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Abstract

Despite the current practice of re-keying most documents placed in digital libraries, we continue to try to improve
accuracy of automated recognition techniques for obtaining document image content. This task is made more dif-
ficult when the document in question has been rendered in letterpress, subjected to hundreds of years of the ageing
process and been microfilmed before scanning.

In supporting the accurate capture of textual information, we endeavoured to leave intact a previously described
document reconstruction technique, where we combine information from a language model and character image
pattern matching to iteratively reduce ambiguity in document images. Combining word shape information and
lists of similar bitmap patterns in a document at least partially resolves the character content without optical char-
acter recognition.

We enhance the document image to bring the perceived production values up to a more modern standards in order
to process a novel of historic importand@on Quixoteby Miguel de Cervantes Saavedra. Pre-processing of the
page images before application of the reconstruction techniques was performed to accommodate early 17th centu-
ry typography and low-quality scanned microfilm images.

Though our technology easily outstripped the capabilities of commercial OCRs, it too was found lacking, at this
stage of development, for automated processing of historical documents for digital libraries. We had hoped to de-
velop a useful transcription of the text and a lexicon of Spanish contemporary with the composition of this novel.
However the actual accomplishment was limited to making improvements in the recognizability of the page imag-
es involved and providing a basis for further research.

1 Introduction The document reconstruction technique (RECON)

. . . ) . described here is an integration of information from
This paper is presented in two parts: a review of the

. ._multiple sources: word shape, character bitmaps and
previously developed document reconstruction

rocess and the specific apolication of this basic,!eXical information. Implicit non-lexical language
P P bp . model information is dynamically inferred based on
technology to the problem of reconstructing a 400 yeah o cnharacter shape distributions

old document of historic significance.

. . . . Because of its inability to deal with non-lexical tokens
Reconstruction [10] is based on an integration of ; .
. : . . such as number strings and punctuation, document
information from multiple sources: word shape,

. . ) : .~ reconstruction cannot ever be the sole basis for
character bitmaps and lexical information. Implicit . o T
) . . . conversion of documents to for use in digital libraries.
non-lexical language model information is

. . However for largely text documents such as novels,
dynamically inferred based on the character Shap%ocument reconstruction has been shown to id
distributions. S I~ _ 0 provide a

significant contribution to the faithful rendering of the
We have obtained 8 digitizations, from microfilm, of text of the document.
the novelDon Quixote performed by the Bibliteca
Nacional, Spanish Royal Academy, Oxford, Harvard
and Yale Universities, the British Library, and two
copies from the Hispanic Society of America.

In Section 2.1 we will describe the character shape
coding process and the word shape encoding resulting
from the agglomeration of these CSCs. In Section 2.3
we will describe the collection of character bitmaps
The process of dealing with these problematic imagesand the construction of lists of similar bitmaps.
difficult production values and unusual linguistic Section 2.4 shows the data structure that represents the
content are described in Section 3. pattern and word-based references to the lists of
patterns

1.1 Document Reconstruction Section 2.5 will describe the initial labelling of these

Reynar, Spitz and Sibun [4] previously described alists with character codes. Section 2.6 describes the
process of reconstructing a document from its imagerogressive reduction of ambiguity on a word-by-word
without resorting to Optical Character Recognitionbasis.

((joovcvr?s),{relzawn?oc?ens]lsmgourltlgs f hbuem;isc;gaegerbyTﬁWe present preliminary accuracy results in Section
P y ' 2.7and present some conclusions in Section 4.

process relies on a low computational cost
transformation of character images into Character
Shape Codes (CSCs).



1.2 Application of RECON to  Don Quixote chapter | 2 LOOMINGS Call me Ishmael. Some years
In this paper we apply RECON to the 6 pages that2go--never mind how long

comprise Chapter 5. chapter I 2 LOOMINGS Call me Ishmael.
In Section 3.1 we will describe in some detail theSome years ago--never mind how long
challenge in terms of production values and imagexAXg/s\XXAA AAAAAAAA AXAA XX AXAKKA. AXXX
quality. Section 3.2 will show the results of processing gxxxx xgx--xxxxx XixA Axx AXXg

these difficult images using commercial OCRs.

