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Abstract

This paper reports a document retrieval technique that retrieves machine-printed
Latin-based document images through word shape coding. Adopting the idea of im-
age annotation, a word shape coding scheme is proposed, which converts each word
image into a word shape code by using a few shape features. Thetext contents of
imaged documents are thus captured by a document vector constructed with the
converted word shape code and word frequency information. Similarities between
di�erent document images are then gauged based on the constructed document vec-
tors. We divide the retrieval process into two stages. Basedon the observation that
documents of the same language share a large number of high-frequency language-
speci�c stop words, the �rst stage retrieves documents with the same underlying
language as that of the query document. The second stage thenre-ranks the doc-
uments retrieved in the �rst stage based on the topic similarity. Experiments show
that document images of di�erent languages and topics can beretrieved properly
by using the proposed word shape coding scheme.

Key words: Multilingual Document Retrieval, Document Image Analysis, Word
Shape Coding, Language Identi�cation

1 Introduction

With the proliferation of digital libraries, more and more documents of dif-
ferent qualities and languages are being scanned and archived without OCR
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(optical character recognition) during the document digitalization process. In-
formation retrieval [20], which has been studied extensivelyin the literature,
is required to facilitate the access of these archived document images.

In a traditional retrieval scenario, document images need tobe �rst converted
to the character-coded text through OCR. However, as studied in [17,22],
the main drawback of OCR for the document retrieval purpose lies with its
speed. With an increasing number of documents being scanned andarchived,
to convert all of them to character-coded text has been proved to be a time-
consuming process. More importantly, in a multilingual environment, language
is still a prerequisite and manual routing is required by most generic OCR
systems, which cannot identify the underlying language of incoming document
images automatically. This further slows down the OCR processand at the
same time makes the OCR prohibitively expensive. Under such circumstance, a
faster and more e�cient document retrieval technique is required to access the
text information that is encoded within a huge amount of imaged documents.

Some works [4,15] have been reported to retrieve imaged documents directly
without OCR. In particular, the reported work can be roughlyclassi�ed into
two categories, namely, the works [1{3,8,9] that retrieve imaged documents
through word image matching and the works [14,16,17,22{26]that retrieve
imaged documents through word shape coding. Some word image matching
techniques have been reported to perform the keyword spotting and the doc-
ument image retrieval tasks. The earlier work by Hull [8] proposes to measure
the similarity between imaged documents according to a set of numeric \de-
scriptor". Later, he proposes to measure document similarity byusing the pass
codes of fax images [9]. In the work by Chenet al. [3], a hidden Markov model
is utilized for keyword spotting where input is constructed byusing word con-
tours and the autocorrelation of column of pixels. In anothertwo works by
Chen et al. [1,2], the contents of imaged documents are summarized through
grouping word images into equivalence classes.

Some character shape coding schemes as alternatives to OCR have also been
reported for the document image retrieval. The idea of these reported character
shape coding schemes is quite similar. Firstly, character images are converted
into a set of pre-de�ned codes. The generated character shape codes are then
grouped into higher-level word shape tokens. Finally, the contents of imaged
documents are characterized by the produced word shape tokens and their
frequencies. For example, Nakayama classi�es characters into seven categories
and then uses the converted word shape tokens for content word detection
[16] and document image categorization [17]. Similarly, Spitz et al. take a
character shape coding approach for keyword spotting [23], document image
categorization [24], and document image retrieval [22]. The main limitation of
the character shape coding approach described above is that itis very sensitive
to text segmentation errors. Consequently, for documents of a low quality that
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contains a large number of touching or broken characters, it may degrade the
coding performance severely.

In [12,13], we report a languages identi�cation technique by using a word
shape coding scheme, which converts each document image into an electronic
document vector that captures the contents of image documents e�ciently. In
this paper, we adopt that word shape coding scheme and use it for document
image retrieval. The utilized word shape coding scheme has a few advantages.
Firstly, it is independent of Latin-based languages and so is capable of convert-
ing document images of di�erent Latin-based languages uniformly. Secondly,
the collision rate of the generated word shape codes within andbetween words
of di�erent Latin-based languages is very low. As a result, document similar-
ity in term of languages and topics can be measured properly byusing the
converted document vectors. Lastly, the proposed coding schemeis tolerant
to the variation in text fonts and various types of document degradation.

