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Abstract. Extraction of some meta-information from
printed documents without carrying out optical charac-
ter recognition (OCR) is considered. It can be statisti-
cally verified that important terms in technical articles
are mainly printed in italic, bold, and all-capital style.
A guick approach to detecting them & proposed here.
This approach is based on the global shape heuristics
of these styles of any font. Important words in a doc-
ument are sometimes printed in larger size as well. A
smart approach for the determination of font size is ako
presented. Detection of type styles helps in improving
OCR performance, especially for reading italicized text.
Another advantage to identifying word type styles and
font size has been discussed in the context of extracting:
(1) different logical labels; and (ii) important terms from
the document. Experimental results on the performance
of the approach on a larpe number of good quality, as
well as degraded, document images are presented.

Key words: OCR - Meta-information — Type style -
Font size — loformation retrieval

1 Introduction

A huge amount of document-based information in the
form of books, journals, magazines, manuals, legal docu-
ments, newspapers, ete., is prepared every day through-
out the world. The documents thus prepared can be clas-
sified into two broad categories, namely: (i) soft docu-
ments or hypertext-based documents; and (i) hard doce-
uments or paper-based documents. Both categories have
their advantages and disadvantages. Soft documents that
are penerated by computers and maintained in machine
memory help in antomated information processing with-
in the electronic world. They are easy to process but less
handy because a PC is needed to access them. However,
with the emergence of the world-wide web (WWW) as a
common platform for sharing information, the quantity
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of such electronic documents is now exploding. On the
other hand, paper-based documents are rigid but easier
to store, carry, and read. Because of a long-ingrained tra-
dition, many people still rely on paper-based documents
as their favorite medinm and source of information.

For interchange and interaction of information, it is
useful to convert one category of document into another.
Because of the remarkable advances in computer-based
printing technology, a soft document can be easily con-
verted into a paper-based hard document. However, con-
version of a paper-based document into a corresponding
soft document is more diffienlt. One of the possibilities
is the use of optical character recognition (OCR) sys-
tems. Given a document, an QOCR system tries to rec-
ognize the text and converts it into the corresponding
electronic format. However, for complex documents con-
taining graphics, logos, and halftone pictures, and for
documents with handwritten text, the OCR systems are
still far from perfect.

Since the amount of both types of documents & in-
creasing day by day, there is a pressing need for a fast
and efficient system for information extraction from the
documents. For electronic documents, many information
retrieval (IR) techniques have been reported in the liter-
ature [7, 16, 21]. Commercial search engines like Yahoo,
Alta-vista, etc., are in constant use.

The problem of information extraction from paper-
based document is more complex. One possible approach
is to read the document with an OCR system, convert it
into an adequate electronic format, and then apply the
conventional IR approaches for electronic documents.
Taghwva et al. [26] have undertalen an in-depth analysis
of the interaction between OCR and [R. They point out
that though OCR errors do not affect average retrieval
effectiveness, there are other consequences that should
be considered when QOCR-generated text s applied for
1R. Such an approach is bound to be slow and error
prone. Thus, some alternative methods based on image
manipulation have been tried. Doermann [9] presents an
elaborate survey on indexing and retrieval of document
images. Among others, Chen and Bloomberg [5] demon-
strate that Enplish-like textnal document images can be
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summarized without OCR. In another study, Chen et
al. [6] presented a segmentation and recognition-free ap-
proach for searching key words in doeument images.

In this paper, we have presented some OCR-free doc-
ument processing techniques. Qur main objective & to
extract some meta-information from the imaped doc-
uments and apply them to make document processing
smarter and more efficient. Meta-information can refer
to information related to character font, size, style, doc-
ument layout, etc. We have focussed our attention on
detecting the character styles, namely, bold, italic, and
all capitals for each word in an imaged document and
show their application potential in: (i) spotting impor-
tant terms; (i) layout analysis; and (iii) OCR perfor-
mance improvement.

The work is motivated by a survey [4] on the rela-
tive abundance of italic, bold, and all-capital words in
printed documents. For conducting this survey, we cov-
ered more than 6,000 document pages of different tech-
nical journals, conference proceedings, technical books,
ete. [t was observed that, in most cases, the paper’s ti-
tle, section/sub-section headings, chapter headings, fig-
ure captions, table titles, mathematical text, and impor-
tant terms (in the context of the document content) are
written in a style other than the normal ones.

The initial concern of this paper is to present image-
based approaches for the detection of character style and
size for each word. The detection of type style for words
helps in finding the paper’s title, section headings, sub-
sections or chapters without actual character recogni-
tion. In addition, it helps in spotting some terms that
are important in the context of the docnment. The list
of such important terms helps in identifying some of the
keywords from the document image.