Starting in Section 3.3 we will describe the special Figure 1: Character codes, their printed and scanned

purpose image processing that was required in ordert  representation and the result of the character shape
be able to reconstruct this document. coding process.

Section 3.8 describes the structure and contents of twihere may be a single surface form word that maps to
lexica used in the reconstruction process. the WST thereby defining all of the character positions

- . . simultaneously. However even if there are multiple
We present preliminary accuracy results in Section

. ) . words in the lexical entry, there are often some
3.10 and present some conclusions in Section 4. - ) N
character positions where the character identity is

unambiguous.

2 RECON
We encode this ambiguity, or lack of it, in two data

2.1 Character shape coding structures. The Degenerate Regular Expression (DRE)

shows the possible alternative characters in each

The CSCs encode whether or not the character '.nharacter position, while the Simplified Regular

question fits between the baseline and the x-line or i .
not, whether it has an ascender or descender and th&xpressmn (SRE) merely shows the fact that

number and spatial distribution of the connectedamblgulty does or does not exist in each character

. : .gosition, viz.:
components. For a more complete discussion of thi
process see [8] Table 2: Ambiguity resulting from character shape

Table 1: Definitions of Character Shape Codes for coding

alphabetical characters WST| gAXXXXX

ch : oSk Definiti Lexical entry glances glasses phrases pleases
aracters efinition
DRE| [gp][Ih][are][nsa][cs]es
A-Zbdhkl| A | ascender SRE 7777765
acemnor x | between baseline and x-line
SuUvXwz whereas where there is a single word in the lexicon
gpqyl g | descender with that shape:
i| T | x-height plus mark above Table 3: Some words have no ambiguity
j| j | descender plus mark above

WST| gixAxxixA
There are a few CSCs, not shown here, that represepéxical entry pictorial

punctuation. DRE] pictorial

An implicit part of the shape coding function is the SRE pictorial
development of a data structure describing the

hierarchy of text line, word box and character cell2.3 Character bitmaps
coordinates.

We process the line, word, character cell structure by
CSCs are used internally within the documentcomparing the bitmaps found in each character cell
reconstruction process and their word-levelwith all extant lists of characters. Using a very strict
aggregations into Word Shape Tokens (WSTs) areriterion for declaring a match between a candidate
used as indices in lexica. bitmap with the bitmap characterizing the list, we
either accept the candidate as a member of that list, or

The results of CSC processing are shown in figure 1. no match Is found, start a new list.

2.2 Lexical information We assessed the method of Xu and Nagy [11] for
constructing exemplar templates. Though it worked
well, its improvement over that described in detail in
] was marginal and the time penalty was intolerably
large, so the method described in [8] was retained.

A RECON lexicon is simply a series of word lists,
each indexed by a common WST. For a more complet
discussion of lexical structure see [8]. Though in
operation RECON is not totally reliant on the
correctness of the WST, its performance is highlyWhen we have finished generating the pattern lists, we
dependent on this transformation. In many instancesort them so that the longest list, that with the greatest



