40.40 |
M [ [ 3
i { 1
3RD CHOICE] H -41.00 |
I"v e
hY {\

choices for
SCRS operating'on testing
data, i.e., subject 28.

letter A; output from

set’

from Munson's

'
W3

e $.7 "
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the expression 3.2-5 and select 'd;‘(l <d< 26) .maiimum
élternatives“fér pattern Xi. ,
3. If the sequence xl""'xn is to reécognize, consider d = 1
and repeat’ steps 1 and 2 for every X Maximizing .
expfession 5;1-2, each Xi w?}l be classified as Zi‘
' Concatenation of Z,'s, .for i=1,...,n will yield the
decided word. This decided word will be. called as

designated word in later references. These three steps

can thus be implemented as below: {

[

1
Comments: To accohplish steps 1 and 2, compute the elements of
= v liklihood vector 1ikli for the i-th pattern and find

:

d-alternatives,

"For k:=2 to 27 do

_Begin
For j:=1 to q do ‘

| 1ikli (k-1) == 1ikli (k—}) +.log P (xij/Lk)i

~

End; .

:

if 4 = 26 exit;
- . For k:=2 to é? do
Begin
"Far p:=1l to d do
Begin
. N

p i=-k=1; /* 1ikli (k-1) is the largest ' j

in the vector */

'

|
. i
1ikli (k-1) ':= -o0; /* very small quantity */ . ’i
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‘ The wvalue of '4'

End;

End;

-

Comments: To accomplish 'st;p\3, assyie that for every ki its
| correéponding recognized character is available from
‘ stééé' 1 and 2, Us}ng‘an operator CONCAT, c;nstruct

the sﬁfing‘s,lby concatenating the string already

formed and the current recognized letter L,

iv
For example, if .
o' ¥ y
S ay HA )
a, = re! '

a3 = a1 CONCAT aé

then a, becomes 'HAT®

o

-

if d = 1 then

Begin

-5

S(Ly. ) =1L, ;.
‘ a1 a1 -
~ For 1 :=2 to n do: O

4

C8(L. ) := S(L ) CONCAT L_ ; -
a1 - i-1y1 T :
End; ° : .
: {
EXPERIMENT - 1
o

}

should be 1 1If one needs to study the’

‘recognition pefformance at this stage. Thus for d = 1, the

n+l’
experiment was

input ;edhence XO""xn¥1 wil;vbe recoqnizéd'as'zo,...,z

where Z, and Z 4y are blank. For‘kd =1, an

conducted to observe:

" | - e “ o
A, Overall character recognition on both training Q;d.ﬁesging_

7 E o N

W
""i'»‘
4
E

b
£
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sets belonging to three data sets. )
B. Text recognition on all three sets of passages.
TABLE 5.1-A and 5.1-B show the result of these experiments.

>
©

As seen from TABLE 5.1—A, the results on characters from -
OCR 'A' data show a 100% recognition. Therefore, further

experiments were not conducted over it.

Training set of OCR 'B' data set obtained 100% charactgr'
recognition fate while the testing set gave 95.478% correct.._
It should .be noted that thé training set was very small (18
samples of each of 'A' to 'Z'), while the testing set was
fairly large (91 samples of each letter). Better reco&nition Ty
{ates, both,on OCR 'A' and OCR 'B' data, were obtained duefto
the gags"ghat they were macaine—printed single fogt

o characters. ¢ )

Overall mharacter“kecognition‘tates,both‘on training'énd N
' testing sets belonging to Munson's data are very low as :
compared, to those _obtained on OCR 'A' and OCR 'B'. The
)

{
. v
obvious reason for such a 1low performance was that ‘the !

' characters  were unconstrained and untutored hand-ppinted .

e

characters. To study wh%chxéubject's'handWribfﬁg deteriorates
the ‘results, the same experiments 'were repeated on every

subject of Munson's data.” These results are shown in

TABLE 5.1-B. : o - o -

3 , ’
E vy

Among training set, subje X appéared to have good

s
i

!

hgndwriting while subje;t 48 .éa ’ the . lowest recognition‘
! .y \ . \,4

R N
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’ ) 84 2
5o , . ) o
- - ‘ . »
. [N . ' -, T ABULE - 5.1-8 \ . i -
. ) . 4
Recognition rates on Munson's data obtained ST
. " .+ by using. SCRS only . : d
. : - . - (No Context) . - N
' . N o . ’ \ o )
Subjeci Character , Recognition Rate on Passages '
Recog. rate Pédsr1 Pas-2 © Pas-3
1 ' 2 - 3 ' . 4 , . 5
. N .
- e ,
: 1 - 89,359 91.073 91.217 . 89.964
4 2 . 8B.462' : 87.376 184,172 86.040
" :
3 . 96.154 98.738 - 97,713 98.540
4 84,615 B86.384 " +86.459 T 87.226
. . 52 - .
. S, s . 96.154 \ 93.327 . 96.157 - 92.974
. 6 94.872 + 91.794 94.511 91.606
7 93.590 _, . 89.720 92,589 89,325
8 ' 85.897 . 86.114 88.015 87:318
9 -~ 85.897 84.310 78.042 83.303
2 }/ , ) n
10 89.744 90.622 89.844 u‘ 89,325
. 11 . 8B.462 79.351 92.315 80.474
' , I 4 '
12 3 80,769 76.826 - 87.100 78.193
. " [
4 ‘ ) \
. , ___________________________:_ ____________________________________
. col. 1l: Serial number of“the subjects. l
4 . . " . R )
col. 2: Average recognition rate on character set written by
; ' ' corresponding subject (i.e., without passages being

constructed from them) .- : .
T

¥ ' B .
Columns 3, 4 and 5 list the average recognition rate without
] . R

[
e

¢ . hsipg context on Pas-1, Pas-2, and Pas-3 rgspectively.

I . A

-




./'\—7 .

' . | ' | '\ .
< \ oy L
TABLE - 5.1-B (CONTD): I <
' g | .
Recognltlon rates on Munson's data obtalned o
by using SCRS only )
, {No Context)
'sﬁbjedt‘ Charact;r' ,‘Rebognition Rate on Passages ‘
Recog. rate Pas-1 . Pak-2 Pas-3 )
130 52.308 91.073 94.023 90.055 .
14 - 89.744 81.605 . 90485 80.018
15 98.718 100.000 99,817  99.179
16 7 89.744 L 7+ 88.638 87.008 90.967
17 93.590 96.033 94,053 97.263
18 73.077 : 72.137 72.187 74.544
"19° < '88,462 . 89.270 /84.630 88.047
200 76.923 74.932 73. 102 77.829
21 8o.744 . 1 85.032  85.453 87,226
22 96154 96.664 96.432 98.358 ”
23 . 93.iqyf‘ © 90.532 95.608 90.055
24 _ 88.462 88.458 91.857. 88.869
25 - 82,051 > 88.188 87,283 88.139
.26  85.897 ° ' '85.753 - 80.970 83.485
© 27 87.179 88.729 '86.917 89.964
28+ 70.513 . 71.686 69.442 73.631 ;
.29 85.897 . 89.540 92.040 /89,872

- 30 ‘ 89.744 . 91.434 88.198 89.872

- e e e e e - — - —— e . — . — Y T s T . -~

* This subject is included in the testing set he was not in
training set, P

) . ! ‘J
- . d T

r
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" TABLE - 5.1-B (CONTD)

~

Recognition rates on Munson's data obtainéd
by)psing SCRS only
(No antext)
N e

_ﬁ_f:<éhbject Character Recognition Rate on Passages
Recog. rate Pas-1 Pas-2 Pas-3

31 93.590 94.500 = 92.772 192,609

, 32 92.308 _# 89.179 90.942 89.416
33 91.026 © 95.582 96.523 1 55.894
34 89.744 91,524  95.050 91.058
35 . 82.051 §3.769 . 85.087 83.217
36 82.051 " 85.573 89.296 86.131
37 83.333 79.892 71.455 . 79.288
38 92.308 92.155 92,498 ; 91.788
39 ' 85.897 84.941 87.283 85.128
40 80769 K 77.097 77.127 75.091
41 - 85.897  75.834 85.544 75.639
42 94.872 92.876 92,315 91.332
43 91.026 ' 93.147  94.785 94.069 .
T 92.308 92.155 88.838 © 90.785
45 88. 462 . 84.040  3.532 " 83.303
46 ’ 91.026 ©94.319  93.138 95.894 .
47 79.487 74.121 77.676 74.635
48 71,795 67.899 76.121  68.887
99 83.333 85.213  85.361 °  83.759

-
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rates.
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These resSults obtained by ‘SCRS vary significantly from

\

data to data, i.e., Ehey appeared to be data dependent. This_.

kind of situation can not be borne in practice. Using this

subsystem could we improve the recognition performance?

'Ton%saint [T04-77] described that possible answer’ is to

.

include the use of context. Using context, results shown Iby

Shinghal [SH4-79] reinforce this_ answer. . In the present

\

- study, we also used the context. In chapters’ 6 and 7

’ 4 s
postprocessing system which is based on contéxtual information

is introduced. : - ' .

Compu&;;;;;;:,;:;plexity - ‘

. . »
he computational complexity of SCRS is/a.function of n

selection of ‘'d° lérgest eleQEpts among 26

~
‘

(26-3) ...5.2-1

dompafisons. For a word of n letters®his quantity will be °

repeated n times, i.e., |

min(26-d,d) . ' .
n L (26‘3‘) . A010502_2
3=1 ~ |

!

If a word of n-letters is to be recognized at this stage, the

[T f
number of comparisons will be 25n (value of d =.1).

C\ , , . »
.

)

)

:)/.

1]

P4
i
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5.3. CONFUSION MATRICIES : N

. N hl

—

From the experiment-1-A -~ above,.” we gathered .the
informatien about every input character and/its corresponding
reéognized output. In pattern recognition terminology K we

recorded the .frequency distribution of any character to, be

" confused with any of the possible character classes. The

resﬁlting . two dimensional matrix was ‘calie¢ the confusion
matrix. As shown in TABLE 5.2, the rows, from top to bottonm,
are labelled 'A' to 'Z', designate the input to the SCRS. .The
columns, from left to right; age also labelled as 'A* to '3°

o

designate the possible correspgnding output; The eléﬁents of
thg matrix are the frequency count ofié‘given input.versus the
SCRS output for 4 = 1.. The diagonal (top left to bottom
right) givesll the frequency distribution of correct
recognition. TABLE 5.2 shows: the confusion matrix coqs;;ucted

from training set of Munson's data.

Similarly the Confusion Matrix was qonstrgéted from the
testing  set 'of OCR 'B' data. It is usuai “practice to
construct the confu;ion matrix from Fhe training set, but
since the tra&ning set was small and'gavé 100% character
recognition, Qe used the testing set té congtruct  the

confusion matrix. The confusion matrix for PCR 'B' data is

shown in TABLE 5.3. . \

Thus SCRS classifies the input patterns primarily. To

S
aid its performance the third stage i.e., CPPS is added. The
* ! k

. \7F
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’ CHAPTER 6

B

CONTEXTUAL POSTPROCESSOR

3
MODIFIED VITERBI ALGORITHM

)

6.1 PREVIEW COF THE- CHAPTER

In chapter 5 we recognized‘ the text without wusing
I
context 1i.e., wusing 1likelihoods only. This chapter and

-

chapter 7 investigate how the context can help in improving

the recognition performance. Thus the third subsystem CPPS

used contextual information for‘deciding the idéntity of the
input pattern. Section 6.2 describes this subsystem. Several

algorithms used as CBPS and the experiments thereon are then

‘described. The three passages described in chapter 4 were

used &s input text in these experiments. Section 6.3
describes modified Viterbi algorithm. The experiments
~ > ’ '. » - -

conducted, using this aogorithm are stated in section 6.4.

b

642 CONTEXTUAL POSTPROCESSOR (CPPS)

Contextual postprocessing subsystem (CPPS) is the third

stage of the proposed system. It is context aided text

recognizer. Performance of several contextual adlgorithms was’

tested at this stage. In all these algorithms we considered
English language to assume the properties of Markov process of

order one.

. P I T . b e hmmeen e g 5 - - LI R NPT S e S

4
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R N -~ ' !
When d = 1 CPPS does not take part in classification.
This is the sitvation where context was not used in

classification and the text was recognized by the SCRSoonly.

)
-

The algorithms investigated could be divided in two

categories.

. e
1. " The one based on Markov approaches [CHU~75, \RAV-67,

SH2-78, SH4-79].

2. The one based on Dictionary approaches [ALB-67, BLE-59].
. !

~

/
Markov approaches are far less expensive than chtfonary

-

approaches, but <&he character recognition performance was

poorer than dictionary approach [SH4-79]. To have 'a

compromise between the cost and the recognition performance ' a

combination of two methods, which can alsc be considered as
third category and called as hybrid method, was investigated

as well.

! - >

The computational complexity and the recognition -

performancecof the CPPS are depend upon the algorithm used.
So the complexity of the algorithms used, will be investigated

wherever we discussed them. The output from this subsystem is

P
the . text recognized by the proposed system using contextual

postprocessing.

The description of CPPS thus completes the design of the
proposed text recognition system. FIGURE 6.1 shows this

design, . . R

-

. * < +
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Now the qhestion arisew based on the mathematical model

. - &
developed 1in section 1.3; what kind of contextual information

v )

¢ >, ,

e e PR g

do we need?

‘

. .
N - .

a

¥

Referring back to pxpression 1.3-4, in ‘order to maximize

estimaté&d before hané. ~The probabilities p(xi/zi) are already

estimated in section 3.2.4. SeqtionA6.2.1 describes bow the

TR P N

probabilities P (ZOJ""Z +1) were estimated.