The proposed technique retrieves imaged documents based on the assumption
that documents of the same language or topic normally share somequantity of
language or topic related words. In particular, we perform the document image
retrieval by two stages of document matching processes. Given a collection of
archived document images of di�erent languages and topics, documents with
the same language as that of the query document are �rst retrieved based
on the similarity between the query document vector and those of archived
document images. After that, the underlying language of the query document
is determined and the corresponding document vectors are re�ned through
the removal of the language-speci�c stop words. Finally, the topic similarities
between the query document and those retrieved in the �rst stageare re-
evaluated based on the re�ned document vectors.

The rest of this paper is organized as follows. Section 2 describes the pro-
posed word shape coding and document vector construction techniques. The
proposed document image retrieval process is then presented inSection 3.
Experiments are then conducted and discussed in Section 4. Finally, some
concluding remarks are drawn in Section 5.

2 Document Vector Construction

This section describes the proposed word shape coding scheme. In particular,
we will divide this section into a few subsections, which deal with the docu-
ment image preprocessing, the word shape coding, and the document vector
construction, respectively.
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Fig. 1. (a-b) two degraded document patches; (c-d) �ltered document patches by
using the adaptive median �lter [10]; (e-f) document binarization and the removal
of connected components of small size; (g-h) �nal preprocessing results after the
removal of single pixel defects.

2.1 Document Image Preprocessing

Document images need to be preprocessed before the word shape analysis.
In [12], we proposed to �rst remove impulse noise by a size �lteringprocess
where the proposed threshold depends heavily on the image resolution. Here,
we instead suppress impulse noise by using a center-weighted median �lter
[10]. Compared with the standard median �lter, the center-weighted median
�lter given below pulls the �lter output to the value of the center pixel and so
keeps the stroke shapes much better:

Y(i; j ) = medianf X (i � s; j � t); 2K copies ofX (i; j ) j (s; t) 2 Wg (1)

whereW refers to a 3� 3 neighborhood window and the parameterK is set
at 1. X (i; j ) and Y(i; j ) give the original and �ltered intensities of the image
pixel I (i; j ). For the two document patches shown in Figures 1(a-b), Figures
1(c-d) shows the �ltering results.

The �ltered document images are then binarized. A large number of docu-
ment binarization techniques [27] have been reported and wedirectly make
use of Otsu's global thresholding technique [18]. The generated binary doc-
ument images are then labeled through connected component analysis [19].
In particular, information including component size, component centroid, and
component pixel list is determined and will be used in the subsequent word
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shape analysis. It should be noted that we assume that the document skew if
existed has been corrected [28] and text blocks have been segmented from the
document background [21].

Though the center-weighted median �lter in Equation (1) suppresses the im-
pulse noise e�ciently, it cannot remove noise of larger size. We therefore fur-
ther �lter out noise of large size as well as text components of small size such
as some small punctuation marks and character ascents and descents (such as
�a and •u) associated with extended Roman alphabets. We set the threshold at
the size of thekth labeled connected component so that the inter-class variance
� s(k) of component size histogram below reaches the maximum:

� s(k) =

h
' (k) �

P S
i =1 i � p(i ) �

P k
i =1 i � p(i )

i 2

' (k) � (1 � ' (k))
(2)

where S refers to the maximum size of the connected components after the
above median �ltering. p(i ) gives the normalized density of component size his-
togram and ' (k) gives the zeroth-order cumulative moment of the histogram.
They are determined as below:

p(i ) = n(i )=N ' (k) =
kX

i =1

p(i ) (3)

where N denotes the number of the connected components after the above
median �ltering and n(i ) gives the number of connected components of sizei .