Identification of italic-styled words has another im-
portant application in the field of OCR. Baird and Nagy
[2] demonstrate that a significant improvement in recog-
nition accuracy of an OCR system could be achieved
by utilizing the font information. Studies on font recog-
nition by Khoubyari et al. [13] and Zramdini [28] also
point in this direction. We have observed that the per-
formance of many commercial OCRs deteriorates with
style variations. The depradation is drastic with italic
style, which increases with the increase in the slant angle
of italicized characters. If our system for identification of
word-type style is used to detect the italic words and the
corresponding slant angle is computed, then words can
be de-italicized by an inverse shearing transform corre-
sponding to the slant angle. If we feed the result to the
OCHR system then a sipnificant improvement in the recog-
nition rate can be achieved. The detection of italic style
is easier and faster than identification of exact character
font.

This paper is organized as follows. Section 2 describes
the detection procedure of italic, bold, and all-capital
words. A smart approach for determining the character
size & also outlined in this section. In Sect. 3 the useful-
ness of identifying type style and font size & discussed.
The results of using the proposed methods on real data
are presented in Sect.4. Section § concludes the paper
and discusses the scope of future work.

2 ldentification of type style
and font size for words

First, we consider the identification of words that are
written in italic, bold or in all-capital style. The follow-
ing three sub-sections are dedicated to this. Next, we
consider the meassurement of character size in Sect. 2.4,

2.1 Detection of italic wornds

If the words of a text are in italic style, then their charac-
ters are slanted. We define “slant’ as the angle in degrees
clockwise from the vertical at which the characters are
sheared. Hence, to recognize italic words, our main ob-
jective is to determine the character slant angle.

Earlier approaches to the detection of italic style can
be divided into four groups: (i) morphological analysis
of the image; (ii) statistical analysis of stroke patterns;
(iii) component analysis; and (iv) a knowledge-based ap-
proach. Bloomberg [3] used an interesting multiresolu-
tion morphological analysis that detects italic words us-
ing hit-and-miss transforms (HTM). In this author’s ap-
proach, a structuring element (SE) is constructed, as-
suming that a distinguishing feature for italic words is
that the edges are inclined at about 12 degrees from the
vertical. However, such an SE is a somewhat weak filter
as the slant angle varies from one particular font to an-
other. Furthermore, it is prone to image variation and
S,

Among the studies based on the statistical analbysis
of stroke patterns, Shi and Pavlidis [23, 24] used the
histogram of stroke slopes for separating italic versns
non-italic styles as well as serif versus sans serif fonts. In
their study [24], they considered documents where the
whole text is typed in italic or upright (normal) style. In
other approaches, Tsirikolias et al. [27] used a moment-
based approach to recognize slanted characters. Kim and
Kwon [14] suggested a method based on sampling and
quantization to recognize the skewed characters, while
Sun and 51 [25] used gradient direction for the detection
of slanted characters from document images having few
italic words. However, the detection of italic words was
not the main concern of the last three studies.

Doermann et al. [8] identified italic words by con-
structing a minimum upright bounding parallelogram for
each component, but did not provide any detail. Among
the knowledge-based approaches, Baird and Nagy (2] de-
tected the italic styles utilizing the font information.
They used a 100-font classifier, which was automatically
adapted to a specific font. Khoubyari and Hull [13] pre-
sented an interesting work on font detection by recopniz-
ing the frequent function words such as "the', "of’, "and’,
a', "to’, ete. Zramdini [28] detected italic style as a part
of his study on font detection. He calculated the first
derivative of the horizontal projection profile and wsed
it as one of the features stored in the knowledge base.
None of the above studies presented the success rate for
italic word detection.

In our approach, we have used the simple shape in-
formation of English characters. [t & observed that most
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English characters (irrespective of upper and lower case)
show at least one of the two properties defined below:

Property 1. The character has at least one straight-
line segment that is 80% or more of the total character
height. If such a line exists then it is almost vertical
for normal-styled characters and slanted for italic-styled
characters (see Fig. 1).

Property 2. The character has a single black run if we
scan horizontally at the top and bottom row. For such a
character, let the midpoints of the black run at the top-
most and bottom-most row be M) and Ma, respectively.
If we draw an imaginary line through A, and Ms then
the line is vertical if the character is in normal style and
slanted if the character is in italic style. Figures 2a and
2h show the midpoints M; and Ms for the character 'S’
when it is in normal and italic style, respectively.

We use the abow two properties in a hierarchical
fashion. Property 1 is tested for first. For the charac-
ters that do not exhibit property 1 we test for property
2. In both cases, we start horizontal scanning from the
row which is some rows (say, two rows) below the actual
top-most row and stop at the row which is some rows
{=ay, two rows) above the actual bottom-most row. This
provides immunity to serif and sans serif style variation
and the noise at the contour.

To test for property 1 we draw all possible straight
lines satisfying property 1 and for each such straight line
we caleculate the slant angle defined before. From these
slant angles we get a measure of the overall slant of the
character. If the calenlated slant angle is #, then for

— iy = @ = &y we decide that the character is in italic

style.