[ : ‘
q A 0

recognizablé; thus so would Z,

more precisely:

PAZg/%g) = P (Z41/%040)

and

P (2;/%;) = 0 for .l < i<

The character sequence

\\\\word and each character in the

- letters 'A' to vZ'. 4

P(Zyreeer2)) becomes the a priori probability of
occurrence of the word Zl,Zz,...,Zn in English lqnguagé. One

method of estimating P (Zl,...,Zn) is to assﬁme Englisp

N
e pms <. G et et st 1 bk o TR iﬁ;'&
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language to be a Markov sburce. If the text'is considered to

3 L it
be a Markov source of order one then tranhsition probabilities E

. ® cq s
of type P (Ci/cj) can be used. This ré%uires the probability
. & -
distp}butions chapacterizing transition probabilities. These .
N “

transitioh probability distributions can be estimated from the
. y

probability distributions. of N-grams. As shown 'by Suen . q

1 b,
[SUE~79] tﬁg N-gram probability distributions have been

. , .
estimated by many researchers. . i
- Y
. k)

L :“ ~.EBhe estimates of uﬁigram and bigr@ém probabilities as
P v ¢
given in TABLE 4.1 and TABLE 4.2 were ugpd. From these,. the
L v .

transition probability estimates were computed as follows:
B ’
o o .

P(C;/Cy) = P (C;,C5)y/ P (Cy) \ | vee6.2-2

Transition probability P (Ci/cj) is the probability J?

R occurrence of character Ci.immediaggly after the occurreﬁbe of g
‘ ‘ ‘ charac?er‘cj in English text. These est&mates,‘thUS computed, é
’ .‘ aré shown in TABLE 6.1. . . 4 ‘ ‘ e f'
J .
6.3 Modified Viterbi Algqrithr;\ (MVA) . '
# '\ ' e SV L e
“‘_ ; | Thé MVA proQideé an efficient method of finding the most
1ike1y: seqhence in maximizing a\postepiori probabiLi}iescand 'E
. . it makes the decision on one word at a time. . |

7

N '
) Toussaint and Chung (T02-74] proposed some modéfications
in viterbi algorithm and called their method as Modified

Viterpi Algorithm (MVA). The Viterbi Algorithm (VA) [VIT-67]

was 'prqbosed as method of decoding convolutional codes.

B
- ki
(3 . - '
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. ‘ {
Forney [FOR-73] extended it as a contextual text recognition
algorithm. The text reéognition capability of this aléorithm

. \ * ‘
was further investigated by Neuhoff [NEU-75]. ., He concluded
¢ N

.-that the algorithm provides computationally simple and fairly

accurate character recognition.

i} ‘ " ‘2
Toussaint and Chung . ([T02-74] considered Viterbi
algorithm as a‘ispecial case of modified Viterbi élgorithm.
Chung [CHU—75§'investigated it and Eoncluded thatf instead of
including all possible patte;; classes for inqu patterns in
the examination‘ oﬁe could concertrate on only a %ew most

probable pattern classes without ‘resulting in any

deterioration in the results.. The modified Viterbi algorithm

thus leads to a considerable saving in computations as

compared to the Viterbi Algorithm.

\

In the present research, MVA has been exténsivelyl used.
An ‘exhaustive description of the algorithm agrd its imple-

mentation procedure are included in the following section.

’

' -
6.3.1 Description of the ALGORITHM

So far X; was considered as feature vector of a pattern.

This vector belongs to some pattern and has to be classified

into one of the possible classes anyway. Therefore, in later.

references’ the words featufe—veétor and pattegn will be usgd
. v P

synonymously.

v
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Consider English .text wﬁiéh consists of a character set
" ' . ‘

comprising the symbol blank 'B' and upper cafe letters 'A' to -

K be the k-th character in the output text,. where

- ¢

Zk can assume any value in the character set.
- N A
A

To c1a551fy\ the sequence XO'XL""'Xn+1,the decision

YZ'., Let Z

’

rule described in seftion 1.3 requires to maximize a

posteriori probability P (ZO""'Zn+l/x0'""Xn+l)’

In general, one would have to compute and compare
P (ZO""’Zn$1/XO'"“’Xn+1) for all possible sequences
ZO,...,Zn+l.' If English language.is assumed to be a Markov

source, we need only to maximize expression 1.3-47

Following the description given by Shinghal [SH4-7 the

MVA 'is based on four assumptions given below:

”
P

1. English language 1is a Markov source of order r, for r>l.

‘Thus .

P {2y /ZyveeerZy ) = P (/0 0D gy weerZpy)

are named blank: all other, X

¥, L .
2+ - The patterns x0 and xn+l A i’

forji< i < n, are named with the letters.

B .
3. Words in the text are properly delineated, i.e., spaces

‘SY; always classified correctly, thus K D )
; \
P ('B'/X;) = 1 for i = 0, n+l : . ‘
and . .
P (*B'/X;) .= 0 for 1 < i < n \
. ¢ {
- l' c
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4. The process of character recognition is memoryless, i.e.,
. P(xi/zo,zl,..h,zn+l,x6,..,xn+l) = P (X;/2;)
Thus we will usejthese assumptions to equation 1.3-4 to
obtain the maximizing function for the experiments. From

equation 1.3-4

a

; n+l ° (
g({x) = ;;0 log P(Xi/zi) + log P (ZO""’Zn+1) , ...6.?-1
from assumption 3
N .
n . .
g (X) = 511 log P. (X;/2;) + log P (zo,.;.,zn+51 ee.6.3-2
* - ‘ N *
In assuﬁption'l if r =1 then" a
P (Zk/zl,...,zk_l) = p (zk/'zk‘l) ' 5--6-3‘3
. . ¥ N
* from assumption 4 .
\ n+l ' - :
{109 P (ZO,...,Zn+l) = 'z . log P (Zi/zi'l) N -.-6-3-4
y i=]
from equation’6.3-4 and 6.3-2 we get h
n n+l i L
g (X) = I 1log P (xi/zi) + I log P (zi/zi-l) ve26.3-5
Coi=1 i=] : o .

"

we called 6.3-5 as: the discriminant function which is used to

maximize a posteriori probabilities.
) ¢

«

The descr&ption is further illugtfated iﬂ FIGURE 6.2,
where a 3-letter word HAT with depth of search d'= 4 is
aséUmed. | The SCRS offered 'd' possible alternatives for each
letter to CPPS. .The information relavent to making<a decision

on, the word can be expressed as a directed graph. Except the

B Tt T U U R T ey
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1

'start' and 'end' nodes which are identified by the blank

character 'B', all nodes and edges have some probabilities

associated with them. The . edge probabilities i.e.,

P (zi/Z;—l) are the Markov transition probabilities and
° g

represent static information (see section 6.2). Thess node

3

probabilities which represent dynamic information are the

conditional prcobabilities P (xi/zi) (also called likelihoods).

From the figure it 1is clear that any path from the 'start'

node to the 'end' node represnts a sequence of lézters but not
necessarily a valid English word. Coﬁgider the darkened :path
in the same figure. Going through nodes 1, 2, 3, 4, and 5, if
the sum of all the edge and,node probabilities on the paﬁh be

taken, we obtain: . .

L3

g {X) = log P (Xl/H) + log P (XZ/A) + log P (X3/T) +

[ log B (H/'P') + log P (A/H) + log P (T/A) + log P ('B'/T)]

K

where the part of the equation enclosed in square brackets is

"

the contextual information.

*In above, if the wvalue of g (X) turned out to be the

maximum, then the designated word given‘out by the algorithm

\\will be the word 'HAT'.
\ .

\

\ * 1f instead of 'd', all 26 lettdrs of .-English language

a&e considered, the algorithm is reduced to Viterbi algorithm

[TQ2—75]. In this case, at each stage in the'seéuence, 26

most likely sequences. are computed. At the final stage the
\ Lt \

most ‘1ikely sequence is chosen.

v
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Thus from the set of the character alternatives, a set

1

1} . .
of alteragtive words are formed. Out of these words the

a

algorithm selects the most probable one. ' ﬁ}

6.3.2 Implementation of the Algorithm /

Excluding blank, all the possible pattern classes could
‘be considered as possible alternatives for the input pattern.
This consideration leads to the seperétion of implementation
process into two. main steps: 1invoking SCRS to get '4d',

1 <d< 26 maximum alternatives for each input pattern in the

sequence and then maximizing g (X). -/

[}

When 'd' (1 < d < 26) alternatives for ev@;y pattern X;

‘have been found by SCRS, the ra! most ,probable.

letter-sequences ending with 'd' alternatives of X, for

i [4
) . l l
1 <1i<n, are found by computing g (X). Of . these -'@d!
letter-sequence .the one which most probable in Eerminatiﬁg

with Xi4p — @ blank’ is the word .decided’ for the input

sequence XO'xl""’Xn'x This word .decided is the

n+l-
| designated word. The élgorithmlcan informally be explained as

. ' below: - S ; .
Steps ‘.

1. Iénoring blanks get Xl,...,xnf one lettgr-sequnce (word) ,
let its length (i.e., number of ietters in the 'word) be n.
.2. Invoking SCRS get 'd' maximum’' likelihoods and their

. corresponding letter alternatives for every letter in the

A}
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sequence.’

:

'

3. Compute the dwmagriminant function for each alternative of
first positién letter (i.e., xl)‘ given Fhat preceeding
character was blank (i.e,, XO).

4. If nl= 1. go to step 6. |

M '

. ’
5. Loop this step for i -equals 2 to. n, compute the

discriminant and kept selecting the most probable

sequences from position 2 to position 1 for sequence:

X2,...,Xi using their ra? alternatives and the
discriminant computed a position before. For position 2

=%he\position before is step 4.

¢

6. Compute. the discriminant that these 'd' alternatives.

follow <character (X was blank and output the one

n+1)
giving maximum discriminant as the designated word and

. l
output this word. : *

-

In the above algorithm step 1 is staightforward; step 2 is-

.

already explained in section 5.2. Steps 3 through 6 are

/ L .
formalized®as given by Shinghal [SH4-77]:

Step [Al-1}
T

Commenfs: This step finds the maximum probability that can be

‘constructed from the 'd' alternatives for each

+ letter position found by SCRS in step 2. It

R
A . proceeds position by position through the sequnce,

fiﬁaing at each stage the most probable striﬁg upto

and including .the currect position.

1

’f“‘.{;"_:.m e
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el 3 . /
/* Initiadize using the 'd' alternatives for feature vector X4

*/

-,

Loop-1
-

For j:=1 to d do

- .
Begin
Mp(L, ) := log P (Xy/Ly ) + log P (Ljs/'8"); '
.13 A
S, (L, ) :=1
17785 215 - .
End; /* Loop-1 */ v . '

/* skip to end-of-word processing if n=1 */
If n=1 then go te step [Al-2];

/* select the 'd' most likely letter sequences ending(in the

tat aiternativeg fér each feature vector X2, X3”"'Xn’ é
M; séves the values of g (Xy/Xyr.eerX;) and S; saves the g
alternative 1etgér~str§ngs. */ ‘ ® :
/* In the following loops, the subscripts: ’ %
!

i runs over sequence positions E

j runs .over alternatives for position (i-1) E

k runs over alternatives for éosition i *x/ %

+

Loop-2 '

W = T R

For i:=2 to n do E
Begin o - d 3

For j:=1 to d do
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4
for k:=1 to d do 1 )

= M, . (L ) + log P (X./L ) +
k i-1 ai-l,k i aij
I

log P (L f./L‘_ )i

, 'Mi(Laij) :=* MAXPOS (9yr9pr---r9q:W) 7

¢

S. (L

t= 8; . (L CONCAT L ;
1 aij) 1 { ai—l,u) — Ta.;

ij ;
| End; ?

Ll

End; '/* Loop-2 */
\ "

. | 1
Step [Al-2] .

.

/* Select the most likely letter-sequence at Xn+1 (blank) as

the designated word */

For k:

1l to 4 do
g, =M (L; + log P ('B'/L ;
k n ank) ank)

-

CMpeq BT = MAXPOS (9,,95r--+r94s4);

Stop as-the designatéd word 1is in Sn(Ldu)‘

\ | Following is the explaination of the symbols

1]

used in [Al-1]
and [Al1-2].

. . . .
- Ll,Lz,.,..,L‘z6 are the 26 English letters; i.e.,

L,=A, L,=B,

2 LI L26§T=‘Z.

: o

- MAXPOS is a function such that if

A Y
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o

c:= MAXPOS (91'92'°"’gd’u)

is written, c is given the value of largest gk,'l <k < d,
and u fs given Ehe value$gBf thé subscript k.  For example
if 9, is the iafgest lamong the g9,» 1 <k <4, thenc
becomes 9, and u becomes 2.

- CONCAT is an operator to concatenaté letter sequence,’and it

. is explained in section 5.2. ey

=,
[

.. o
In the procedure ‘above, when d = 26, the modified
Viterbi algorithm becomes the Viterbi algorithm. In such a

case the SCRS does not order the letter alternatives, as all

the 26 alternatives are being considéreﬁr anyway. The ‘other - 55
' ' -
special .case , is when d = 1. In t#hat case, it 1is like
B [ .
classifying without contextual informition i.e;, classifying
. ~N . .
using SCRS only. This special case ts already explained in
. section 5.2. ‘ .
o - L}
\
6.4 EXPERIMENTS WITH MVA/VA ¢ ' :
({ EXPERIMENT - 2 ) .
Using® MVA as contextual postprocessor (CPPS)k a
\ M B
text-recognition experiment was conducted using the set of
three passages described in section 4.4.
MVA used the expression 6.3-5 which assumed English
language to be a Markov source of ordﬁf one. The same .
, {? . '
experiment was repeated for different values of 'd'" in order
to find the maximum number of letter alternatives needed for
’\-
' e
N L SN S TITI L I i e T T SN I e e Saudedited e e adit W o S0 il e

o
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TABLE - _ 6.2-2

-
a

Recognition rates.obtained by using Viferbi Algorithm

Passage 6
Pas-1 ’96.664
Pasg-2 97.347
’ VR
Pas-3°  _ 96.077
N
N /
~
"
T oos

Sdbiécts fr?m Munson's Data

(MVA for d = 26)

-

a

©18 28

N

78.539 87.376

76.578 g3\074

-

- 80.383 88.230

]

} -
OCR 'B'
s
95.762
96.249
95.073

.E)"
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the best recognition performance.