Currently, most reported character shape coding schemes [16,17,22{24] depend
heavily on small document components such as character ascentsand descents
for character shape coding. Unfortunately, degraded documents normally con-
tain some quantity of noise of similar size, which cannot be di�erentiated from
these small character components and so introduces the coding error. Besides,
for document images of low quality, character ascents and descents are often
touched with the corresponding characters and this further makes them unre-
liable. However, as the proposed word shape coding scheme does not require
these small components, we can just remove them together with noise of sim-
ilar size. For the two degraded document images in Figures 1 (a-b), Figures
1 (g-h) show the �ltered document images. As we can see, impulse noise and
connected components of small size such as the dot over characters \i" and
\j" have been correctly removed.

It should be noted that some single pixel concavities and convexities along
stroke boundaries and single pixel holes within character strokes may a�ect
the ensuing word shape analysis. These single pixel defects can be removed
based on their speci�c neighborhood patterns speci�ed by three�ltering masks
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Fig. 2. The patterns of single pixel defects including single pixel holes in (a) and
single pixel upward convexity in (b) and single pixel upward concavity in (c) .

shown in Figures 2(a-c) where the two masks in Figures 2(b-c) only detect the
upward convexities and concavities (\0" denotes the value of black text pixels
and \1" denotes the value of white background pixels). The single pixel defects
can be detected and corrected as follows:

�pi =

8
><

>:

0 if
P 1

m= � 1
P 1

n= � 1 wm;n � pi = 0

1 Otherwise
(4)

where pi and �pi denote the binarized and �ltered pixel value at (i; j ). wm;n

refers to the weight component within the 3� 3 neighborhood patterns shown
in Figure 2. The symbol� denotes the XOR operator. For the two document
patches in Figures 1 (e-f), Figure 1 (g-h) shows the �nal preprocessing results
where single pixel defects have been compensated successfully. In particular,
the two words \signal" and \races" in Figures 1(a-h) show close views of the
preprocessing procedure step by step.

2.2 Word Shape Coding

Several word shape coding schemes have been reported in the literature. In
this paper, we adopt the word shape coding scheme reported in our earlier
work [12,13] and use it for the document vector construction. Two word shape
features are utilized including the character extremum points and the number
of horizontal word cuts illustrated in Figure 4.

Character extremum points normally lie over upward or downward charac-
ter boundaries. For each preprocessed connected component, its upward and
downward boundaries can be determined by using a vertical scanline that
traverses across the component from left to right. For each round of scan-
ning, the �rst pixel above the middle line and the last pixel below the middle
line constitute the upward and downward text boundaries, respectively. For
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Fig. 3. Six upward text boundary patterns that indicate the existence of upward
character extremum points.

Latin-based text, the upward and downward text boundary normally forms an
arbitrary curve. Character extremum points are de�ned as the local extrema
of those upward and downward boundary curves.

In particular, upward character extremum points can be detected from six
boundary patterns illustrated in Figure 3. The downward textboundary also
takes six patterns, which are actually 180 degree rotation of the six upward
patterns. For example, the upward boundary of character \e" and \i" in the
word \retrieval" in Figure 4 correspond to the two patterns shown in Figures
3(c) and 3(d), respectively. For the sample word image \retrieval", the black
pixels in the word images on the left of Figure 4 illustrate theextracted upward
and downward text boundaries. The black dots in the word images on the right
show the detected character extremum points.

The character extremum point is tolerant to the variation in text fonts and
the text segmentation errors resulting from the low image quality. These two
properties are illustrated by the sample words \retrieval" inFigure 4, which
is typed in \Arial" and \Gloucester MT Extra Condensed", respectively. As
we can see, the characters \a" and \l" within the word on the bottom row
are erroneously connected. With traditional character shapecoding techniques
[16,17,22{24], these two characters will be treated as one connected component
and the resulting word shape code will be totally di�erent fromthe real one.
But character extremum point is able to capture word shapes correctly even
if characters are not correctly segmented. Similarly, the number of horizontal
word cuts, which is equal to the number of intersections between character
strokes within a word image and the middle line of text, is tolerant to the
variation in text fonts and text segmentation errors as well.For the word
image \retrieval", 11 horizontal word cuts can be detected correctly in the
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Fig. 4. The �gure on the left gives upward and downward text boundaries, while the
one on the right shows the character extremum points and the number of horizontal
word cuts. Both features are tolerant to the font variation and text segmentation
errors

presence of font variation and text segmentation errors.