— 8 = & we decide that the character is in normal
style.

— 8 = s we delay our decision till property 2 is tested
for

where ¢4 and @ are two predefined threshold valnes
used to provide immunity to imape variations and noise.
It is interesting to note that property 1 is able to distin-
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Fig. 3a—c. Detection of italic words: a,b italic characters
detected through the test for property 1 e italic characters
detected through the test for property 2

puish italic vs non-italic styles for 30 out of 52 Enpglish
characters inclhiding both upper and lower cases. The
characters for which this discrimination is achieved are
listed in Fig. 3a. For some characters (like 'z’ or '2") that
contain a slanted part even in normal style, we get a very
large slant angle (which iz beyond our threshold) and in-
voke the test for property 2. On the other hand ., there are
eight characters (see Fig 3b) that do not have any ver-
tical line but contain both slanted left and right lines.
They have vertical shape symmetry when they are in
normal style. Hence, during the test for property 1 these
characters show nearly zero slant angles when they are
in normal style and give positive values when in italic.
Thus, italic /non-italic style for 38 out of 52 characters is
detected at this stage.

For the rest of the characters, where the test for prop-
erty 1 does not succeed, property 2 is tested for. If M,
and My exist according to property 2 then the angle
made by the line M, M; with the vertical is considered
as #. Then the decision is made nsing the first two condi-
tions given above. If # does not satisfy any of these two
conditions (we have not come across any such situation)
then consider the character as a normally styled one.
From typographical knowledge and testing on a large
set of talic texts, we set @ = 8° and @5 = 20°. The test
for property 2 distinguishes italic/non-italic styles for 13
characters (see Fig. 3¢) for which style (italic /non-italic)
detection could not be done through the test for property
1

Thus, italic style for 38 + 13 = 51 characters can
be correctly identified. No decision can be made for the
character ('Y"). But this hardly affects our final pgoal
of detecting italic words because, after all the charac-
ters within a word are classified, the majority voting ap-
proach is wsed. A word-level decision (whether the word
is italic) is taken by counting the majority of the styles
(normal or italic) in which the characters within the word
are printed.
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2.2 Detection of bold words

Extraction of words in bold-type style is a more difficult
problem. A bold character is mostly identified by the
thickness of character strokes. However, stroke thickness
in a scanned image may differ significantly from that in
the original document . This & mainly due to two reasons:
(i) image degradation because of paper quality, print
quality, photocopying, ete.; (i) choice of inappropriate
threshold walues for gray tone to two-tone conversion,
ete.

Very few researchers have studied the problem of de-
tecting holdface words. Among earlier studies, Bloom-
berg [3] adopted a multiresolution morphological anal-
veis for this purpose. He used two structural elements
(5E) for thinning vertical lines from left and right. In his
approach, the imapge is progressively thinned in the hori-
zontal direction. At each thinning iteration, the mmber
of black pixels is counted and a ratio of previous/current
counts on successive iterations is constructed. If there &
a small amount of bold text intermixed with normal text,
at some point the majority of the normal text will disap-
pear. No success rate for the detection of bold words i
discussed. Doermann et al. [8] also identified the boldface
words wsing a morphological approach. They applied an
erosion transform but did not provide any details.

We observed that the thickness of some or all stroke
segments of bold characters i more than t hose of normal
characters. Based on this relative thickness, bold char-
acters can be of two types (see, Fig.4). In one type, all
stroke segments of the character are more or less uni-
formly bold (thick) as in Fig. 4a. In another type, some
strokes are bold while others are normal (or even thinner
than normal) as in Fig 4b. Our idea is to detect the bold
strokes by measuring their thickness.

To do so, we compute the mp-length of black pixels
along several directions at some boundary points. Con-
sider the starting point for each new run of black pixels
for each horizontal row scan and measure the run-lengths
in three directions namely, horizontal, +45° (ie. up-
ward ), and —45° {ie., downward) directions. For a point
P (see Fig 5). let the run-lengths in these three direc-
tions be wy( P), w,(P), and wy{P), respectively. We take
the minimum of these three values as the thickness w( P
at point P ie., w(P) = minfwy(F), w.(P), wg(P)]. Ata
particular point P, we consider its thickness w({P) pro-
vided the thickness in the neighborhood of P along the
bowundary of the stroke is nearly equal to w(P). In this
way, thickness at inconsistent points, such as corner and
serif, are avoided. Let O, denote the nnmber of stroke
border points at which the thickness w is encountered.
Consider the histogram O, against w. For the characters
in Fig. 4a, the histogram will be unimodal, while for the
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Fig. 5. Detection of bold characters: thickness at a stroke
boundary point
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Fig. Ga—d. Detection of bold characters: W ovs O, histogram
for a a normal (uniform) character b a bold (uniform) char-
acter € a normal (non-uniform) character d a2 bold (non-
uniform) character

characters in Fig. 4b the histogram will be himodal. This
is shown in Fig. 6.