%

-

The recognitidn)results obtained on the passages for

%

d.= 26, i.e., the case where MVA reduces to Viterbi algorithm,

are shown separately ip TABLE 6.2-A. Comparing these results
with -those givén' in TABLE 5.1-A, it was observed that
significant improvements in recognition rates are obtaidéd

: - ‘ ‘
with using context over not using it. It would further be
. clearer from TABLE'6.2-B which records the percentage of

improveffient with respect to the results obtained by SCRS.
v, '

—» The results of TABLE 6.2;B, thus show that contextual

® information helped in improving the character recognition

‘

‘}ates ‘to as nmaximum. ag 21 percent. Results for Pas—i and
Pas-3 are better than for Pas-2. The obvious reason is‘ that
.Pas;z doés'not repréesent a common English usage. Furiher, the,
improvement is more obvious if the recgénitién rate without
conteil (at SCRS stage) are low. °‘In such cases singce the
letters were badly . written and the‘; decision regions
l(likelihdods) were overlqppipg,each other, theucontFxt helped
in distinguishing the regions clearly and hence better
recoghtion was observed. While in cases, where the letters

~

wpfj nicely written, which implies that the decision regions

made from them were already distinguished enough, the tontext -

' 4
caused little improvement. :

*

Compared to subject 18; for subject 28, the increase in

recognition rate is very significanf. This owes to the

[ORPTR Y v emmmten A n A b Gy | R e | i S gy, et Sebignacd i stk

:
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Pefcentage gain in }ec6§bition rates by using

Passage

F{é s'—l v

o

L)

4 111

VA over not using Context

i

Subject$ from Mynson's Data

.
A ]

6 18 +~ . 28

. ‘ . P

5.305 8.875 21.887

v

”

6.083

i
e . . . .
. J
p '
L
“ -
Y
-
Lot
»
W’ 0
. ‘
\ . o
'
* . 4 *
N .
d . N \t

19.631

.

4
-
. " .
.
r
v .
s . <
i ST - & .
L

)

»

OCR 'B'

f

1.33% - .
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3 . T' A“ B L E - 6.3
Y ’ R : . — ow
L 2 )
" -‘j fecognition rates obtained by using
_ & . Modified Viterbi Algorithm
J 5 Ay . v v : .
—_— ’ ' ) Subjects f.r'%m Munson's data OCR 'B' .
K A . N .
, 6 18 . 28 .
Passige Depth ‘ - .
. v e
Pas-1 2 Ivés.491 76.014. 87.015 94.299
. / ' '
3 .95.401  71.547 87.286  95.762
. 2 } Co 4  96.664° 77.547 87.376 95.762
5 96.664  78.629 87.376 95.762
6 96.664  78.539  87.376 ~ 95.762 .
I Pas-2 2 96.981 75.480 82.708 95.608 .
3.  96.981 76.578° 83.440  96.249
‘4 97.530  76.395  83.074  96.249
‘ . 5 97.347 76.670 83.074  96.249
o \ - 97.347  76.670 83.074  96.249
 Pas-3 P2 95.620 77.464 88.047 93.522
3 95.620 , 79.745 88.321  95.073
" 4-  96.077 79.197 88.230 95.073 ' - .
.5 96.077 80.474 88.230  95.073
6 96.077 80.383 ° 88.230  95.073 ‘
[ 3
N /7
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v

e correct ‘recognition of frequently used letters (e.g., R, S,

and T) at SCRS-stage.® If the most frequently used letters are
{

. o, 4
correctly recognized, the context will help in recognizing
letter-combinations (bigrams) made with them.
B ' . : :
' TABLE 6.3 shows the results obtained from MVA' for

, /
2 <d £ 6 on the same passages. As seen from the table the

k]

¢

] optimal value of the parameﬁgr 'd' is 4., | If the rates
obtaiﬁed_from SCRS were better (over 90%), the rates given by

Y ' s
CPPS Osing MVA get stabilized before 'd' reached the value of

4. As 'd' increases 4 we did not observe any significant

improvement in jthe results. . “

- Computational Complexity of MVA

Using the method given by Shinghél [SH4-79] the

A

computational complekity of theuélgorithm.is:
(3d - 1) (1'+ (n - 1)d) ) ce.B.4-1

where d(3d—15 computations are needed for d-alternatives of 2

letters; 'd' additions to evaluate the probability of a letter

beiﬁg‘followed by a blank; and (2d-1) computations to evalute

>

that "a blank _follows .'d' n-letter sequences. Th% amount of
computations required-in invoking SCRS 1is already given by -

equation 5.2-2.

Thus for three possible cases of the algorithm, the

~ H

amount 6f computatians will be:

PP RATI AT gt et and e
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for d = 1 ' 0 o ‘ ¥
o as given, by equation 5.2+<2, this amount will be 25n, since ?
the‘dynami¢ programming is not ﬁone. ‘ '
. ’ . ¢ ’ .
for 2 < d < 25 o o ‘ . T
B ; . . ‘ L Q L ‘
the .amount of computations.will be ] . N p
: . Min(26-d,d) _ ‘ , ‘
¢ nooz oo ~— (26-3) '+'(3d=1) (1+(n-1)d) eee6.4-2
- . ¢
' ,for.d = 26 . ' : . L
' the SCRS invoked, without 1letting it do any ordering, ' 5
therefore,\the value " of eguation 5.2-2 will be =zero.
. . 1
. _Substituting. d = 26 in equation 6.4-1 we get ;
77 X (26n -25) , | e 6.4-3 ¢
The wuse Jf contextual information is further studied in . .
chapter 7.
[ a &+ . . . .
, .
3 \ v \ ¥ %
. - : RV Ay ' , k
.- 4
) . Wi
r " b ! ~ :
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[
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CHAPTER 7 0

- }

‘ ' CONTEXTUAL POSTPROCESSOR

v BLOCK DECODING AND HYBRID METHOD

t

7.1 PREVIEW OF THE CHAPTER

1

This chapter further ‘investigates the contextual

algorithms. Bloeck decoding algorithm investigated by earlier
kY . ' .
researchers [DUD-68, TO01-72] is described in section 7.2.

Using é"this method the same text recognition experiments were

repeated. Introducing several improvements in this méthod an.

algorithm known as Imbricate-Block Decoding algorithm (IBDA)

is proposed which 1is described in the same section.

Dictionary method and the experiments using this are described

o

in section 7.3. Section 7.4 describes a hyBrid‘ method which

is a dombinagion of dictionary method and MVA. This section
X : .

further describes the experiments conducted using this method.

~

Section 7.5, in the last, g¢oncludes the performance of

different contextual algorithms discussed in this.thesis.

-
3

.7.2  BLOCK DECODING ALGORITHMS

Duda™and Hart [ﬁUD—68] introduced the concept and hade a-

-

decigion on a short sequence of characters, by considering

alterhate choices for the charagfer in question- with their
. »

confidences. Toussaint and Donaldson [TO1-72] applied-

suboptimal block contéxtual‘éecoding algorithm to hand-printéd

L]

e - .
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4 ]

. .character recognitién, which searched over only the most

probable bigrams and trigrams. In section 7.2.1 we used these

approaches. Section 7.2.2 describes 1improvements in this
algorithm. ' ' o .
. :

©7.2.1 Block Decoding Algorithm (BDA)

This methad is similar to Several previous approaches

[CHU-75, DUD-68, TO01-72]. All these appfoaches, usually

listed under the common name of Block Decoding Aigorithmé

(BDA) . )

In this method a sequepée, say, xl;...,xn of patterns is
divided.into several blocks of 1ength'b21, where 'b' s not
necegsarily the'size of the sequence (word). The value of 'b'
is decided by the user. This method is a pseudo Markov methéd
as it assumes that each block is independent éf all othe;
blocks. For eafh pattern  in a block,\ é set of possible

alternative classes is considered. The .algorithm then selects

the most likely sequence for the block by maxihiziﬂh - some

function for each 1letter-sequence (i.e., decodes the input

sequence) . The function is biaged byu adding the log

transition probabilities. The formal description of this

- ¥
T N

algorithm is given below.

The algorithm can be formalized into following steps.

Steps C B /
1. Assume fFhat X, ,X,7400,X% be the input sequence of n
. 1772 n )
)
'patterns.J e

et W T

i
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l ' « . . . .
2. Invoke SCRS and select 'd' for 1 < 4 < 26, alternatives
for each pattern Xi- This step is already explained in

section 5.2.

3. Approximate the N-gram by a suitable approximatipn of a
sum of low order ioétﬁfobabilitieﬁgl
. /.

—> ,.Step-B made the algorithm more'general in the sense that

Ay

it does not reduce the N-gram to only one type of product

"approximation as is the case "with Markov assumption. _For

example, assume the same three letter sequence i.e., the word:

1

'HA*', is to Be recognized. Using bigram probabilities one
( o '
can compute C(X) where

[

. C(X) = log P(X,/H) + log P .(X,/A) + log P (X3/T) + log P (HA)

2 >
+ log P (AT) _ cee7.2-1

instead of bigram, if transition probabilities be used the

function C(X) will be:

"

c(xy = log P(X,/H) +'iog P(XZ/A) + log P(X3/T) + log P(A/H)

‘
<y f

+ log P (T/A) . : ‘ eesl.2-2
If Markov assumption is used then the function C(X) will be

é%x) = log P(Xl/H) + log P(X2/A) + log P(X3/T) + log P(H/'B')

14

It has been shown by/Toussaint and Donaldson [T01-72])

that other approximation (HAT) can also be used. They

further reported th the us trigrams instead of bigrams

accounts for 80% of the, improvement.

v P4

Ty 50 3 Pl 18 s 3 3360 R

+ log P(A/H) + log P(T/A) + log P('B'/T) co.7.2-3

i
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It should be noted that the approximations 7.2-1 to
. ¥ . '
7.2-3 hold within a block of sequnce only.’ If the sequence is

P 9
divided into more thgq one blocks and expression 7.2-3 be
used, the approximation over the entire sequence will not be

exaqtiy Markov, since the, blecks are independent. In our
/’ﬂ'\a.
experiments we used expression 7.2-3. ) / \\1
' ‘\/ .“fc‘
. ., Ceel
Using this expression the algorithm was implemevﬁed as =, °

Ky ¢
’

’

. follows: . _‘ ,

Block Decoding Procedure

“\\\ Comments: The . procedure includes 3 steps;’  namely:
. - .,
) ) initialization step, decpding step and the decision

step. y

The procedure divides the input sequence into 'b!

¢

qucks, and invokes SCRS to obtain 'd' alternatives .

=
£

for each pattern in the block. It then decides the
K identiity of all patterns in the block by maximizing

the function C (X)! S

/* ' Define the following variables:
b := block size

strt:= starting position of thf sequence which ie& being

.. e

Cevr .
LA S S

’ processed .

k := counter for number of sequences made*/

¥
,i
"
.
'

° B -

&

‘ €
/*initialization step*/ ' \

o,

© .
.

strt := 1; wrdleft := n; k:s 0; . : co. . |




’Step—l

sT-1 ¢

Begin /* it is the first pattefn of the Sequence */

f\_

119 e

-

/* initialize the block using 'd' ‘alterhatives for each

4
pattern */ /’ ~

e

if b'> wrdleft then b:=wrdleft;

BLK (d,b) :='GETBLK (strt,b,n):;

/* GETBLK is a procedure which gets the block of "b* patterns
from sequence of n patte%;;ﬁ from strt position and

a

saves it in matrix BLK */

Step-2 4 ! . v

/* decoding step */

/* This segment finds the heighest probability. that' can be
, constructed 'from_ the 'é' ,alternagives' for each letter
position in the block. "It proceeds position by. position o
through the ?lock, in the 1last stage fipdiné the most
probable string ofvlengfh_eéual to 'b'. Thus the decoding
process is b—sfaée process .and at stage i ; new seguence
upto and including position'i is formed. Thus to decéde a

block of. sequence of length 'b', with each pattern having

]
4

d-alternatives, every stage is repeated. ''d' times. The

+

Vo

'b' stages are ST-1,ST-24...,ST-b */

if strt = 1.then

<
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For jl;=l to d do

Begin . M

¢

9(3;) :=log P(X;/BLK{3;,1)) + log P(BLK(3,,1)/'B"));

7 . . .
?1(BLK (Jy.1)) := BLK (3y,1);
if n = 1 then
Begin '
k := k + 1;

4
M (S1) := g (3y);
k

s® .= BLK (3,,1);

 End;

Else Begig /*it 1is other than the first block of the

. ) sequence*/

For jl:=l to 4 do

Begin

9(Jy) = log P (Xg /BLK(3;,1));
S (BLK(3;,1)) := BLK (31,1
- End;

End;

, ST-2 /* construct the g(b-1) sequences */

if n =1 thenvgotovST—B

“

for j;:=1 to d db /% 2<i< (b-1). */

¢

t

begin

2

Ml B s e

2. P i

B o 3t
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‘g(ji)~:= g(ji_l) + 109 PJ(XStrt+i-l/BLK(ji,1));

Si(BLK(jiri)) = \B’LK/(jiri);'

if b > (i+1) then

g(jy) =9 (j;) + log P (BLK(ji,i)/BLK(ji;l,i—lr

ST-b

!