We code word images by using the extracted character extremumpoints and
the number of horizontal word cuts. In particular, the extracted character
extremum points are �rst classi�ed into three categories based on their posi-
tions relative to the x line and base line of text. The �rst category pertains to
the extremum points that lie far above the x lines, which normally lie along
character ascenders. The second category pertains to those lying between the
x lines and base lines. The third category pertains to those lying far below
the base line, which normally lie along character descenders. We denote the
character extremum points within the above three categories as3, 2, and 1, re-
spectively. A word image can thus be converted into a digit sequence through
the combination with the number of horizontal word cuts.

Extremum points of a connected component are coded as follows. Given a
connected component, two digit sequences are �rst constructedby converting
the corresponding upward and downward extremum points from left to right.
The longer sequence is then set as the initial sequence and the shorter one is
checked for the digit \1" or \3". If one of them is found, the digit at the same
position of the initial sequence is replaced by the \1" or \3" because \1" or
\3" are more distinguishable than \2". Take the character \a" in Figure 4 as
an example. Its upward and downward sequences correspond to \2" and \22".
Therefore, the initial sequence is \22" and the extremum points are �nally
coded as \22". If the two sequences have the same length, any of the two can
be set as the initial sequence, which is then updated in the similar way based
on the other sequence. Table 1 lists the coding of 52 Roman letters where the
digits converted from character extremum points and the number of horizontal
word cuts are separated by the symbol \j".

8



Table 1
Shape codes of 52 Latin letters.

Characters Codes Characters Codes

a, n, u, v 22j2 r, x 22j1

b, h, k, A, R 32j2 k 32j1

c, e, i, s, z 2j1 o 2j2

d 23j3 B, D, G, O, Q 3j2

f l, t, C, E-F, I-J, L, P, S-T, Z 3j1 w 222j4

g, y, p 12j2 N 33j3

j 1j1 Y 33j1

m 222j3 M 332j4

q 21j2 W 333j4

H, K, U, V, X 33j2

Each word image can thus be converted into a word shape code that is com-
posed of two parts including the digits converted from character extremum
points and the number of horizontal word cuts. Take the word image \re-
trieval" in Figure 4 as an example. The corresponding word shape code can
be represented by a digit sequence 2223222222223j11 where the two subse-
quences 2223222222223 and 11 separated by a symbol \j" are coded based on
character extremum points and the number of horizontal wordcuts, respec-
tively. For the digit sequence 2223222222223, the digits 22,2, 3, 22, 2, 2, 22,
22, and 3 are converted from the extremum points of characters \r", \e", \t",
\r", \i", \e", \v", \a", and \l", respectively. Figure 5 furth er illustrates the
proposed word shape coding scheme where Figure 5(b) shows the word shape
codes of the word images in the document patch in Figure 5(a).

2.3 Document Vector Construction

Based on the proposed word image coding scheme, a document imagecan be
converted into a document vector through the coding of the contained word
images one by one. In the proposed method, each document vector element
shown below is composed of two components where the �rst refers to a unique
word shape code (WSC) and the second corresponds to a word occurrence
number (WON), giving the frequency of the corresponding word image within
the studied document image.

WSV = [( WSC1 : WON1); � � � ; (WSCNw : WONNw )] (5)
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Fig. 5. (a) A sample document image; (b) the word shape codes converted using the
proposed word shape coding scheme.

whereNw refers to the number of unique word shape code within the studied
document. Therefore, the document vector here is quite similar to the docu-
ment vector constructed by using the ASCII text [20] where the word shape
component corresponds to the term and the word frequency component gives
the corresponding term frequency.