number of matching bitmaps, is first and the

populations of the lists monotonically decrease. wié/ord —#= word  —# word

S . . . St

show in figure 2 the first 10 instances of each list. Note Leyréent @(?e eeecececee
that at this stage we do not yet know the character e 1> ccell c 0\‘; et ts
identity for the lists. Also note that there might be Jlxrrrrerrer
more than one list containing slightly different / iidiiiiiiid
bitmaps of a particular character due to the tight _ _/_F s 5 st
threshold for inclusion in an extant list.t. r | @31 Ahhhhhh
eeececeeceeee g9999gg9g9g9ggg l /I \\
tttttttttet kkkkkkkkkk | / Iy
©000000OO0O0O ffffEFfEffE | / [ | 1
rrrrrrrrrpry YYYYYYYYYY T —7, T ] 1
iiiiiiiiidi PPPPPPPPDPDP
peprereerr  |(a] ] mel Ishmael
aaaaaaaaaa aaaaaaaaaa . . Lo
hhhhhhhhhh bbbbbbbbbb Figure 3: Representation of the data structures linking
nnnannnannna Sssssssss the character images to both the words and the pattern
e eeeeeeeee hhhhhhhhh I|StS
1111111111 TTTTTTTT . ' . . . .
dddddddddd e made in character sh_ape chmg a_nd |f.the lexicon is
mmmmmmmmmm Poiiiiid adequate, all of the bitmap list entries will be labelled
puununuuuum cccccc correctly (if at all).
nnnnnnnnonn WWWWWW
222822228 cocccs However neither CSC generation nor lexical contents
1111111111 2229272 are perfect, sometimes resulting in character positions
cccccecccc gggggg being labelled when they should not have been.
YYYYYYYVYYY aaaaa . .
""""" AR AR The lists themselves are now labelled if at least 2
‘g’ g g g g § s 5 g é’ oy individual bitmaps are consistently labelled and there
WA TWWNEW N WW rrrr are no inconsistent labels. If there are inconsistencies
ttttttteotet X X x X in the labelling, the list is assigned the label of the
;’ ;’ ;’ v ;’ Z Z ;’ Z v Y preponderance of bitmap labels and those bitmaps
ffEfEfEEEEEE mmmm with the inconsistent labels are marked for further
fFEfEEEEEEEEE PPPD processing. Preponderance is defined as the number of
E i‘ 2 1; i‘ i‘ lt’* lt‘ lt‘ *t‘ g 15 g consistent labels being greater than 4 times the number
.......... NN N of inconsistent labels
bbbbbbbbbhb q9aqq . . .
i iiiiiiiii Kk k Note again that there may be more than_one list with a
iidiidiidiidii HHH particular character label. And it is possible that some
: 2’ Z Z :;’ :1’ : Z ;’ Z ’A 'A 'A lists, particularly short ones, will remain unlabelled.
ITTIIITTITIT 000 Lists labelled with the same character are

Figure 2: Character cell bitmap lists in order of concatenated if any pair of characters, one from each

list, have a small enough difference. This allows for
different degradations of the character form to be
handled, even if the characters on the heads of the two

From this point forward it is presumed that there arejigss giffer by an amount that exceeds the threshold.
no lists containing bitmaps arising from different

decreasing frequency

characters. Unlabelled lists are likewise concatenated with
labelled ones if a (nearly) matching pair of bitmaps is
2.4 Data structure found.

The data structure used for storing information isOnce a list has been labelled all of the individual
shown graphically in figure 3. Each character image iditmaps on that list are likewise labelled. Doing this
linked to the ccell element of the word structure. Eachmaterially reduces ambiguity.

member of the pattern list is likewise linked to its gpagqiution of infrequently occurring characters such

ccell. Thus it is possible to make associations both,¢ capitals is difficult because they occur so
from the shape coded words to the patterns and frorﬂwfrequently.

the patterns to the words.

2.6 Word recognition

2.5 Labeling bitmap lists ) ) )
) ] » ] It may be that the labelling of the pattern lists will
Looking at the unambiguous character positions in thgeg it in all of the characters in a word also being

SREs we label the corresponding individual bitmap injapelied. If not, and only some of the characters are
the lists with the character code. If no mistakes wer§apelied, the lexical entries for the WST are examined



and those that are inconsistent with the define®d  Tackling Don Quixote

characters are removed. Often this will result inEncoura ed by the excellent results on modern
characters becoming defined that have not yet been 9 y

directly examined. From this new information it is printing QfMOby Dick Welwent on to try to apply the
) : same principles tBon Quixote
possible to label some previously unlabelled pattern
lists.
3.1 Typography
There are several challenges in the production values
used in the printing of this book.
It may also happen that the application of the characte&

identities will result in the removal of all of the o
. R . character followed by a capitalized second character.
elements of the lexical entry indicating either a CSC_ . L
figure 6 shows the rendering of the initial word of

error or the presence of a word not in the lexicon. lnChapter 5 “Vendo”.