/* It is the'last stage. At this stage the 'd' strings qf 'b’

s kept. The operator CONCAT has the same function as

K

letters are constructed and the one which is most likely

described in section 6.2 */

for jg;=i to d do ‘
begin
g3 = gldy_y) + log P(Xgp . p_1/BLK(i.b));

¢

I - - -
Sp.(BLK (/b)) 1= BLK(jp/b);

bﬁijb 2= g(3p)i

End;’ /* Stage b */°
k := k + 1;
/ N
Mk(sb? := MAXPOS (templb; tempzb,...,tewpdb,u)r

’ 4
> ' CONCAT §, (u) ;

Boastrt+b-1 = Sgastrt-1
End (i); /* end of 2<i<(b-1) stages */ . . .

S;(BLK(ji,i)) for 1< j; < d; 1<i<b;

is

-

4 .

the étring constructed from the ietters in the block while

. - /
going through all 'b' stages,. S, is blank.

o

e WAV edataen
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/ S
S ] \

/}SK represent the string against maximum‘g(jb)'s.
b-1 '

Thus g such strings will be constructed when, all these b

stages for a sequence of "b' patterns with 4 alternative each,

are executed.

el

Change the values of strt and wrdleft as 'b' patterns

among n have been processed; such that strt+b-1<n. ﬁepeat

-

steps 1 and 2 until the 'entire sequence is finished.

Step-3 /* decision step*/

Comments: The steps 1 and 2 are repeated until the entire

"~

sequence is decoded. Thus steps 1 and 2 construct

db-l

seduénces. The decision step selects the one
o which is most likely to occur. The function MAXPQS,
as described in section 6.2, searches the maximum

among several given values (in this case k values)

b

A (K Ny e e«

and also locates its position.

- —

for p:=1 to k do Co

T A

begin , .o

T X ST

\i Gp :=’Mp + log P.(‘)zS'/(Sb - sb_ly)

énd; L,
' i T a ’ ‘ ]
M := MAXPOS (Gl'GE""'Gk’u); é
o S , . . i
stop as the deflgnated word is in Sl* Stri+b ending with a

blank.
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Experiment using BDA (EXPERIMENT - 3) .

/

4

Using this algorithm :as CPPS the text recognition
experiment ‘was repeated on set of three éassages. The results
L ‘

obtained are shown in TABLE 7.1. . ' ?
4

As seen from the table, the character recognitién rates

those obtained from VA and MVA. This method took the maximum

“amount of comparisons (see below  under . computational

complexity) and storage among all algoréthms discussed so far

"in this thesis. For block size and depth (2,2), (2,3), (3,2)

and (3,3) results are very poor, -even lower ' than those
obtained by SCRS i.e., without wusing context. The obvious

/
reason was® the independent nature of blocks. The results

however, get stabilized for’d = 4 and b = 5 which )are better

than those obtained from SCRS, but at the expense of heavy

complexity and enormous memory. The results are still poorer
19

than both VA and MVA at d = 4.  As an example, for d = 4 and

b

(1,Mun28) was observed, whereas VA has given 87.376% and MVA

3

has also achieved 87.376% correct recognition.

. ' This dlgorithm doeS not seem to have any merits except
the facilty to use any discriminant function at the decoding
,step.‘ For example we can'uée any discriminant function among
7.2-1 to 7.2-3. Computation and memory requirements are

+ {

[ R . . . ¢
enormous and they increase exponentially with increase in '@

e B &

5, 85.392% correct character fecognitipn rate on Pas’

1
5
i
{
H
%
¢
5
p
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' “TABLE - 7.1 -
- ot - l . i ' 5
, L
. Y Recognltlon rates obtalned’by using
' ' Block Decoding Algonthm LT
r—‘m‘\ Ll © . ' N
1 ‘ ~f i
. ' . P ' : N C ‘ '
Subject 6 T . - R %
' - ' ’ oy, .l . \ “ H
' - : depth of search 3
’ - ) ¢ ' .
Block Size _e2 . 3 4, - 5 '
- y Pas-17 2 .. 86.835 86.835  .86.925 86.925 :
, 3 ' 89.360  89.350  90.532  90.532 i
{ ’ 1 C . ' v ) L R !
o S g ‘ 92,606 ' 92.606"  93.508 - 93.508 \
{ b :
;o ‘ : 5 ©93.327 * - 93.327 - 94.590 94.,590 i
v .‘ * ‘i. M
. . . ‘ . , - N . é
- 3 ' Pas-2 . 2 87.374  87.374  87.557 87.557 g
g . ©3 92.864 - 92.864  93.321  93.138 : g
e , ' 93.2%0 93.230 93.596 93,596 3
. . o _ > . i
5 95,425  95.425 95,883 95.883 4
' i 5
| ’ | ‘
—_Pas-3 . 2 84.763 84.763  84.945  84.945 4
B - . . . r
n * o Fd '}4
3 90.237  90.237 90,602 ' 902602 :
‘ ‘o .4 92.153  92.153 92,518 92,518 '%
5 T 93704 93.704  94.069 94 4069 .3
71 ‘\ . 't '&‘ *
§ e . IS k
| S |
- ' ‘ ‘ ’ a' ’.
. l ..
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TABLE - 7.1 (CONTD)’

. ‘ s

Recognition rates obtained by using
Block Decoding Algorithm

PR T

s
~ 3! . R
,Subject 18
- depth of search : h
. 4+ . Block Size 2 3 “q. 5
Pas-1 . 2 65+915 66.456  66.456_  66.456
-3 70.604 71.506 71.506 72.317
\\\ 4 73.219 74.301 74.301 °  75.203
A t
: .5 ' 74.482 75.383¢  75.383 76.465
] \ i . ‘ .
\ Pas-2 2 - 68.344 68.344  '68.344  68.344
. ‘ , "4 .
3 71.455 72.461 72,461 " 72.736
¢ . . N .
4 73.559 74.016 74.016 74.219
5 74,108 75.023 74.840 75.114 "
. / ( ' ‘ .
.Pas-3 2 68.431  69.434 69.069 69.7252
C, 3. 72.536  74.453  74.361  75.364
: y ! )
4 *75.091 76.825 76.460 = 77.737
5 75,912 77.920 77.463  78.650 ’
, ", 12 . N‘ ' [y
. .
.} . \
. ‘§’ I Pl . -
- N . -
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TABLE - 7.1 (CONTD)

\
Recognition rates obtained(by'usihg , ,
Block Decoding Algorithm . . ‘ C

~—

- Subject 28 _
' debth " of - search
Block Size - 2 ‘3 4 .5
© Pas-l 2 78.269  77.998  77.998  77.998
- IR 81.425 81.785 81.785 . 81.785 P
. 4 ‘ | 84.130  84.310  84.400 84.400°
: ° 5 85.032 ° 85.392 85.392  85.392
) \ - .
§ Pas-2 2 Q 72.370 72,370 72.370  72.370
% ' | j 3  78.042  78.957  78.683 . 78.683
% R 4 78.866 - 79.506°  79.506  79.506
5 . 81.244  82.068' 81.702  81.702
- .Pas-3 2 | 76.369  76.186  76.095  76.095
-3 82.664 82.938 82.755  82.755
LT 4 83.759 . 83.850  83.850  83.850 SR
FE . s 86.040  86.040  86.040  86.040 - |
: , . : - L
o ‘& f
#
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B ABLE - 7.1 (CONTD)
“~
. Recognition rates obtained by using
‘ X " Block Decoding Algorithm . ™~
B A
‘ .
\ . .
OCR 'B'}
4
depth of  search : ~
- b Blocdk Size 2 3, 4 5
o Pas-1 2 84.941 85.663 ° 85.663 85.663
° . ) “ ~ .
~ 3 88.638  89.360. 89.360  89.360 .
. o S 90.983 92.335 92.335 92,335 :
o 5 ¥ 90.606  93.598  93.598  93.598
o | Pas-2 2 ~ e6(de3 87.459' 86.459  86.459 . i
' ‘ | 3 91.425  91.674  91.674  91.674 ;
' T, 91{857  92.498  92.498  92.498 g
_; :':" R ) ' ' ‘ {:’:
- — 5" 93.962  94.602  94.602.  94.602 :
‘ ‘ . :g;
Pas-3 2 . 83.759 84.215 = 84.215 84.215 ‘
3 88.412  89.690  89.690 ° 89,690 ' &
4 ©90.146 ~ 91.332 91.332 ° 91,332 . p
5 91.788  92.883  92.883  92.883

. L !

2
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fof the same size of word.‘/k

‘Computational Complexity

s 4
Considering the block size 'be 2 and assume '4d'

alternatives be available then the number of comparisons and

additions required to decode this sequence are respectively,

L4

d(dﬁl) and 2d2. Thus the amount of computations required only

by decoding proceduré,is: /) ¥

a2 - d + 2a° o
4
“or 33% - 4 \

4 s

For é&ampie,taif b=5 then d (d° - 1) and 53> will be the
number of comparisons and ‘additions respectively; thus the

amount of computations required is

-

a@? - 1) + sa°
5
or 6d° - 4 d ;}
or in general
b _b-1)a ° - c..7.2-4

(b + 1) d

This amount is still much lower than the one computed b§
’

Chung [CHU-75].

Thus for an input sequnce of n patterns the amount of

computations will be ' .
I n/p 1 -1) x ((6¥Y 6P - (b-1ya1 o
+ [(b'+1) @' - (b'-1) a4 o : .e.7.2-5

I—h/b~1 is the ceilinq/of the number i.e., if n = 13 and b =5

e .r . 2
.

ELd

A

B A i ek e, W
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thenL{—n/b_—i will be 3.
Second term in equation 7.2-5 is the amount .of computations

for the last block apd 1 < b' < b,

t
-

7.2.2 1Imbricate Block Decoding Algorithm (IBDA)

Block decoding algorithms did not geg‘their recognition
because of heavy COmplexity, and excessive time and mehory
requirements. Keeping these three factors in view we
investigated this algorithm further and by modifying the' basic

'we proposed a modified algorithm refg;f@d to as

assumptions
Imbricate Block Decoding (IBDA)t This algorithm assumes
Markov dependenge and proceeds in blocks of lenéth 'b'. From
this assumption, while ggching (or recognizing) the sequence
contained in the block, we need to overlap the consecutive

blocks. This assumption thus does not allow blocks to  be

independent any further. The value of 'b"™ is decided by the

‘user and- it is 'not necessayily be the size of a word. v

v

Efficiency in storage, computations angﬂ recognltion

performance is realize@by: -~

<. A. Similar to BDA defining a depth of search parameter 'd"

? ) 1

where 1 < d £ 26, to reduce the number of possible

. classes. '

A

.B. Assuming the Markov dependence over the entire sequnce.

-

C. Approximating the N-gram by a suitable approximation of a

sum of low-order log probabilities.

-
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* '
e

If 4 > 2 then reducing thé number of alternatives to ‘d';

where 2 T¢ @ <d through a pruning algorithm described

later in this section.

It is "important to note that the point 'C' is not algorithm

dependent. The“algoritﬁm is described below:

A\‘ N

Steps

1.

A : e
Assume xl,xz,...,xn be the sequence of input patterns,

where n designate the length of the sequ%nce; assignn to
a variable, say, wrdleft.

L 4

Invoke SCRS and select 'd' alternatives for each pattern

Xi. ﬁ

Let 'b' be the size of the block, its value i®w  heuristic

’

and is decided by the user.

If wrdleft .< b then b: -wrdleft, i.e., if length of input

sequence js less than black size then set the block size
to wrdleft for that input sequence.

. -
Invoke the procedure GETBLK to get a block of 'b' letters

with their 'd' alternatives ' from inpute sequence. Its

format is

GETBLK (strt,b,n); I . .

.

where sﬁft .is the positional value of first péttern of

block in the sequence.

Ifn=10r d¢ 2 or b=1 skip "the PREDECODING SCAN,

otherwise pass the block through predocoding scan to keep

the most appropriter alternatives only. This scan, as

-

[ P

P e

L S

LR LT T . S

d
#
2
z
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described below, holds at least 2 alternatives for ‘each
pattern, except the first, in the block.
/
7. Using the expression 7.2-3 select the most likely sequence

out of d X (d‘=2)b‘—2 (in best case) or ab-1

{in worst
case) possible sequence. If n=1,2" or b=1,2 then 'd' *
sequences will always be formed.

8. If n 1is greater than 'b' then after deciding on 'b'

patterns go to step 4 i.e., shift the block by (b-1)

. patterns (visﬁall?f, while keeping the decision about the
b-th patterv along with its é; altérnativés. This means‘
that new block of 'bt patterns'(br less, if the length of
séquence left is smaller than b) is constructed with thej | -
b-th pattern with its dg alternatives as the first column
and next (b-1) letters, with their ‘g alternatives for -

its subsequent columns. If b=1 then shifting is done by

one block and current block is considered to be dependent \

¥
R N S S

.upon the previous block.

9. Repeat the steps 4 through 8 until the decision on the

entire sequence of 'n letters is being made.

Q

%
4
4
ks
G
B

e
<

To ‘implement the algorithm we adopted the similar

. prockdure as described for BDA. The‘only difference between
two was the step 6 i.e.,‘thé—predecoding scan, and the step 8.
Frpm step 6, the '4d' altérnatives for every feature vector

< \ were reduced to d}, where Zgﬁgid, and 2<i<b. Thus the b

) . . .
“ %gtages of decoding does not have to repeat themselves, 'd!

v times each. This procedure is described below. From step 8,

—— A
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L4
i.e., . shifting the block by (b-1) patterns, 'the Markov

assumption was implemented. Rest of the details were the same

as described earlier for BDA.