Next, we partition the histogram halfway between
the maximum thickness W, and minimum thickness,
Woine. Let, W, = (Whnr + Winin) /2. Now the average
thickness, say wy, of the bold (thick) strokes is estimated
s

ﬂ:=ﬂ‘r.u nr 1”(:1”:

= S 1
Z:==:=:I " c“-‘ { :I
The thickness of character strokes depends on the
character size (height). We classify a character as bold
for which 1y & more than o times (o < 1) the character
height. From typographical knowledge and testing on a
large set of bold texts, we choose o = 0.20. The above
process is repeated on each character of the word.

2.3 Detection of all-capital worids

The detection of words in alkcapitals style & relatively
easy. An English line {or word) can be partitioned into
three zones as shown in Fig. Ta. In our approach, zone
detection is carried out on a text ine. First, the nnmber
of black runs {or crossing counts) is calenlated for each
horizontal row scan. Next, a histogram is constructed
for crossing count () vs row-number (i). Figure Th
shows the histogram for the text line shown in Fig. Ta
The histogram has four peaks estimating the four virtual
lines that actually define the three zones as shown in
Fig. Ta.

— Hy,, = max{i such that Cy[i] > 0}.

— Hypeom = min{i such that Cyfi] > 0}



142 B.B. Chaudburi, 1. Garain: Extraction of tyvpe style-based meta-information from imaged documents

b

Mo Enghsh text Line has three zoncs.ﬁiﬁ:‘:ﬁ
a

Lottort

Fig. Ta,b. Detection of three zones of an English text line: a three zones of an English text line b zone detection through

histogram of hordzontal crossing counts

— Hyyee = 1 such that Cyfd] - Cy[é-1] is maximal.
— Hypper = i such that Cyli] - Cyli-1] is minimal.

Among these three zones, we are interested in npper
and middle zones since any capital character covers only
these two zones. In our experiment, we do not encounter
any text line (a text line may consist of 10-30 words)
having all characters lying in the middle zone. On the
other hand, if a text line shows only one zone then we
decide that all words in that line are capital ones. How-
ever, all the words in a text line may not be in capital
letters. To detect oceasional all-capital words in a text
line, we detect the three zones and group the characters
into the following subsets:

— Subset 1. Characters having their parts only in the
middle and in the upper zone.

— Subset 2. Characters which do not belong to sub-
set 1.

Since all the capital characters belong to subset 1,
we are interested in that subset. However, as shown in
Fig. & there are some small (lowercase) characters that
also belong to subset 1 and we want to distinguish them
without doing any character recognition. The following
two stages are used hierarchically for this purpose. Fig-
ure 9 shows the characters for which the capital style is
detected at each stage.

Stage 1. At first, we check the number of black runs (or
cross count) in the horzontal scan for some rows just
above the middle zone. If we get at least one black run
then the processing of stage 2 is invoked for that charac-
ter. A zero black run implies that the character & not a
capital one. If the number of black runs is greater than
one, we declare that the character is capital. In fact, the
processing of stage 1 requires very little computational
effort as the cross counts for the rows are calenlated be-
fore while detecting the three zones of a line.

It is interesting to note that 19 out of 26 uppercase
characters are detected wsing this simple feature at stape
1 (see Fig. 9). For some serif fonts, though rarely used,
the lowercase character 'f' is identified as having a capi-
tal style at stage 1. Another confusion arises for the pat-
tern "ff” (where two f's touch each other). Such problems
hardly affect our final decision since we take a majority
decision for word classification.

Stape 2. When stage 1 fails to identify case informa-
tion stage 2 is imoked. Let [ be the run-length of black
pixels of the row for which we get a single bladk run in
stage 1 and let L be the maximum run-length of black
pixels obtained among rows in the upper zone. Then the
following decisions are taken:

— if { = L/2 then the character is capital,
— otherwise the character is small.

patTnkKit

Fig. 8. Small characters that belong to subset 1

AHCOEFGHI
I MHMOPERSTI
WA A Sbdt kI

= ¥
[;h;nl Fonakat Thak e ronfw o

hlazs nms (Coossicg oot £ socme Tores
A o The WUkl Tk

H“\.[-:!'%‘mg‘mzl
CPIJLT
hahlit

Eﬁu}.—g:m:}bf’#i
HECDEHK
L e L .

S Y

e 2ok
Ca'rnles w0 walns
Wimad I,

L RF ety T s L2
a T
FFET (I I oy

kot

Fig. 9. Detection of all-capital characters

Figure 10a shows that the | of the lowercase char-
acter (having character parts in the upper zone) almost
equals L whereas, in Fig. 10b | is much less than L /2 for
the capital character. In Figs. 10a and 10b, rows (just
above the middle zone), for which a single black run is
obtained in stape 1, are shown by the white stripes on
the character images.