Each reduction of the lexical entry results in a re-
calculation of the SRE and DRE.

hapters start with an illuminated drop capital

either case the word is marked for character by
character resolution without further recourse to the
lexicon.

Residual ambiguity is reflected in the DRE. In each ‘?’e.f"iof“iﬁg
character position, the bitmaps on the appropriately ? libros,yta

labelled lists for the. legitimate alternative pharacters Figure 6: Chapters start with an illuminated drop cap
can be checked against the character cell bitmap. Each (in this case: V) followed by a capitalized second
time character position ambiguity is resolved, the '

lexical entries are pruned. There appear to be no intentional ligatures in the text
At the end of the process the defined character bitmapsUch asfl, but the image degradation was severe
are shown in figure 4 enough that many character pairs touched, and in the
abcdefoghi lmnop rstuvw ) italic chapter and page headings long runs of touching
c G I LMNO s W characters were not uncommon.

Figure 4: Character bitmaps from first page of “Moby Thet in the font used has a very small ascender. It is
Dick” not unusual fot ascenders to be shorter than those for
b, d, h, k etc., but in this font it is very difficult to
An example of the entire pattern lists has already beefonsistently classifys as either ascender or x-height
shown in figure 2. Unresolved, that is unlabelled,characters.

pattern lists are shown in figure 5 Hyphenation is inconsistent. The text was set fully

S aaaaa. KX justified but in some instances a word broken across
rrrr R lines was hyphenated and sometimes not. See for
XX xX P example, figure 7. It was hard to devine the rules, if

YYVYY N L . . .

799 3 Tendo pups‘:quc_enfcfceonq podia meneat:

k kK 2 ', acordd de acogerfea fu ordinario re-

o x medio,que era péfar cn-alg:un;paﬁ'o- defus

ARAA Y ’ ‘ - ‘ N

;_ ; i Figure 7: Note that the last word on the first line

HH £ “menearse” is not hyphenated while the last

B B

word on the next line is hyphenated.
Figure 5: Unlabeled pattern lists

there were any, for when hyphenation was used or not.

2.7 Accuracy There were multiple example_s (_)f words that were
. broken across pages. In this instance they were

accuracy is approximately 96%.Most of the errors argignt justified on the last line of the page as well as at
due to missing labels from capital letters. the top of the following page.

be somewhat affected by the appropriateness of tha{, quotation marks.

lexicon to the document being processed. See Spitz [8]
for a discussion of lexical intersection and specificity.



dellevar wna cargade trigoal molino: el qual viens
do aquel hombre alli tendido, fellegdacly lcprr;
’ E S T guntd

N
)

put}

it qUe quien ereyy.qoé malfentiaquetan trifte-

The image processing specifically developed for this
project took the form of a pre-processing filter on the

input image. This was done in order to obviate the

need to adapt the reconstruction processor to the
aberrant typography.

The spatial resolution varied such that there was a

efe.quexays? Don Quix e, creyo finduda,que
menteleqRESIN Q‘ whEeYe 19BN range of approximately 14 to 45 pixels in the x-height.

Figure 8: The word “pregunto” broken across pages. Tﬂ—gis results in a font height of 30 to 100 pixels.The
top panel shows the bottom of Page 15 Verso, and thelable 5: Resolution characteristics of the 8 scans of

bottom panel shows the top of Page 16 Recto. Note that the Don Quixote text

of the i) et of b ter e Secone n of 16R [C2UE3 1M Gl ot g s ot at 1
bd 19 48 288
bm 27 60 360
3.2 Conventional OCR bn 22 48 288
, . : hs1 45 100 600
We submitted partially processed page images to two—— 5 = 348
commercial OCR packages. These images had been—— 7 % 180
segmented to isolate the text from the page edges an¢—— 5 3 >e8
had the italics and illuminated drop caps removed. Ji 7 o 19