5

Predecoding Scan

. AN .
If the depth of search 'd' is greater than 2, then to

reducle the computat'ions and to eliminate the \ number of 1less

4

probable: leﬁte( sequences, the blocksof 'b' ba terns with 'd’'

alternatives each, is processed throuéh a predecoding scan.

‘This pruning is done by proceeding from left to right and

calculating the sum of 'd' (maximum) Jikelihood wvalues for
each pattern in the preceeding column to be followed by each
patternuin the following column and the contextual information
abcut them. That is

g\ (X):= log P(X;/2,) + log P(Xy,,/Z1,,) +

log P(Z;,,/2;) C ...1.2-6
for 1 ¢k < d,a> 2

»

is computed. The pattern alternatives corresponding to two

max imum g&(X)'s are retained in the following column of the

block, and the rest areleliminatedi This érrangement further

reduces éhe' number of 'd' alternatives (initially) to a

'manageable size (less than d for each Xi; max imum 'd().

l This predecoding scan ¢an be formalized as below:

s

g n e T T

N

?
‘
¥
3
B

.
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Comments: This proqédure reduces the 4 (d >.2) alternatives

. " for each letter to d' where 2 < d‘i d.
if d > 2 then
.Begin : ‘ ’ | a

for i:=1 to (b-1) do - 1§
.Begin

¢

for K:=1 to d do

gy (X) := log P(X;/Z;) + 1098 (Xy,1/Zi4y) +
: log P (2,1/%;); ‘ ° ‘e
For %:=1 to 2 do
BLK(u,i+1) := MAXPOS (Iyrenirdgeu);
End;

End; u 4 : . b

Experiment using IBDA (EXPERIMENT - 4)

1

Using this algorithm, the text recognition experiﬁent

- was conducted on the same ‘seé of 3 péssages. "The resd&£s
obtained are shown in TABLE 7.2. The " results shown are
?ncouragingly better than block decoding algorithm (see TABLE

"7.1) and are very close .to those obtained by MVA.

i

As seen from the table,\the values b =5 and d = 4 gave
‘ ~
the better. recognition -rates. For these values character

recognition rates for 3 subjects and OCR 'B' data were:

AN
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' Recognition rates obtained by using
Imbricate Block Decoding Algorithm

T - Subject 6

depth of ;s search’

) " Block Size 2 . 3 4 : 5 Y

‘Pas-1 2 " 9s.221 '95:221 | 96.483  96.483

K 3 -, 95.311  §5.311  -96.573  96.573

4. 95.221 95.221  96.483  96.483

v s ™ 95.401  95.401  96.664  96.664

Pas-2 L2 96,798  96.798  97.347  97.347

3 97.072 + 97.Q72,~ 97.621  97.621

4’"‘g§~' é%:?és . 96.798  97.347  97.164

5 ' 96.889  96.889  97.438  97.438

Pas-3 2 - 95,073  '95.073  95.438  95.438

' ’ ?  95.347. 95.347  95.712  95.712

4 - 95.347 95.347  95.712 95,712

5  95.529 95,520  95.894  95.894
t

b |

¥
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TABLE - 7.2 (CONTD)

i
' i

Recognition rates obtained by using
‘Imbricate Block Decoding Algorithm

Subject 18

N

- . depth search
“Biock Size - 2 -3 4
Pas-1 \ 75.303 76.014  76.014
re 3% © 75.834 76.465 /76;375
) L s 75653 76.646 76.646
5 76.104  77.096 77,006
"pas—z, 2 75.206 75.663 75.663
' 3 75.663 76.304 76.304,
' 75.389 75.938 ;51845[
.5 75.572 76.487 76.487
Pas-3 2 76.642 78.650 78.285
o 3\5\7 77.190  79.288 78.741
4 77.281 79.288 78.832
& 5 . 77.372 79.380 .\ 78.832
\
* .
. -
. _ o
- .

5

76.104

77.187

77.728

77.908

75.663

76.578

76.121

76.761

78.467
79.836

80.018

80.109
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TABLE - 7.2 (CONTD)

Recognition rates obtained by using

Imbricate Block Decoding Algorithm- . .
‘ ' ‘ ’ u(: . -
< .. , Subject 28 ' o 0
l ~6epkh of search
‘Block sizé i "2 -4 4 5
Pas-1 . 2  86.114  86.023 " 8s.023  86.023 \
3 " 86.925 87.466  87.466 " 87.466
' ¢ ' 86.745  87.196 - 87.196 87196 ]
) ‘5 - 87.0l5 .87.466  87.466 87,466
Pas-2 - 2, - ' ..80.238  g0.512  80.512 . 80.51%
: 3 ~81.701  82.800  82.068  82.068
i [ ' 4 ~ 81.976 82.434 82,434 82.434
T 5. & g2.302 " s3.166  82.617  82.708 o
o T e
\ ;  Pas-3 2 86:679  86.314  86.131  86.13 W
SRR o
. \\5 .3 | 87,774 87.774  87.774  87.714
. 87.682  87.956 . 87.774, " 87.774

- ~5 " 87.956 88.047 87.956 87.956.

Y ' : | SR \
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TABLE - 7.2 (CONTD)
Recognition rates obtained by using -
, « Imbricate Block Decoding Algorithm - ' ’
‘OCR 'BY -
) depth of search ’ ’
{ s : ’ .
oo Block Size T2 T3 4 - 5.
‘Pas-l . 2 . 94.229 - 95.221 95.221\ - 95,221 C.
& . .
% 3y 94.229 95.221  95.221 95.221
) 22 >+ 22 :
. ; 4 94.229  95.491  95.491  95.491
: Votes ©94.229  95.491  95.491 95,491 —_
2 i i ' ' e . > %
: ‘ ‘ ‘ - C ) g
; Pas-2 2 95.791 “ 95,791 95.791 96.249 .
*‘-i N ' v : . ‘J;:
! 3 - 95,700 95.700 95.700 96.157 X
» . I - | oo :
R 4 ‘ 95.608 95.608 95.608 96.066 4
. 5 95.608 . 95.608  95.608  96.066 -
\ : . \ .
Pas-3 2 93.613 94,252 - 94,252 94.343 i
-~ . \ . N ° ‘ *;’
3 93,613 94.343 94.343 94.34; &
: ' 4 93.522  94.708  94.708 ~94.799 *
: 5 ' 93.613 94,526 94.526  94.617
; . o . ' " ’C\
. q N ‘ . : A ' A " . ‘
1 . ! ' . Co. / N
' . . . . , A
i . S T . , ‘ f " l 4
*me
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'

, ' v ‘
i (Pas-i,Muns) (Pas-i,Munla) (Pa§-i,Mdh28) (Pas-i,0OCRB)

. 1 96.664 77.006 87.466 95.491
-t M 97438 76..487 82.617 95.608
" .3 7 95.894 . V8.832 87.956 .94).526 . _
. ) ; , |

L SN . .
° The algorithme is better than BDA as far,” as recognition
£y g b .

performance, computations and memory requirements: are

A\ canerned. The recognition performance, of - MVA and "1BDA is -

s

. \ , . ‘
similar, but IBD i$ still more expensive than MVA as it takes
: | e

more computations to decide on a sequence. |, i
t

'

. ‘Computationél Comﬁlexify of IBDA . ~
' . ' ~
L : :

v ' Using equation 7.2-4.° The amount of computations
. N £
required’ for decoding a block of 'b' is

V! l . ~ . . b,‘ ‘ - b-'l . - f N
\ ey 0 tay -N\g dy : S eau7.2=7
. ) . s ) . i:l‘ i: ) . v .

N ‘ , s
. © fér 2 <d.<d - - - p
, o \ ' ‘ . i L )
. . "’. ) o ) ‘ ' A J'
! . . If all di's are equal to d.then because of Predecoding
» ¢ .
o Séan the amount of computation will® be 1little over than
A .-.- o ‘ ] /! i . N . "

' + " ' required by BDA. But experimentally ‘it wa;\obsérved that we
. \’ ® ’,}'L ' * . _\ . ‘ ,‘3
5 . never met such case.. In majority of situations pruning doﬁe
% o at /predecading scan level reduced:'d' alternatives for every

r o .
% ' Xi,-(2<i<b) to 2 or 3. . . oy
P N T e T e
B . r © ’ °
4 s
4 r ' :
f . \u, . bv
L] ] ?. ’ )

T
g
{

&
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7.3 DICTIONARY METHOD " S L

7
methods of wusing contextual information.- This method is

"suitable in limited vocabulary t&xt-recognition systems. Past

approaches have already been reviewed in ‘section 2.4. In the

present work a more efficient approach than those ‘taken

~3

previouslye is developed. Basic concepts are the samf?as
described by Toussaint in his dictionary method [(T05-77] which

Dictionary (Table) lodk-up methods are among the oldest -

>

\. Al

was an extension of Bledsoe-Browning method [BLE-59]. Similar ’

to dictionary method described in [T05-77] and [SH3-79], the

bs M y

method described here alsgj achieves the efficiency, not by

reducing~ the memory requirements but by reducing = the

. computétional complexity. The algorithm developed here wigll

TR,
be called Dictfonary Look-up algorithm (DLA). It is comprised

of two procedures . Their description is given below:

%

1.. Construction of Dictionary Procedure

¢

S —

Consider a‘dictionary D}N) of ﬁ English words be divﬁdeq

e \

_into n subdivisions; namely: dic (1), dic(2),...:, dic(n). .The

' subscripts 1,2,3,...,n fepresent the number of Jetters in

words belonging to that subdivision. Each subdivision is
called ‘ﬁﬁ, subdictidhary. We will be using both words

) , \ N .
subdivision and ubdictionary interchangeably. In each

subdictionary, "the words (each word is different from othgts)

of same lengths are s€0§33<\Therefo;e:
, : . R . ’

S

-

<
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. . subdictionary dic(l) contains words of length 1
3 ¢ - . »
subdictionary dic(2). contai:;’ybrds of length 2
f‘ -
- subdictionary dic(n) contains wq{ds of length n
: \ ?
Let ml,mz,...,inn bél the number of words in éach
, subdictionary; My sMypeee,m , may not neceéessarily be equal.
' . - fThus totaT\QgéE>r”of words in the dictionary are:
N = m; - eeads3-1
. i
T 1=1 :
'," ‘ Assuming the address of dic(l) be 1, the dictionary n
can be accessed by computing the ‘formula
¢ ‘ : .
n-1 o . o )
. ) m; + 1 N - . Ceee7e3-2
i=1 . e .
Followihg- the mathematical model given by expression
1.3-4 a word of n letters in dic(n) can be represented as
) -9 Zl,Zz,...,Zn v . ! *
~ . . o '

AN

. Using transition probabilities the value VAL (ZyrenerZy)
<

of the word is defined by the expression:

n+l ‘ .
VAL (Z,,...,2,) = :2 log P (Z;/Z; ;) | _..17:3—3
i=1 \ . .
. . ! \ . “ .
I~ Thus the ‘'second term of the expression 6.3-8¢gives the

value. of the word, The value of any word is a constant and it

—
+

is also storedlin the dictionary.
' N

.
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2. Classifiéhtion Procedure -

To c1a§sify the input pattern sequence xo;xl,...,x 17

the procedure consists of two stéps. In the first sfep only
& the sequence Xl,...,Xn is Rgcognized as Zl"'f’zn usinq SCRSI
v for d = 1. The word recognized‘ is’ considered . as’' the

designated word if the value VAL of the sequence computed from

- , ) expression 7.3(3 is prese‘t in t@p dictionary dic(n). If the
14

PARERNES RN LR N

. classificationJ was unsuccessful at this steP, second step is

LY

[

e

invoked.
. . f

F- \\ o -
Second- step muig ¢lassify the sequence and to do. so it

needs to maximize the expression 6.3-5 over all words in

»

subdictionary dic(n). Assume the quantity given by this"

" expression be called SCORE; then )

<

;vmﬁﬁhﬁmbfwwmmw ’

[}
¢ n+l . A o ‘ ,
‘. T S(:OIQE. = z IJDg P (X -/PZ -) + L 1()g E’ (z -/'Z- ) ‘{’) e o 7. 3"4
. i’ 71 : i’ "i-1
. i=1 i=1 v
“ . i
’ Following the assumption éiven in sSection 6.3 thT,J
’

A

patterns X, and X ., are labelled blénk, and Z, ?nduzn+1 also

‘blank. ' ' ’

B 2 Bt ST e "

In this step the algorithm thus selects the
: oz ©  subdictionary dic(n) at address given by equation 7.3-2 and
(\\ picks that n-letter word which has "the highest SCORE in

© dic(n). , ‘
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TABLE - 7.3,
' ’ ~
. ' I3
Dictionary " Constituents .

'

Number of such words in
. . . subdictionary dic(n) -

21
43
81’

82

. vy
. l
13 . -
et e e 2 e e e —————— ————————
T, h




~three passages. A dictionary of these words was compiled.

_structured into following twgq procedﬁres:
a ;

.‘ . | | | . / | . o
15
7

. , :
Experiment using Dictionary Method (EXPERIMENT - 5)

b

1

In-all 401 distinct words were found to be present in
. C

.

T?b constituents of the dictionary are shown in TABLE 7.3.

3

Using the transition probabilities (see section 6.2.1) the
value VAL of every word in the dictiénary was computed and
stored corresponding . to  them. The words within any
subdiction?ry dfc (i) were arranged in descéhding order of

’\
their wvalues. .

Consider xl,xz,.v.,xn be the input sequence, where n
represents’ its length. The value of n gives thecsubdictionarx
-t .

to. be looked-up. The description of look-up algorithm was

’

1. Preliminary Classification:
This procedure includes three steps
al. Invoke SCRS for ¢ = 1 and get the sequence recognized. ‘h‘
bl. Using:equation 7.3-3 find the value of this sequence. o
cl. Using binary search find whether-this value is present in
subdictionary *éic(n). I1f. so, decide the word recognized
as the designated word; othe;wiée go to - secondary

" classification step.