Confusion arises for three capital characters '1', 1",
and 'L’ Among them, the identification of '1" is easier in
English text, as it often ocenurs a8 a separate word whose
width (or aspect ratio) is minimum. The capital style
of character "L & detected by identifying the horizontal
line segment at the bottom position. In our approach, ex-
plicit capital-style detection for the character 'J]" is not
done for two reasons: (i) the occurrence of ' is rela
tively rare; and (ii) the final decision regarding a word
style (capital or small) is taken by caleulating the ma-
jority of the style {capital /small) in which the individual
characters are printed. The success rate for the detection
of capital style at the word level is presented in Sect. 5.

2.4 Determination of character size

Character size is determined by calenlating the character
height in terms of the number of pixels. The algorithm
for the determination of character size picks one line at a
time and caleulates the height of the middle zone, which
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is called the character x-height. The three zonal divisions
of English text have been discussed above. Let H be the
x-height of the text line, say T, being processed and let
H, be the x-height for known character at point-size, say
FP. The character size for the characters of T is caleulated
s

H—-H
FPl=P+int | ——F +sign(H — H,) x 0.5 (2)

h
where, I is the increment in x-height when the character
size changes from point size P to point size P41,

P, H,, and h of (2) are known for a particular scan-
ning resolution and H is caleulated for a character of un-
known size. The x-height of a character may vary from
one font to another at a fxed size. Thas, instead of exact
character size we get an appropriate value that & very
near to the actual one. If any confusion arises during
determination of character size for a word, contextual
information, such as the character size of the surround-
ing words, & used to resolve it.

In our experiment, we use P = 10 H, and h are set to
18 and 2, respectively, where documents are scanned at
300 dpi. But the lines containing words with all capital
characters do not exhibit the three zones of a text line.
However, we detect all-capital words prior to the deter-
mination of character size wsing the approach stated in
Sect. 2.3. The character size for alkcapital words is de-
termined using the same expression as in (2) but using
different values for H, and h. For example, we use H,
=28, h = 3, for P = 10 where the scanning resolution
is 300 dpi. The details of the experimental results are
discussed in Sect. 4.

3 Usefulness of identifying type style

and font size

ldentification of different type styles and font size has
various applications in the field of document image anal-
vsis (DIA). One of these is to improve the recognition
accuracy of an OCR system. It is observed that the per-
formance of existing text recognition systems degrades
as the type styles deviate from the normal. In this sec-
tion, we propose a simple but efficient technique to take
advantage of homogeneons type style to improve accu-
racy in character recognition.

Another useful application of identifying type styles
and font size is to provide some QOCR-free dooument pro-
cessing for technical articles. Most of these documents
are organized under title, section, sub-section or chapter
headings. In this section, we outline how these headings
are extracted using type style and font size information.

Momal style text may be easierto read

Norma! style text may be easiar to regd

Fig. 11. Examples of text printed in normal and italic style
in the same font

Italic, bold, and all-capital words typically have spe-
cial significance m a document. Once identified, they
can be wsed a8 keywords for automatic indexing into a
database of scanned document imapges. This has been
quantitatively demonstrated in the next section.

3.1 Improvement of OCK performance

It is observed that the OCR systems produce good re-
sults when a document is printed in normal style and in
commonly used fonts. However, whenever there i any
deviation from the normal in font as well as in style,
recognition accuracy degrades. Hence, information about
the font and style of the text may be used to improve
the performance of an OCR system [2, 13, 23, ?.8]

Here we do not attempt to identify the character
fonts but propose a practical approach to improve char-
acter recognition accuracy. Compared to normal char-
acters, the italic characters differ significantly in shape.
Figure 11 exhibits two text lines, one in normal, and
the other in italic style in the same font. The perfor-
mance of many commercial OCR systems deteriorates
with style variations and the degradation & drastic with
italic style. We noted that the recognition score contim-
ally decreases with increases in the slant angle of the ital-
icized characters. A typical example is shown in Fig. 12,

To improve the performance, we run our italic detec-
tiom algorithm on the document. Onee a word is detected
as italic, the slant angle & computed and the word is de-
italicized by an inverse operation. Thus, all words in the
document become homopeneous regarding sty le. Next,
the resultant document is fed into the existing OCR sys-
tems. We observe that better recognition accuracy could
be achieved through this approach. Figure 12¢ shows the
text in Fig 12a after de-italicizing the italic words. Fig-
ure 12d exhibits the OCRH output when the document in
Fig. 12¢ & processed. Here the misrecognition rate has
been reduced from 6.85% to 0.33%. Further results are
presented in the next section.