These same images were used as input to the OCR

and the RECON process. ] ]
image quality by modern standard was poor, due to the

The OCRs used were Omnipage Professional 9.0 angegradation inherent in microfilming and subsequent
Finereader Pro 6.0. The character and word accuraGycanning, the paper and print quality and the fact that
rates are shown in table 4. C_Iearly Omnipage inserteghe pook had been subjected to nearly 400 years of
many bogus characters while Finereader deleted 8ging. We noted that the best perceived image quality

significant number of legitimate character images. Iny g not, in this instance, associated with the highest
any case the word accuracy rates are sufficiently low tqpatial resolution.

render these data useless for a digital library (or any

other) application. 3.4 Noise Removal
Table 4: Character and word accuracy for two OCRSqy, g6 are multiple sources of noise in the images we

Number |Character Word analysed, the two principal ones being the speckle
of AccuracyoNf‘woegg Accuracy created by the printing process and those inherent to
Characters (%) (%) microfilming. We dealt with speckle in much the same
Truth 8800 1598 way as Cannoret al.described [1].
Omnipage 15212 406 | 3228 | 0.2 There is considerable print-through on some pages.
Finereader 6330 28.5 774 1.2

3.5 Line Straightening

3.3 Pre-recognition Processing All of the images are of bound volumes resulting in
The images supplied us were scanned from microfilnsignificant warp of some text lines as they near the
with two facing pages per frame. It was necessary t@utter. In addition, apparently the pages were often
develop document-specific techniques for segmentingdistorted by application of a clear platen, resulting in a
the individual pages and for reducing the noise level indistortion that can be characterized as continuously
the document images. These techniques turned out wriable skew as a function of position on the page.
be pretty trivial. First a connected component analysis'he variable skew was removed first using techniques
was performed and then all components too tall to belescribed in Spitz [7]. The line warp was removed in
of text were removed. This had the effect of removingthe process of character shape coding described in [5].
the black areas outside of the page frames and

illuminated drop caps as well, but since we had no3.6 Word Spacing

technology to deal with drop caps anyway, this wa

whole page and projection profiles of the remainin
connected components determined the boundaries
the text frame.

gbtased recognizer requires that we be able to accurately
Felimit word images. A partial solution to this problem
was effected by applying a non-linear expansion of the



inter-character spacing to make small incrementsmage characteristics by enforcing constant intra-word
somewhat larger. spacing (thereby dekerning character pairs),
straightening baselines, inserting word spaces after a

However the text was set without a word space

. ; . . comma and inserting leading to keep descenders and
following a comma as is current practice. Here it was

Lo ascenders from tangling. The results of this processing
necessary to explicitly insert a word space after the o
. are shown in figure 10
shape coding process had detected a comma.
que quien era, y que malfenua,quetan trifte

3.7 Noise Cancellation fequexaua? Don Quixote creyo (nduda que

An attempt was made to take advantage of the multiple
images available of the same pages. It was hoped that que quien era, y que mal fenna, que tan trifte
by scaling and superimposing images that noise would fequexaua? Don Quixote creyo { nduda que

drop out. We first cropped the page frames to the text
and scaled them to the same dimensions. We then

b ! Figure 10: Separating image elements for more
multiplied the images together.

accurate word detection. Note that fhend? dots have

The result obtained from superimposing the two best been removed in the noise reduction process.

images of page 16 recto is shown in figure 9. Note that
though the images are very closely superimposed
both the top and bottom of the page, the vertical centr
region of the page is not in registration. The reason folbon Quixotewas written around the turn of the 17th
this result is unknown but is likely to be due to century using Spanish spellings some of which are not
differential and non-linear paper shrinkage though itacceptable by today’s standards. For this reason, use of
might also be due to non-affine optical distortion in thea modern lexicon is inappropriate. Were it available,
microfilming process. we would use a lexicon consistent with the language