2. Secondary Classification
This procedure consists of following two steps.
a2. Using équation 7.3-4 compute the score of every word in

‘'subdictionary dic(n)




- o e A B a8 v
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o . Recognition rates obtained ‘by using
Dictionary Look-up Algorithm :
. —~ . .!.
¢ - ) ) " ’ /
Subjects from Munson's Data OCR 'B!
. o I . . - \
. Passage 6 18 | 28 .
i : Pas-1 . 99.910 99.820 99.008-  1006.000
H
! :
Pas-2 -+ 100.000 99.085 199.396  100..000
| TR SR YOU
2 . Pas-3 © 1002000 99.818  '99.544  100.000
; :
A< N
3 .
‘. J + ’
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b2. Output the dictionary word .corresponding to maximum SCORE

as desjignated word.

The experiment was conducted on all three passages both
written by 3 subjects and OCR 'B'. The results obéaéned are

listed in TABLE 7.4.

o

). | . ‘
On .machine-printed passages, the algorithm was able to’
achievé 106% corréc{ recognition whereas on' hand-printed
Kpassages recognition performance / was over 99%. The
recoénition performance of this method appeared to be the best

among those studied so far in this thesis.

| Dlscussrdl . RS
/ g h .

This algorithm uses two stages of classification. An
experiment was conducted to study the performance of both
steps. In this experiment only the Pas-1 of 3 subjects and
\Pas(IAOCRB) were used. Thg results of the study are shown in
TABLE  7.5. It is surprising that the results obtained in
preliminary .classification by SCRS are again seem to play an
important role. The recognition performance at preliminary
classificatiop step is better in case o% subject 6 and OCR 'B’
only. . Thus the introduction of this stép for subject 6 and - .
OCR 'B' is saving exhaustivé computations and search of
secondary classification. In case of subjects lB?and 58.
pre}iminary step is not doing so. This faect thus concludes
that the preliminary classificatioﬁ step should "only be

introduced, if the recognition performance of SCRS on a

o
w3
'&
i

»

o

N

»

P NI

ST .

S
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TABLE. - 7.5

Words in Pas-1 recognized at pfeliminary‘

vaclassification step of DLA ) N
‘ -

length of" total no. of words correctly'recognized

Qord n such words . éubjeégs OCR 'B'
‘ 6 . 18 28 : .
A 1 10 8 9 9 10,
2 45 35 . 16 iﬁ a5
3 52 34 23 9 50
4 46 KV gt -7 41
5 29 19 4 iy 4 21
v T 6 23 1634 2 4 - 16
-~

7 25 13 ’ 5 2 3 ,
8 12 - 7 - . 1 5
9 8 5 = - ‘ 6

10 1 - - - =

11 - 3 2 - - -

12 ~- - . - - -

13 - - - - -
Y SO S K S
Total. . " 254 173 67 .51 197
percentage

of words recog.,

percent. n. £ 4

68.110 - 26.378.\20.079 77.559

43.701 22.047 15.748 57.480

.
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’
7

particular subject.is over 90%. Below 96 it is not advisable

to use this step.

Computational Complexity:

The classification procedure of the dictionary method
involves two steps. Their computational complexity is given

below:

.
/

/

1. The preliminary classification step needs only n ad?itions
to compute the value of n-letter word recognized %y SCRS

for d = 1. To biflary-search this value in subdicﬁionary
|

dic(n) which contains m_ words require log, 'mn + 1

comparisons. | Thus total  computations required to

recognize a word of n letters: ' \\

n + 1‘og2 m o+ 1 e..7.3-5

>

2. The computational complexity for the second step alone,
include to compute the SCORES of words and éearching' the

max imum score. o :
( : ) ‘

Considerin equation 7.3—4,>the computation of SCORE of

a n-letter word require n+l additions. The first quantity in
this equation require n additions. The second quantity which

is already stored in the dictionary is added to the first

require another addition. There are m, n-letter words. Thus

total number of computations needed for m  scores is

fn+l) m
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To select the word with the maximum score nééds m

n
comparisons, Thus the total computations of second step is
{(n+1). m,+m - 1
nom, + Zmn -1 o cea7.3-6

If the DLA involves both steps of the classificaﬁ!on and if
the word was not classified at prelimfnary step then .the word
needs

n + log2 mo o+ 1l+nm +2m -1 ‘ e seele3-7

computations.,

Thus to decide on the addition of the‘®preliminary step
one should need to be sure that this step should classify that
many words such that

(Z-2) [p + log2 m, + 1] § z [n m + th - 1] vesl.3-8

, Where Z 1is.the total number of words in the text to be
recognized; and z i's the number of words recognized by the
preliminary classification step.

M
7.4.{w HYBRID METHOD
The hybrid methods use both dictionary and the
contextual information. An hybrid approach introduced .by
Shinghal et al. [SH3-79) is a combination of dictionary and

2

modified Viterbi ‘algorithm. The algorithm is known  as

Predictor-Corrector algorithm (PCA) and it achieved the
s

character recognition rate of 96.4% using machine-printed

charéi?ers of Ryan's data sef/ (Pattern Recognition Data Base

v

2
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TABLE - 7.6

g A}

Recognition rates obtained by using

Hybrid Method , o0
-

Subjects from Munson's Data OCR 'B'

6 .18 28 O
100.000  100.000 99.098 - 100.000 3
100.000 ~ 99.268 ' 99.817  100.000
100.000 99.818 99.818 100.000

»

i
U T I
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No. 1.1.1a, IEEE computer\¥ociety).

Following the approéch of PCA, we also coWPined the MVA
and DLA, and called this method as Hybrid method. MVA and DLA

Pl '

are described in sections 6.3 and 7.3 respectively.’ .

Thus the hybrid appreocach involved two steps:# pred%ction
step and the correg}ioﬁ'step. The prediction steﬁ;usés MVA
anq’pfedicts the prob§b1§ word sequence by searching through
é—altherhatimes provided'by SCRS. The value of the predicted
word is then caltulated and it becomés the design;ted word if
Asuch value exists in the corresponding subdictionary. The,
second step is invoked only if the decision about the identity
of the”word yés not made at step 1. At this step DLA is used
which subs%ffﬁtes the predicted word with the® word (in the
dictionary)w of maximum//score. In DLA }he spreliminary
classification step was j%t included as MVA in step 1 has

™

" already done that.

Experiment using Hybrid/ Method (EXPERIMENT - 6)

Using‘ this hybrid method of combined approach, the
teit—recognifion ex?éiimént was conducted on 3 passages. The
results obtained .are shown in TABLE 7.6.'.Resu1%§ shown are
the best among all previous algorithms discussed 1in this
thesis. The results on, passages written by subjéct 6 and
OCR 'B'ﬁsh&y that if the character recogggtion rates obtained

by SCRS are over 90%, perfect performance can be obtained by

' using yhis method. Comparing the results shown in TABLE 7.6
-

L

[
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with gfiose given in TABLE 5.1-A and TABLE 5.1-B, the gain in

1

recoghition performance is quite obvious. - ) '

The computational complexity of the algorithm depends

upon the values of 'd' i.e., the depth of search. ”

\

-

If d =1, the algorithm reduces to DLA. .The optimal
value of d was found to be 2. As 'd' increases the percentaée
of the words to be looked~up in the dict{onary decreases.

When 'd' reaches the value as defined to be optimal. for MVA, o

the number of words to be' searched by the diptionary'bepomés

constant. ‘ s "f'-\T‘\\\~

-

WL

i j; It should be noted that any other method like. VA, BDA,

bW

Pt N

¢ 'IBDA, or any other product approximation %pproaches could also

P replace MVA.

sl Al
.

Srd o

° Y

The computatjonal complexity of this aldorithm depends

LI

o
.

upon the type .of the algorithm used at the predaftiqn step.

v
!
o
v,

.. It further depends on the Bumber of words recognized at both
steps. Howevet, the methamatical model for computftional
complexity of both of the steps is already given in sections

6.4 and 7.3. o™

° “ ¢

Y ! . .

4
7.5 FINAL REMARKS

pn R -

In chapters 6 and 7 five contextual algorithms were -
studied. Imbricate Block Decoding Algorithm (FBDA) and .the

preliminary classification stép in Dictionafy Lbok—up method
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+ objectives for the proposed text rgcoghitiop system, we set in

o : section 1.2, were fairly met by "MVA and Hybrid method. .. .
‘.‘v .4 . \ B . . . \
- .- Improvements 1in recognition performance have provgd that '
- contextual postprocessing helped in achieving . better .
by f' recognition performancem The amount of computations required
Ly N/ ‘ . . .
il by each method was also estimated, which will help the user to ‘-
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CHAPTER & -~

- CONCLUSION AND SOME -
/4 SUGGESTIONS FOR FURTHER RESEARCH STy
~ A P . o

. | ) |
8.1 PREVIEW OF 'THE CHAPTER ‘ . .o

t

J‘This'chapter conculdes the study made in.this thesis and
|
presents some suggestions for further study and research. The
Y ‘
/

résults‘oﬁ the experiments conducted -in chapters 5, 6 and 7

a

are reviewed and compared in section 8.2. - During the ‘course -

of experiments, it was observed tha£ keeping the same basic

concepts and methgdologies, several improvements in the
- '

.inte;mgdiatevstructure of the system could be made in order to

iﬁproyex‘the system's modularity, eqonomics and perforﬁance.

Some of the observations are listed in section 8.3. Section

8.4 .presents a few suggestions for further research iqszis

area of study. L
8.2 SUMMARY REVIEW

. - ™ -« " N
In this sectidn the system is reviewed first and then-

its " performance in the light of experiments is evaluated.
Conclusions thus derived are discussed simultanéously.
. Ty ' . -

i
9 " .

SYSTEM'S REVIEW i : v N

-~

A_machine-based text-recognition sytem for Eny t.ype-font

printed élphameric’bharactefs has been developed. The design

, 5 "

R eis MR 2y
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of the system includes: }1) Preprocessing stage (Stage - 1),
(2) §ingée'character recognition subsystem "SCRS" (Stage - 2)ﬂ

and (3) contextual postprocessor or "CPPS" (§Eage - 3).

/ .

> /
- Stage - 1 further includes :three steps, namely: (a)
elimination of hoise,'(b) size normalization,‘'and (c¢) feature

extaraction. These steps have already been described in

+

- . \ " n
chapter 3. §{Steps (a) and (b) are data-dependent and

therefore, they are optional. In case of good single-font

<

machine—printéd (like OCR 'A' and OCR 'B' data sets%ﬂand very

good hand-printed, well tutered and ‘constraiqu, characters
these steps could be skipped. It is possible, because in such

cases our fea;ure—extraction scheme will be more mathematical
than stochastic. f Smoothing proéesé i.e., steps (a) and (b),

' ‘ |

however enhance the ‘quality of input data.

\

Stage - 2 or (SCRS) is’ the base of the system.

Preliminary <classification' of ~the character is made at this

stage. It a%ﬁo giveé significant information about the " type
d&} algorithm to be used as contextual pgoceséor in stége 3.
For example, if we obtain 99% to 100% correct character

recognition rate from SCRS, then we do ndt need to go for any

further classification. Characters included in OCR 'A' and

‘the subject 15 of Munson's data base are examples of such a

case  (see . TABLE 5.1-A & 5.1-B).  'If  the preliminary

e o
récognitionv/f;tes are high enough i.e., between 94% to 99%

then SCRS can help in decidfhd»the algorithm to be used as
3 ~.

contextpal postprocessor. For ‘example, subject 6 (some other

v

»

Y v
o

e ot bk T WA
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as well) do not need , any highly sophisticated; and complex

algorithm for secondary classification. At this stage average

recognition rate for subject 6 was 92.637% (see TABLE 5.1-B)

using simply the modified Viterbi algorithm we were able to”

achieve 96.757% correct recognition on average (see

TABLE 6.2). ' : /

_ Stage 3, i.e., CPPS serves as a‘secondary classifier and.
uses contextual information as an aid. If khe preliﬁinary
clqssification results are not satisfactory (as specified by,
the dsgr) then this stage could be added. It h;s already been
shown that 1its use improves the recognition rate remarkably.

&

Five glgorithms were tested as contextual postprocessor.
)

REVIEW ON EXPERIMENTAL RESULTS AND CONCLUSION T

With and without using contextual information six

experiments were " conducted altogether. It was observed that

“the choice of the algorithm to be wused depends upon the

classification rates of SCRS. Other factor in~?ecision of
choice is of course, user's specifications about recognitien
performance. TABLE 8.1 presents the, summary of results

observed.frgm these experiments.

As shown by TABLE 8.1, better performance was observed
when SCRS operaté% on machine-printed data.~ These results
aisp show that for single font machine-printed data, we do not
need highly sophisticated recognition algorithm. Simply the

SCRS, obtained the recognition rates of 100% and 95.478% (see

»

5



- 1156

»
.S N e
TABLE 5.1-A) respectively, while operating on the testing sets

from OCR 'A' and OCR 'B’. \
{
An optimal value of training set was investigated and it

I

' -~

- is concluded that in case of good quality single type—font

printed charactersubery little training is required. This
minimum valué should be however, at least 40% of total number
. L .

of saﬁple_characters in the data set.