3.2 Extraction of headings and other meta-information

To extract headings, at first, we take the vertical pro-
jection profile of the document and extract the regions
surronmded by larper white spaces. In each extracted re-
gion the type style for each word is checked. If all words
{or the majority of them) are written in italic, bold or
all-capital style, or the size is larger than the normal,
then we may decide that the line or lines in that region
is & kind of heading. Headings are categorized by using
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Fig. 12a—d. Improvement of the QCR system performance: a italic styled text b OCR output of the text in part a ¢

de-italicized text of part 2 d OCR output of the text in part ¢

the conventions for preparing paper documents. A head-
ing is kentified as the main title of the article by its
font size (ie., if the font size s the largest one). Physical
position (i.e., layout information) also helps us to reach
such a conclusion. Other headings, such as section or
sub-section titles, are also identified and categorized by
examining their size and position in the document im-
age. For a multi-column document we assume that the
column segmentation is already done. The segmentation
method by Jain and Yu [11] or by Pavlidis and Zhou
[18], for example, may be used for this purpose.

In some cases, there exist wide white spaces abowe
and for below the author names, fipure captions, table
titles, ete., and these texts are generally written in italic
or in bold style. Regions containing such text are ako
extracted. The fipure caption & identified by finding a
non-textual region [18] just above the extracted region.
Similarly, the region containing a text for table titles
can also be detected by finding a table structure [10]
just above or below the region. Regions extracted by
examining the white space around them may alko contain
other types of text, such as mathematical expressions.
These are useful meta-information that can be extracted
and stored separately for an imaged document.

Sometimes, nstead of a heading, & whole paragraph
may be extracted by using the white space heuristics.
Such situations can be mvoided by looking at the word
type styles, because words in a paragraph are written
in normal style only. In Figs. 13a and 13c the imapes of
two successive pages of a technical paper taken from the
proceedings of the 14th ICPR are shown. Figures 13h
and 13d show the extracted regions from Figs. 13a and

13c, respectively. These regions have wide white spaces
around them and contain words in italic, bold or all-
capital styles only. Since the abstract in Fig. 13a s writ-
ten in italic style, the region that contains the abstract
is also extracted along with the headings as shown in
Fig. 13b. Similarly, the mathematical equation of Fig. 13¢
is alo extracted and shown in Fig, 13d.

4 Test results

The proposed methods are implemented on a 166 MHz
PC with 32 MB BAM using 'C’ language. The algo-
rithms are tested on a database of two hundred pages. On
the average, each page contains about fifty lines and each
line contains about ten words of printed English texts
in different font style. Details of the database are given
in Thable 1. Apart from real-life documents, 20 pages are
prepared nsing software packages like the LaTeX format-
ting system [15] and MS-WORD 97 [17]. These pages are
more or less clean and noise-free doenuments and contain
a relatively large nmumber of italic, bold, and all-capital
words. The alporithms are tested on another 25 papes
that are degraded wersions of the nosefree documents.
There are a few models [1, 12] for generating degraded
documents from noie-free versions. We follow the model
proposed by Kanungo et al. [12] and generate the de-
graded documents synthetically.

The success rate in identifying italic, bold, and all-
capital words are shown in Table 2. Since we take the
word-level decision by counting the majority of the styles
in which the individual characters within the word are
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portions from the image in part a ¢ image of another page of & technical paper d extracted portions from the image in part c
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Table 1. Database used for testing algorithms

Source Number of pages
Proceedings of 5th ICDAR i
Proceedings of 4th ICPR i

Univ. of Washington English 35
Document Image Database 1

Noizse-froe documents 20
Degraded documents 25

Table 2. Identification of word type styles

Font Recognition rate (%) for
Italic Baold All-capital

Char  Word  Char  Word  Word
Times O6.43  99.82 9570 9.5l 9002
Avrinl 97.35 9991 9750 UTE 100
Courier 9565 99.57 0515 0945 0003
Gothic a7.43 9087 9776 ODEl 9008
Roman — 96.60  09.62 9695 9060 0008

Table 2. Identification results for degraded documents

SNR Recognition Rate (%) for words in
(in DB) Italic Bold  All-capital

20 D034 0063 DES

15 DEGHT  OR02 O34

10 96.12  95.52  U97.91

i D476  03.22 9506

printed, we note that the recognition rate at the word
level & far better than that at the character level. Ex-
periments show that the methods are quite robust on a
variety of fonts and font sizes. The operational speed for
identifying italic and bold words is about 1.9 Mpixel/s
and 1.2 Mpixel/s, respectively. The detection of all-
capital words is much faster at a rate of 3.8 Mpixel/s.
As a comparison, Bloomberg [3] reports the speed of 1.3
Mpixel /= and 0.5 Mpixel/s, for detection of italic and
bold words, respectively.