.8 Lexicon

Quixiste de ls Mandia %

uatd que quien era,y que malfenma,queran trdle
gﬂeme equ%xm? D’o’:r §mxm,crqo findadagque

aguel ees el Marques de Mantuafu tio, y afs no le
fglpeﬂéte etracela ﬁn@fuprofed%?r en fu Foman
¢e-donde le daua euenta de fu defgeacis,y de los
mefei del kijs del Emperanis eon fu elpofa 1o
%? de 13 melma mingrd qae el romance 19 canta.
|abrader eftaua admirade, oyende aquenles dif-
23?&&8& ¥ quitandele 1 viferd qee ya eBsos Res
ha pedigas de lgs pilas;le Lismpio el rolre, que
i¢ teh ed isﬂ]s s;.a 44 Y, peait 6 hiteg b
g By idnds lg el ;Es 158 Sener Qui-
afa aue afi (5 dega de Hamar gﬁ"mé
Jii6y neaui pallade e hidilgs folfcgias; 2 éa-
3% lesg andante qlkiéﬂé ﬂﬂfﬁs 4 yuchira mereed
efta fuerte peroel (Egaid con fu romanes quan-
16 le pregentaua Viende efla of buen hombre la
mejor que pude. le quito el peiayy efpsldsrparaver
¥ e alguna herida perd 1o vie fangre ; mi foe
fal algony Proeutd leusntarle del fuels. y 7o con
poto traiajo . le fubie fobre fis jumenie por pare-
cereanalleria mas folfegads Recogeo las simastoife
ta las sftillas de la langa, y liolas fabre R ozmane
@ ol qul tomd de la mndﬁ,g del cabeftresl alne,
y feencameno hazia fu pueblo,bien penfative de ove
[parates que don Quxote dezia y no mesios
ysa don Quxote,quede puro melido,y quebran-
tado no fo ‘rodn tener fobrecl botrico.y de quan-
doeaquando davavnos fufpiros ?ue los ponis enel
cscdo,ds modo que de nucus obligoa qued labra-
dior Je pregannaflale dixefle,que malfentia yﬁcfﬂ'
pese fino que cl diablo le trala a la memoria, los
suessos acomodados afus faceflos porque cn agucl
punto,

and spelling prevalent at the time the book was
written. However we had no access to such a lexicon.

As Spitz has shown [6], the performance of our
reconstruction technique is improves with the use of
the optimum lexicon: one with a large intersection of
the words in the document and with a minimal number
of words not found in the document.

For this application we developed the lexicon
iteratively, starting with a bootstrap list of frequently-
occurring words: articles, pronouns and some proper
nouns, shown in figure [5].

Dulzinea Mancha Mantua Marques Quixote
Rozinante Valdouinos a al como con cura de
del don donde dos el ella ello ellos en es estas
este esto estos la las le lo los mas me mi

muchas muy ni no o por qual quando quatro
que se sefior sefiora si su tio todo y yo

Figure 11: 54 common words Bon Quixote
comprising the bootstrap lexicon

This tiny lexicon contains 48.5% of the words found in
Chapter 5. The shape coded lexicon is shown in table
6. Note that all of the uncapitalized words shown in
figure 11 are present in the lexicon in both

Figure 9: Result of attempt to register two images of uncapitalized and capitalized form. Thus the size of
the same page showing good registration at the topthe lexicon expands from 54 words to 101 surface
and bottom, poor registration in the middle due to forms.

These 101 surface forms are indexed by 44 WSTSs, 20

Kerning, especially on characters likeleads to deep of which are_singleton rt_apresentat_ions. That is, 20
overlaps in character bounding boxes. Baseline¥VSTs unambiguously define the lexical form that they
wander. An attempt was made to correct all of thesé@ncode



Table 6: WST indexed bootstrap lexicon (abbreviated eeeceeeceece ceee

for space) nnAnonnnnn 0000
WST Words 000000000 aaaa
AlAOY 00000000 aguuau
AAAX | Ella Ello 00000000 QO00¢C
Aix |Tio tio lllltluuuuu CCCC
AX B‘eleElgEsLaLeLoMeNoSeSuYode ceeceeccece Frrr
AXAAXXIXXX aldouinos r r r r r r r t t t t
AxAx | Este Esto Todo todo e e C C € e e q qq q
AxAxixxx PDulzinea l‘ f t' l' l' f c C c
AXAxx | Estas Estos Figure 12: Character cell bitmap lists in order of
Axixx _|Sefior decreasing frequency. Note duplication.
AXiXxAx |Quixote
Axixxx  [sefora ambiguity at the lexical level. Examples of the two
Axx | Con Don Dos Las Los Mas Por Que don character forms are shown in figure 13.