S
/

. N ¢
SCRS is a good check-point for examining the need for

: . ' '
CPPS. If it 1is observed that the use of CPPS is essential

then depending upon user's specifications, SCRS would further
help in deciding over the kind of algorithm to.be used as

CPPSs

Behaviour of all .he algorithms on machine-printed

passages was far more bettér than on hand-printed passaées.
For example, SCRS, which is simply a maximum selector, was
able to obtain 100% ‘and 94.756% (on average) correct
recogpition ‘on fﬁ;ee /passages compiled ' from OCR 'A' and
OCR 'B' data sets'reépectively. This concludes that for hand-—
. o
\
\
\

viterbi algorithm and its  modifications .have

printed passages simple methods' are not appropriate.

satisfactqry performance on both machine and hand-printedil .
data. ‘As an exémple, using MVA, . character recognition
performance ° on ‘PAS (1, ‘MUNZS) . ' PAS (2, MUN28), aﬁd :
PAS (3, MUN28) for & = 4, was 87.376%, 83.074% and - 88.230%

correct respectively,



Lo : - . Table 8.1

il ’ + 2
f Summary of Results and Comparison of Character Recognition
Rates Obtained by Using Different Algorithms.

-t

Method  Passage 6 . 18 28 OCR'B'
1 91.794  72.137  71.686  94.500
“ SCRS 2 94.511 ° 72.187  69.442 95.791
"’f" 3 91.606  74.544  73.631 93.978
average  92.637  72.956  71.586 . 94.756
- 1 .  96.664  78.539 . 87.376 95.762
va 2. 97.347 - 76.578  .83,074  96.249
3 96.077  80.383 88,230 95,073
? average  96.696 78,500  86.227  95.695
! . 1 96.664. 77.547 87.376  95.762
% MVA 2 ., 97.530  76.359  83.074 96.249
S (d = 4) 3 96.077  79.197  88.730  95.073
I ‘average - 96,757  77.701  86.227 95.695 ‘
'? - 1 | 94.590 .75.383  85.392 ,93.598 | é
; ~_ BDOA 2 95.883  74.840  81.702  94.612 j
- b 5,4=4 3 94.069  77.463  86.040  92.883 =
: average  94.847  75.895  84.378  93.694 .4
1 56,664  77.006  87.466 95.491 i
IBDA 2" °97,438  76.487 82,617 95.608 ;
; b=3,d=4- 74 95.894  78.832  87.956 94,526 ° ¢
i ' average 96.665  77.442 ' 86.013 - 95.208 ~f
i 1 99.910  99.820 - 99.008  100.000- ‘§
; 'DLA 2 100.000  99.085  99.336  100.000 »
; - 3 100,000  99.818  99.544  100.000
: average  99.970 99,571  99.316  100.000
: T 1 100.000 100.000  99.098  100.000
Hybrid 2 100,000,  99.268 - 99.817 100,000
d =2 3 100.000 | 99.818 . 99.818  100.000
’ average 100.000 ;//99.6§5 . 99.578 . 100.000
N I ‘ |
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+ Achieving better performance, Imbricate Block Decoding
élgyfithm (IBDA) is.far less éxpensive than Block Decoding
Aléorithm (BDA). . As shown ,in the table: using this method
87.466%, 82.617%, and 87.956% correct recognition was observed

on three passages written by subject 28, Comparing with

Viterﬁi aigorithms (VA, & MVA), this method is still expensive

and thus lacking practicality.

4

Dictionary method is an expensive method and could only
. be recommended in 1limited  vocabulary situations. The
performance of, this method on machine-printed passages was

100% and over 99%(on hand-printed passages.

]

Using hybrid method best recognition performance was
79b5§rved. Again on machine-printed passages 100% and close fo
100% recognition performance was achieved on hand-printed
passages. This method ensures better recogﬁition, since it
mékes an efficient use of dictionary method. Apart from
dictioﬁary method none of the above methods provide that
degree of éurity. But in.cases, where cparacters‘ are badly
written and SCRS performance is ve}y low, the corrector step
of this algorithm will be burdened and overheads will be close

to those for 'dictionary method.

"

’

The average length qf the words in Pas-1, Pas-2, and

4

Pas-3 was 4.366,'4.286, and\ 4,317, respectively. The word:

recognition rates on some of the important lalgorithms

discussed in this thesis are shown,in TABLE 8.2. The wword~,

°

3
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:
o
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TABLE - 8.2

Word Recognition rates obtained by using

i ‘ ‘ . Some Selecpé Algorithms .
\ - —
\
- Method ' Passage . suﬁjects from Munson's data OCR 'B'*
- , . 6% 18 28
| 1. 87.008  37.795°  62.992 . 83.858 "
MVA_ 2 89.804 41.569 , 54.902 85.882
3 , 86,275 39.216 68.235 81.176
.1 - 87.008 36.614  62.598  82.268
IBDA’ "2 89.412 41.569  S54.510  83.137
3 . 85.490 38.824 66.275 78.431
1 99.606 99.213 97.638 100.000
DLA 2 100.000  97.647 98.431  100.000
3 100.000 99,608 98.824  100.000
’ 1 100.000. 100.000 98.031 100.000
. HYBRID 2 100.000 98.431 99.608 100.000
3 100.000 ° 99.608 99.608 . 100.000
Number of words in Pas-1 = 254 "
Number of wordS'in Pas-2 = 255 -
‘Number of words in Pas-3 = 25§

'
e e e e e e e S . —— - Y v - G T — - - — o T - = — T m— gy -
<

- ompeety M T

%A list of original and the words misrecognized . in _passéées

written by subject 6 .and OCR 'B' is shown in Appendix-B. .

s
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‘e . . . e —_— T T T ! .
recognition rates 'obtained from SCRS and BDA_were tod low to ' ?

report;.. : .o o é

’ ¢ 8

Comparing the results of SCRS, the perforﬁapce of %

¢ ’ 1

algorithms at CPPS stage thus approved the use of contextual

information as an aid to text recognition systenm.

!

In the last, we suggest one.to use MVA (with d = 4) ‘or

'J‘i:&;-%h. "

hybrid method (with d = 2) as CPPS. Choice of one among these
. ) . depends upon "user's rédquirements. * If one needs to ensure

close to 100% recognition, no matter what cost he has to pay,

<o LRk

{ . we sdggestohim to use hybrid method, otherwise MVA is a better

h,«

compromise between cost and performance.

<

o Results of different algorithms on passage8 Pas-1 and

e A ¥ S AT Lo o %o

Pas-3 were better than those on Pas-2. This impligs‘that the
use of context provides better results if the pas;ages are
written in common writing style. It should beuﬁoted that the
statistical test made lon the passages had already concluded

" that Pas-2 did not represent a commonly used English (see

B . . Section 4.3). Restricting the use of very commdn letters . ’

X , ' (like E, T, and A), as done in Pas-2 (E was not used at all),

. . . {
Creates an uncommon letters combinations which have very small
' ‘ N

probability of occurrence.

-
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SUGGESTED IMPROVEMENTS
. IN THE PRESENT SYSTEM
. - y

)

In order to ensure system- reliability, - following

improvements are suggested.

ll

/

In the experiments only - the’ hpper ‘case letters

H

‘A', 'B', ... '2' and the ' blank wére used for system
testing. Extensiéqs to the recognition of all letters
(both upper and lower case) could be performed. Also
effotts éould be made to include other punctuation symbols
and\délimifers like colon, comma, hyphen e.t.c., apart
from blank. ‘

Preliminary recognition rates over hand-printed dafa are
comparitively low. They could possibally be impro@ed by
introducing ‘ better preprocegsing and size-normalizing
strategies. For example some better hole-detecting
algorithm could be searched.

Characters in Munson's data were fiited towards one side
or the othér. Some rotating procedure could be
introduced. This procedure would then reducé the
séructurél variety and let the character f§110w a standard
paptern.' The features thus extracted will carry more

!

information, and hence better results from SCRS . are

* expected. Further the inter-class and intra-class

distribution of-the black points in the characters is not
homogeneous, Some .strategies could be searched in order
to bring such homogeneity. For .example a superimposed

pattern for each character class could be constructed and

[ WO

c
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K
the distribution-of zgack points among the chadracters
pertain to one class could‘Se adjusted.

4, Since preprqcessipg algorithms are usually daLa deﬁéndentf
therefore, we expect that the algorithm developed in this"
study may not work well-on #11 type-fonts. For example,

" when the dharaéter is too thin or repfesented in skeleton
féfm, certain modification; may brobably have to make. A
suégestgd modification is to change the order of thinnigg
and filling steps in smoothing schemes.

5. A heuristic pruning method was applied in reducing the

number of alternatives in IBDA. The  amount of
- computations of the algorithm  still increases / g
exponentially (though with much lower order). "Probably.: ;
would be Petter if, instéad of héuristic appgoéch, some' - -;
function of low éimenéionality (linear ér quadratic) be é
) ro investigated for sea.ching the mos£ probable sequence. é_
6. AS explajqed Py in section 7.3, the preliminary }?
‘claséification step in DLA should be included only if the ;
performance of SCﬁS is very high (over 90% correct):
.

~

! B.4 SUGGESTIONS FOR FURTHER RESEARCH IN THIS AREA

. . ' There are several possible directionss for future

~

research in the area we studied. At present, we thought of

°

/ the following: - o : .

1. :English language is aséumed to Bg,é Markov source of order

. r =1. Some other assumptions of . dé}endency, " like
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‘considering r > 1, could be tested and an optimal

- “
.

assumption should be found.
Word-length-and-position indebendent unigram; ;nd bigram
were used in the present experimgnts. Other statistics
depending on a number of depedencies could be tested.
Further, ‘the statistics computed by other researchers
should also be tested. A survey on such statistics |is
given in [SUE—?Q]. ’

In the experiments only one kind of contextual information
was used; some other kinds of informations 1like word-
probabilities could be wutilized while deciding on é
sequegce among several alternatives. . '
The proposed Imbricate Block \Decoding algorithm (IBDA)
should be investigated further, to make it more practical,
for example emphasis could be given to °improve the
perpormance of predecoding scan.- )

System is tested on English language only. But since we

are not considering its phonemic attributes, one could

investigate whether the system could be adopted for other

natural languages, using their contextual information.

1f the segmentation of the characters be made, the

proposed system could’ easily be adopted for the.

recognition of cursive scripts as well.
In all the experiments 'depth of search' value was fixed;

could it be variable, some should investigate that.

R

" The output text could be used as - input ' to speech
4 . .

synthesizer which can prioduce equivalent phonens and a

o
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N OLDEN TIMES LONG LONG BEFORE THE COMING OF CHRIST THERE
. REIGNED OVER A CERTAIN COUNTRY A GREAT KING CALLED CROESUS HE HAD
MUCH GOLD AND ,SILVER AND " MANY < PRECIOUS STONES As« WELL AS

NUMBERLESS SOLDIERS AND SLAV%S INDEED HE THOUGHT THAT IN.- ALL THE

e

WORLD THERE COULD BE NO HA PIER MAN THAN HIMSELF BUT ONE DAY

S PP

rac

THERE CHANCED TO VISIT THE EOUNTRY WHIbH CROESUS RULED A GREEK'

* ¥

.5
4
N
i

2

O ara b e g 4T

. PAILOSOPHER NAMED SOLON, FAR AND WIDE WAS SOLON FAMED AS A QWISE

>

. MAN AND A jUST'AND INASMUCH AS HIS FAME HAD REACHED CROES:;;AL§O'

1

THE KING COMMANDED THAT HE ?HOULD BE CONDUCTED TO HIS P ESEBCE
y ~ LI R 4 .

A " "SEATED UPON HIS THRONE AND ROBED IN THE MOST GORGEOUS APPAREL
- . ' s . A :

. s ) ’
CRdESUS ASKED’OF SOL®N HAVE YOU EVER SEEN AUGHT MORE.- SPLENDID

o g R AT 2T

{
i

i

, . THAN THIS OF A SURETY HAVE I REPLIED SOLON PEACOOKS COCKS AND
! ’ PHEASANTS GLITTER WITH COLORS SO DIVERSE AND SO BRILLIANT THAT NO
. " ART CAN COMPARE WTEH THEM CROESUS WAS SILENT AS HE THOUG&i‘TO
HIMS LF SINCE THIS IS NOT ENOUGH 1 MUST SHOW HIM SOMETHING MORE
- TO SURPRISE HIM SO HE EXHIBITED THE WHOLE OF HIS RICHES BEFORE'
*SOLONS EYES AS WELL AS BOASTED OF THE NUMBER OF FOES HE HAD §LAIN
AND THE NUMBER oF TERRITORIES HE HAD CONQUERED THEN HE SAID TO
THE PHILOSOPHER You HAVE LIVED LONG IN. THE WORLD AND HAVE VISITED
L ‘ MANY COUNTRI%@ TELL ME WHOM YOU CONSIDER TO BE THE HAPPIEST MAN"
LIVING THE HAPPIEST MAN LIVING 1 CONSISER TO BE A CERTAIN POOR

MAN'WHO LLVES IN ATHENS REPLIED SOLON
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PASSAGE - 2

A CHILDS -BRAIN STARTS FUNCTIONING AT BIRTH AND HAS AMONGST ITS

i

MANY INFANT ‘CONVOLUTIONS THOUSANDS OF DORMANT ATOMS INTO WHICH
" GOD' HAS PUT A MYSTIC 'POSSIBILITY FOR NOTICING AN ADULTS ACT AND
FIGURING OUT ITS PURPORT UP TO ABOUT IFS PRIMARY SCHOOL DAYS A
CHILD THINKS NATURALLY ONLY OF PLAY' BUT MANY A FORM OF PLAY

CONTAINS DISCIPLINARY FACTORS YOU CANT DO THIS OR THAT ' PUTS YOU

F
< . ~y

60UT, SHOWS A OHJLD THAT IT MUST THINK PRACTICALLY OR FAIL NOW IF

THROUGHOUT CHILDHOOD A BRAIN HAS'NO OPPOSITION IT IS xPLAIN THAT

IT WILL ATTAIN A POSITION OF STATUS QUO AS WITH OUR ORDINARY

i
R

ANIMALS MAN KNOWS{NbT WHY & COW DOG OR LION WAS NOT BORN WITH A

BRAIN _ON A PAR WITH OURS WHY Swgr ANIMALS gANNOT ADD SUBTRACT OR.