As mentioned, a model due to Kamingo et al. [12]
was nsed to generate degraded documents. The model
accounts for: (i) picel inversion (from foreground to back-
growund and vice versa) that occurs independently at each
pixel; (i) blurring; and (iii) perspective distortions. Pixel
imversion occurs due to light intensity fluctuations, sen-
sitivity of the sensors, and the thresholding level, ete.,
wheress blurring oceurs due to the point-spread funce-
tion of the scanner. Perspective distortions oceur when
a thick book is scanned under the flatbed scanoer. Fig-
ure 14 shows a degraded imape penerated from a por-
tion of a noise-free image. Table 3 shows the recognition
rate for italic, bold and all-capital words in the degraded
documents. 1t shows that owr algorithms perform with
accuracy higher than 95% even for depraded documents
having an SNR equal to 10 dB.

Table 4. Determination of character size

“haracter size % of correct  Errors

(in Points) estimation (Erroneous Pt sizes
are in brackets)
i 08.45 0.35% (5 Pt)
1.2% (8 Pt)
8 08,67 0.26% (6 Pt
L.O7% (9 Pt)
0 0883 0.19% (8 Pt)
0.98% (10 Pt)
10 09.12 0.23% (9 Pt)
0.65% (11 Pt)
11 08.76 0.42% (10 Pt)
0.82% (12 Pt)
12 99.17 0.17% (11 Pt)
0.72% (14 Pt)
14 08.93 0.47% (12 Pt)
0.60% (16 Pt)
16 099.07 0.28% (14 Pt)
0.65% (18 Pt)
18 09.05 0.52% (18 Pt)
0.43% (20 Pt)
20 09.17 0.24% (18 Pt)
0.69% (22 Pt)
24 99.02 0.37% (22 Pt)
0.61% (26 Pt)
36 08,97 0.25% (34 Pt)
0.78Y% (38 Pt)
48 09.11 0.21% (46 Pt)
0.68% (50 Pt)
72 09,23 0.21% (68 Pt)

0.56% (70 Pt)

COur method of determining character size shows sig-
nificant accuracy. The results are presented in Table 4
where the percentapge valies are measured based on the
mumber of words. Here, the errors oceur because (2] does
not alwiys give the exact character size for all the words.
This is due to the following: (i) the x-height of a char-
acter may vary from font to font for the same point-size
{for sans serif fonts the x=height of a character is slightly
larger than the corresponding x-height of the character
in serif fonts at the same point size); (i) the method de-
termines the character size not on a word-basis but on a
line-basts. Thus, if there is an solated word printed in a
size larger than the other words in the sentence then it is
difficult to detect this larger-sized word. However, in our
experiment we have not encountered any word printed
in this fashion and it & indeed a rare possibility in a
technical document. We have tested our method using
both serif and sans serif font families.
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Table 5. OCR accuracy for italic words

Font Recognition Rates (%)
Original  De-italicized

Times italic 99.15 99.75

Arial italic HERTY ) .52

Courier italic  D8.55 9945

Gothic italic DE.70 .80

Roman Italic  70.65 .55

To test the efficiency of our approach to improve the
performance of OCR systems, we took pages that con-
tain a reasonable mumber of italic words. At first, a doe-
ument is processed by an existing OCR system and the
recognition output for the italic words is checked. For
this purpose, we used the popular OCR system "Omuni-
Page Version 4.0)'. Next, our method for identifying italic
words is applied to the document. Once identified, the
italic words are de-italicized by the estimated slant an-
gle, fed to the OCR system, and the output & compared
with the earlier one. The details of this comparison are
shown in Tahble 5.

Our method for extracting logical labels from the
technical articles is tested on 40 technical papers taken
from the proceedings of the 14th ICPR, the 5th ICDAR,
and from some other sources listed in Table 1. Here,
emphasis was put on extracting five types of informa-
tion, namely: (i) paper title; (ii) paper abstract; (iii)
section /sub-section headings: (iv) figure captions; and
{v) table titles. The results of extracting these labels are
shown in Table 6. It is noted that all the paper titles are
extracted from each of the 40 papers with 100 percent
accuracy. In 32 papers, the paper abstracts are typed in
italic style and they are extracted properly. However, for
the remaining eight papers, abstracts are not extracted
because they are printed in normal style and size.

Out of a total of 268 section and sub-section head-
ings, 264 headings are extracted accurately. This shows
98.5% accuracy in extracting different labelkheadings
from an imaged document. Our algorithm fails to extract
four section-headings properly. Of these, in two cases, the
heading & partly extracted, but in the two other cases
complete failure is noticed. On the other hand, for three
cases, normal text lines are misidentified as sub-section
headings. It is observed that each of these three lines

Table 6. Extraction of logical labels and other information
(results are computed on 40 technical papers)

Type of information  #ltems in - #Properly

test data extracted items
Paper Title 40 40
Paper Abstract 40 32
Section/sub-section 268 264
Heading
Figure Caption 152 121
Table Title 43 20

contains a few acronyms typed in all-capital characters
and, hence, the error in identification has ocourred. Sim-
ilarly, 121 out of 152 fipure captions and 29 out of 43
table titles are properly extracted. They are extracted
based on only the white space around them and word
type style information. Use of other layout information
will increase the accuracy in extracting fipure captions
and table titles.