dos las los

AxxAxx | Mantua Muchas Quatro

AxxAx | Donde donde {efet‘o\; ac O‘gctfc

AxxixxxAx _ Rozinante Figure 13: Two words from the text. The word on the

AxxxAx | Mancha Quando . . .
3Ty left contains an f. The word on the right contains a long

gxx | por que

X |ao

xxAx | este esto 3.10 Accuracy

XXAXX |estas estos .. . . .o
This is an instance where it is very difficult to know

Xxg | muy

oAk Tmuchas the truth. The author was supplied with eight manually

produced transcriptions for Chapter 5. These
3.9 Character Bitmaps transcriptions differ in small but significant ways. For
tests of character accuracy we used the transcription

We process the I!ne, word, character cell structure b%upplied with the Hispanic Society digitizations.
comparing the bitmaps found in each character cel

with all extant lists of characters. Because it is verySince RECON relies on a lexicon, its performance will
important that a list contain only the bitmaps of abe affected by the appropriateness of that lexicon to
single identity character (see exception below) wethe document being processed. See Spitz [8] for a
employ a very strict criterion for declaring a match discussion of lexical intersection and specificity.

between @ candlldate b|Fmap with - the b|tr_napW0rd accuracy using the document reconstruction
characterizing the I'S_t’ we ¢|ther accePt the C"’md'd""t'?echnique with the bootstrap lexicon was 11.4%. This
as alr_nember of that list, or if no match is found, start Babysmal result was only notable with respect to the
new fist. even greater failures exhibited by the commercial

When we have finished generating the pattern lists, W& CRs.
sort them so that the longest list, the one with the _
greatest number of matching bitmaps, is first and the} Conclusions

populations of the lists monotonically decrease. Wenoqration of linguistically-based and image-based
show in figure 12 the first 10 instances of each “St'information can be quite tricky but is extremely
Nr?te that _;"t this fstaghe ‘l’,Ve dolnot yet l:]r‘c""’hthepowerful. Rigorous congruity of character bitmap
¢ .aracter identity for the 'StS' Also ngtg t at_t erepattern lists allows extension of the reconstruction
might be more than one list containing slightly even to those words not found in the lexicon.

different bitmaps of a particular character due to the o
tight threshold for inclusion in an extant list. RECON works well on documents of significant

. . ._length such as those of one page or more but because it
The highly variable character morphology extant ingjieq on having a statistically significant number of

th.ese. IMages, combmed W'th th? strict matchingop o o cter bitmaps, is not suitable for very short
criterion, resulted in many lists being generated fory . ments

each intended glyph. Since theng s which looks

much like an f without a full crossbar, was This paper does not present scientific results of great
indistinguishable from thé using the RECON bitmap significance. Indeed while it is still possible that the
comparison technique, we lumped tleng s andf  paradigm of pre-processing page images to suit the

together in the bitmap domain and resolved theRECON process, and to post-process the character
code information returned from RECON, will result in



a useful transcription of the source text, this papeif2] David J. Ittner, David D. Lewis, David D. Ahn, “Text
merely sets out some of the problems encountered Categorization of Low Quality ImagesSymposium on
when traditional document recognition techniques ~ Document Analysis and Information Retrievalas

. - . . Vegas, 301-315, 1995.
were applied to the difficult images Bbn Quixote gas, pp ) ) o
[3] G. Nagy, S. Seth & K. Einspahr, “Decoding substitution

We posit that application of these techniques to longer ciphers by means of word matching with application to
passages of text than the single chapter available to us OCR’", IEEE Transactions on Pattern Analysis and
at this time, would show that the progressive ™Machine Intelligenced, 5, pp 710-715, 1987.
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