OBTAIN‘FROM BOOKS AND. SCHOOLING THAT PARAMOUNT POSITION WHICH MAN

HOLDS TQDAY BUT A HUMAN BRAIN 15 NOT IN THAT GLASS CONSTANTLY‘

-

THROBBING AND PULSATING IT RAPIDLY FORMS OPINIONS ATTAINING AN\‘

.
ABILITY OF ITS OWN A FACT WHICH IS~STARTLINGLY SHOWN BY AN

"

DUMB ANIMALS' ‘A ‘CHILDS INABILITY CONVINCINGLV’ TO IMPART ITS

Jd HOUGHTS TQ US SHOULD NOT CLASS IT AS IGNORANT UPON THIS BASIS I
L]
AM GOING TO SHOW XQU HOW A BUNCH OF BRIGHT YOUNG FOLKS DID FIND A

CHAMPION'A‘MAN WITH BOYS ‘AND GIR S OF NIS OWN A MAN .OF 80
4 .

DOMINATING AND HAPP¥ INDIVIDUALITY \THAT YOUTH IS DRAWN' TO QIM AS

. _‘ ‘ ' \ . . *

b
w\

-
OCCASIONAL CHILD PRODIGY IN MUSIC OR SCHOOL WORK AND AS WITH OUR
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PASSAGE - 3

c"c

IT IS ONE OF THE LEAST HOSPITABLE PHACES ON EARTH A STEADY WIND
1

TURKANA  AND FLATTENS THE KNEEHIGH BEACH GRASS WHERE  THE

\

LONGHORNED ORYX GRAZE BEYOND STRETCHES THE DESERT OF NORTH EAST
KENYA BAKED BY THE AFRICAN SUN IN;7/WADI OR DRIED UP STREAM BED

NOT FAR AWAY A SANDY HAIRED MAN MdVES SLOWLY HIS LOOS® SHORTS AND

[

SHIRT FLAPPINGIIN THE BREEZE HIS HEAD BARE TO THE SUN HIS EYES
: . ' )

<
M
¥
i

MOANS ~OVER THE CROGODILES BASKING AN THE BANKS OF BLUEGREEN LAKE '

SEARCHING THE ARID SOIL AT HIS FEET SOME FIFTY FEET AWAY SANDALS.

t

SCUFFING DUST INTC THE AIR BEHIND HER HIS WIFE KEEPS PACE HER
i . . .

I , .
* EYES ' SWEEPING THE GRUUND AN AFR{CAN FLANKING THE LEADER ON HIS

RIGHT AND HALF A DOZEN OTHERS MAKE!UP THE REMAINDER oE\{gz PARTY .

SNDDENLY THE LEADER STOPS STOOP# AND SNATCHES A SMALL BROWNISH

FOSSIL{ZED BONE FRAGMENT OUf OF THE SAND NINEfPATA a'HE SAYS 1IN
‘SWAHIL} TO THE MAN.BESIDE HIM I HAVE GOT IT THEN MEAVE HE CALLS
'TO THE WOMAN WHO RUNS TO JOIN HIMN%OGETHER THEY EXAMINE THE BONE
; ; FOR A MOMENT REPLACE IT ON THE EX CT SPOT WHERE IT WAS FOUND MARK

1 j v, »

IT WITH A STAKE -AND RESUME THEIR SEARCH THE INTENT MAN IN THE
. DESERT IS RICHARD ERSKINE LEA EY HEIR TO ONE OF THE GREATEST

o SURNAMES IN.ANTHROPOLOGY AND AT THIRTY TWO A FORMIDABLE SCIENTIST

‘ex

HIS OWN RIGHT HE; AND HIS! DUSTY BAND ARE LOOKING ALMOgg

-~

YSTERY OF MANS ORIGINS = ' [-< =~ :

TERALLY FOR FOOTPRINTS IN THE SANDS OF TIME FOR' CLUES TO THE
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(List of original and the words misrecognized)

L (by using MVA and IBDA) .
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N . TABLE - A
. G :

¥ 4

-List of original and the words misrecognized by MVA &
IBDA operating on passages written by subject 6 J
(for b =5 and 4 = 4) ;

v

Oriéinal ' .Word misre- briginal l Word misre-
word cognized as word : cognized as
ATHENS ATHINS  AUGHT MUGHT : ‘f
BEFORE' BIFORE ; {  CERTAIN CIRTAIN | |
COCKS ~  COCKE COMMANDED COMMANDID *
) ¢« CONDUCTED' CONDUCTID CONS IDER CONSIVER
| ) 6’4 CROESUS " CRoIsus DIVERSE 'DIVERST
i ENOUGH . INouH EYES ' EVIS .
h © " FAMED  FAMID ' GREAT GRIAT
HAD* HAP INDEED " INDIED §
JusT - TUST IS LIVES CLIVIS . L
. NUMBERLESS  NUMBIRRESS ‘PHEASQNTS " PHIASANTE S
PHILOSOPHER PHIﬁbﬁOPHIR ( PRESENCE | PRISINCE J §
'REACHED  RIACHED \ 'REIGNED RIIGNID ‘K;f'f
. SEATED ' SEATID < SLAVES' . 'ELAVES - . N
- SOLDIERS+ _SOLVIERS " SURETY . ' SURITY '
; THERE . THIR? ' WELL o | wig} ‘
§ WIDE WIVE . WISE - WISI o
: . : ' ‘

- * . + This-word was misrecognized by using MVA only. .

2 ' * This word was misrecognized by using IBDA only.
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o . TABLE -~ A (CONTD) -

=

List of original and the words misrecognized By MVA &
IBDA operating on passages written by subject 6 -

* (for b =5 and d = 4)
Pas-2 1
Original ' Word misfe— Priginal
word' cognized as word
- 7/ ‘ .
ADULTS 'i/MOULTS . ANIMALS
BOOKS BOOKE BRAIN
CHILDHOOD*  CHILOHOOD . DAYS
DID PID ‘ DISCIPLINARY”
DO . 00 "~ pog ‘
DOMINATING  POMINATING . DORMANT'
DUMB ‘ _PUMS ‘ FACTORS
FORMS FORME GoD
HOLDS .  HOLDE . o.oIT18
KNOWS KNOWE i PUTS
RAEIDLY+'*‘P, RAPIPLY ‘ tﬂAPIDLYﬁé
'STA§§§\ STARTE . THOUGHTS
* TODAY TOPAY 2

* This word was misrecognized by using IBDA only.

-y,

Word mis}e;
cognized as

ANIMALE
BRMIN

PAYS

PISCIPLINARY/

000G .
o

OORMANT / |
FACTORE

GOP

ITE
Ty

RAPIVLY

THOUGHTE

"+ This word was misrecognized by using MVA only.
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List of original and the words misrecognized by MVA &
* IBDA operating on passages written by subject 6

(fis b
.

Pas-3

Original Word misre-
word cognized as
' BANKS " BANKE
qius . BLUI
DUSTY ousTY
EXAMINE | IXAMINE
EYES ‘ IKIS
FORMIUig:;/f\\;;RMIDABLI
HIER HITR
KEEPS ‘KEEPE
LEADER LIAD&R
LEAKEY* LEAKIY
LITERALLY LITIRALLY
MYSTERY MYSTIRY
REMAINDER REMAINDIR
SEARCHING SIARCHING
SLOWLY ELOWLY
STEADY ° STEAPY
SUDDENLY SUPPINLY

~ TOGETHER - TOG ITHER
WHERE®

N

.~
E

and d =

\
Original
word

BESID% ’

- DESERT

EAST

EYES

FEET

HEAD*

JINTENT

KENYA

'LEADER

'LEAST

LOOSE
PLACES .
SEARCH

SHORTS

"4y

é

SNATCHES

STREAM
THEN

WIFE

.1 SIARCH

Word misre-
cognized as

BESIVE
DISERT
IAST

EYIS

" FEIT

HEAP
INTINT
KENYM

LEADIR.

" LIAST

LOOSI

PLAEIS

SHORTE
INATCHES
STRIMM -
THIN -

WIFI

* This word was misrecognized by using IBDA only. .
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TABLE - B

!

List of original and the words misrecognized by MVA &.

: IBDA operatlng on passages wr1tten by .OCR 'B'
‘ ‘ ’ (for b =5 and 4 = 4) .

“ " pas-1

Original Word misre- Original Word misre-
word . cognized' as word cognized as

APPAREL APPABEL ART ABT
BEFORE BEFOBE BRILLIANT BBILLIANT
CHRIST CHBIST _ COLORS COLOBS
COMPARE COMPABE CONQUERED CONQUEBED
CROESUS CBOESUS COUNTRIES™ COUNTHIES
COUNTRY COUNTBY ' DIVERSE* DIVEBSE
FAR FAB . GORGEOUS * GOBGEOUS
GREAT | OBEAT GREEK OBEEK

 MORE . MOBE NUMBERLESS NUMBEBLESS
PRECIOUS PPECIOUS ° PRESENCE PPESENCE |
REACHED BEACHED REIGNED BEIONED
REPLIED . BEPLIED RICHES BICHES
ROBED BOBED - RULED BULED
SURETY @ SUBETY | SURPRISE SUPPPISE
TER&ITOR;ES TEBBITOBIES * THERE THEBE
THRONE '+ THBONE _ _ WORLD WOBLD

.b )‘

* This word was misrecognized by using IBDA only.
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- . B (CONTD)

-

List of oriéinal and the words misrecognized by MVA &

L

(for b=5 and d = %)

IBDA operating -on passages written by OCR 'B’

Pas-2 s
Original ' Word misre- "Original ~ Word misre-
word cognized as word - cognized as
- BIRTH BIBTH ;.BQRN 0 BOBN' = ¢ -
BRAIN BBAIN BRIGHT " BBIGHT
DISCIPLINARY DISCI#LINABz”' DORMANT.‘ DOBMANT
DRAWN DBAWN FACTORS FACTOBS"
' FIGURI&E‘ F IOUB ING FOR* FOB
FbRM" .FOBM FORMS FOBMS -
FROM - FBOM GIRLS GIBLS K
IGNORANT _ TONOBANT IMPAéf IMPABT
NATURALLY NATUBALLY OR* OB
ORDINARY OBDINABY OUR ouB )
PAR PAB | PARAMOUNT PABAMOUNT
PRACTICALLY PPACT&CALLY pRIMARY “PPIMABY
'PRODIGY PPODIGY ‘éunpong PUPPOBT
"RAPIDLY ~ . 'BAPIDLY STARTS?ﬂM  STABTS
STARTLINGLY . STABTLINGLY 'susxﬁﬁcwi’ _SUBTHACT
SUGAR SUGAB - THROBBING THBOBBING
THROUGHOUT . Tnadbqéour WORK* WOBK \
¢ ,

n

o This word was m}srgcdgnized by using -IBDA only;
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- B (CONTD)

List of original and the words misrecognized by MVA &
IBDA operating on passages written by OCR 'B'

~

Pa§-3
. ’ Origiﬁal
. word
AIR
‘e ARE
| BARE
BROWNISH
DESERT*
EARTH
FOR¥
FRAGMENT
GRASS
GREATEST
GREEN*
HAIRED
LITERALLY
MARK
NORTH

ORIGINS

T " " . W DY W Y A S S S L S S e W SR G WS GeS e SN N W N GED WP SED S W S U GV AT PR M0 S P S e G e

.+ This word was misrecognized by usin§ MVA only.

- *.This word was misrecognized

L

y )
' 4

4
\

Word misre-
cognized as

AIB

ABE

BABE
BBOWNISH
DESEBT

EABTH:

" FOB

FBAGMENT .
OBASS
OBEATEST
GBEEN
HAIBED
LITEBALLY

MABK

'NOBTH

OBIGINS

1

(for b a’S and d = 4).

Original
word

ANTHROPOLOGY

ARID

BREEZE

CROCODILES

DRIED °

'FAR

FOOTPRINTS

FORMIDABLE
GRAZE '
GREEN+
GROUND

HEIR

- LONGHORNED

MYSTERY

- OR*

\

v .
by using IBDA only. -

o

P
g

BNE e R T T e ey S e
IR PO T Rk S

'OBOUND

Word misre—\

cognized as

ANTHBOPOLOGY

" ABID

‘BBEEZE

CBOCODILES

DBIED

FAB 1
FOOTPPINTS
FOBMIDABLE . ’
OBAZE

OBEEN

HEIB -
LONGHOBNED
MYSTEBY

0B
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TABLE - B (CONTD)

'List of original and the words misrecognized by MVA &
\ IBDA operating on passages written by OCR *'B'
i (for b =5 and 4 ='4)

Pas-3 (contd)

Ooriginal .~ Word misre— ‘Original " Word misre- -
word . . cognized as word cognized as
. ’ | .
ORYX OBYX , OTHERS * OTHEBS

b PARTY PABTY ' REMAINDER -  BEMAINDER ' .
ﬁEPLACE(] | BEPLACE RESUME’ 'BESUME - :
RICHARD Bxcqaéo ' RIGHT  BIGHT _
RUNS: BUNS x SEARCH . SEABCH
SEARCHING SEABCHING SHIRT SHIBT
SHORTS SHOBTS ' STREAM . STHEAM

) STRETCHES STHETCHES suR&AMEs ' SUBNAMES °
, THEIR  THEIB ‘ . THIRTY THIBTY

TURKANA TqBKANA”' ‘ WHERE ‘,- WHEBE .

b

-
-
’
—
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