Earlier we stated our observation that italic, bold,
and all-capital words typically have special significance
in a document. To verify this, we considered 40 technical
articles where each article is treated as a single docu-
ment. For these documents, our methods for identifying
italic, bold, and all-capital words are first applied. Once
identified, these words are extracted and tagged with the
respective document name to which they belong. Next,
the documents are processed by an OCR system and
are converted into computer-readable text. For each of
these document texts, the term frequency for each word
is calculated. A list of words (L) is built for each doc-
ument and is sorted according to the descending order
of term frequencies. L, excludes the stop words that are
maintained in a predefined list of such words. To test the
importance of the previously extracted italic, bold, and
all-capital words, the ranks of these words are maoually
checked in L, for each of the documents under consid-
eration. We have observed that on an average 3.1 italic,
bold or allcapital words are inchided in the list of the
ten most frequent words in the documents. A snmmary
of the results of this experiment on 40 documents & given
in Table 7. Table 8 presents more detailed results for ten
documents.
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Table 7. Summary of results on the importance of italic,
bold, and all-capital words

Doc. I Total # [talic, # Italic, bold, and
number  bold and  all-capital words
of words  allcapital in the list of
words top N mostly frequent
words in the document
N=100 N=20 N=5
410 FI2.680 5,240 41 4.7 JIVRH

Table 8. Hesults of the experiment on the importance of
italic, bold, and all-capital words

Doc. I Total # Italic, # Italic, bold, and
number  bold and  all-capital words
of words  all-capital  in the list of
wards top N mostly fequent
waords in the dooument
N=10 N=20 N=50
Doc-1 BO6T 230 b i 17
Doc-2 7070 1493 4 T 15
Doc-3 HRE I 151 4 £ 12
Doc-4 6,258 105 3 o 12
Doc-5 LW LI 212 3 o 15
Doc-6 BOT3 121 3 ) 11
Doe-T RIS 113 3 4 9
Doc-8 7003 141 3 o 10
Doc-9 4,701 3 3 4 )
Doc-10 3,145 o 2 4 )
Tatal 64,974 1.413 33 al 119

5 Discussion

Some simple and efficient algorithms for the antomatic
detection of italic, bold, and all-capital words have been
developed. All approaches are applicable for text in the
English (Roman) alphabet only. In this paper, we do not
consider nnmeralks and other symbols. The algorithms
are largely font and size independent. Actual character
recognition is not required in detecting the words. The
application potentials have been discussed in the con-
text of spotting important terms and for extracting use-
ful meta-information from documents. Our experiment
for spotting important terms based on type styles shows
that the approach can be used to detect keywords for an-
tomatic indexing into a database of scanned document
imape. On the other hand, de-italicization of italic words
shows significant improvement in OCR accuracy.

IR systems [16, 21| are mostly used to extract in-
formation from computer readable text. Attempts have
been made recently for IR from paper-based documents.
One possible approach is to integrate the OCR device
with IR systems. Studies by Taghva et al. [26] are di-
rected towards the mtegration of OCRH and IR tech-
nologies. Their studies indicate that the traditional 1R
approaches are also applicable for OUR-penerated text.

However, the typographical aspects (or format informa-
tion) are lost once the documents are OCRed. If iden-
tified, these aspects can be used to improve the R ef-
ficiency from the paper documents. For example, type
style and the font size of a word typically indicate its
special significance in a document.

At present, we are trying to outline an efficient ap-
proach for integrating type style and font information
in the IR from paper-based documents. Our approach is
centered on the vector space model [20] where a docu-
ment is represented as a list of terms or keywords with
associated weights, The words or phrases are considered
as terms and the weight corresponding to a term is a
measure of its importance in representing the informa-
tion in the given document (19, 22].

In our approach, the weight of a term is incremented
by some value based on its style and size information.
The determination of the amount of increment is subject
to rigorous experiments. Our initial approach for mod-
ifying the term weights has been tested on a document
database consisting of 200 document files and 20 queries.
All these documents are OUR-penerated from their re-
spective paper documents. We compare our method of
assigning term weights with that of a vector space model.
It is observed that the term weights to the terms hav-
ing a type style different from normal and having a size
larger than the predominant size, are assigned in a more
judicions way than they were just after applying the vec-
tor space model. These modified weights change a docu-
ment's rank in a positive way and improve the retrieval
efficiency against a given query. However, to reach a fi-
nal conclusion, our approach has to be tested against a
database much larger than the one we have used. We
plan to report our final results elsewhere.

Actknowledgerments. The authors would like to thank De. M.
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