The document vector construction algorithm can be summarizedas follows.
Given a word shape code converted from a word image within the studied
document, the corresponding document vector is searched for the element
with the same word shape code. If such element exists, the word frequency
component of that document vector element is increased by one. Otherwise, a
new document vector element is created and the correspondingword shape and
word frequency components are initialized with the converted word shape code
and one, respectively. The document vector construction process terminates
until all word images within the studied document have been converted and
examined as described above.

It should be noted that codes of two word images match only whenthe dig-
its converted from character extremum points and the numbers of horizontal
word cuts both match perfectly. This is necessary because the digits represent-
ing character extremum points and the number of horizontal word cuts may
overlap and so introduce the coding ambiguity. Take the word \retrieval" as
an example. Its number of horizontal word cuts 11 may be ambiguously inter-
preted as converted from extremum points over character descenders. Besides,
instead of searching for the vector element one by one as done in[12,13], the
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Fig. 6. (a) Constructed document vector based on the document patch in Figure
5(a); (b) re�ned document vector where stop words have been removed.

element within a document vector is arranged in a descending order in term
of the word frequency so that a newly converted word shape code may locate
the matched vector element as soon as possible.

For the document patch in Figure 5(a), Figure 6(a) shows the constructed
document vector where the word shape and word frequency components of
each document vector element is separated by a symbol \:". As Figure 5(a)
shows, only the word \document" appears twice within the studied document.
Therefore, the word frequency component of the word \document" is set at
2 and the word shape code of the second word \document" (highlighted by a
black rectangle in Figure 6(a)) can be accordingly removed from the document
vector. At the same time, the word frequency components of theremaining
words are all set at 1.

To cancel the document length e�ect, the word frequency component of doc-
ument vectors must be normalized as follows before they can beused for
document similarity measurement:

WON i =
WONi

P N
i =1 WONi

(6)

whereWONi gives the occurrence number of thei th word shape code.N refers
to the number of the unique word shape codes within the studied document
vector. Therefore, the denominator term gives the sum of wordoccurrence
numbers within the studied document vector.

11



3 Document Image Retrieval

Given a query document and a large number of database documents that may
be printed in any of �ve Latin languages under study, we dividethe docu-
ment retrieval process into two stages. The �rst stage retrieves documents of
the same language as that of the query, which is based on the observation
that documents of the same language normally share a large number of high-
frequency language-speci�c stop words. After that, the underlying language
of the query document is determined by a few pre-constructed language tem-
plates. Query document vector as well as those retrieved in the�rst stage are
then re�ned through the stop word removal. Finally, the secondstage retrieval
further evaluates the topic similarity between the query document and those
retrieved in the �rst stage based on those re�ned document vectors.

Given a query document and a large number of database documents that may
be printed in any of the �ve Latin languages under study, thereare two op-
tions for the �rst stage retrieval and the ensuing language identi�cation. One
option is to �rst determine the underlying language of the query document
and then retrieve archived document images based on the identi�ed language.
The second option instead �rst retrieves archived document images based on
their similarity to the query document vector and then identi�es the underly-
ing language by using the query document and all those retrieved according
to the majority voting strategy. We choose the second option because of its
robustness where the underlying language can be determined correctly even
though the query document itself is erroneously identi�ed.

3.1 Retrieval of Documents of the Same Language

The �rst stage retrieval aims to return the documents that are printed in the
same language as that of the query document image. We perform this retrieval
based on the similarity between the query document vector and the document
vectors of the archived document images.

Given the query document vectorQ and the document vectorDV of an
archived document image, a temporary word shape code template is �rst con-
structed, which de�nes the vocabulary and is composed of all unique word
shape code within theQ and the DV under study. The similarity between
the Q and DV can accordingly be evaluated by using the cosine measure as
follows:

sim(Q; DV ) =
P N s

i =1 QFi � DV Fiq P N s
i =1 (QFi )2 +

P N s
i =1 (DV Fi )2

(7)
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whereNs refers to the size of the word shape code template.QFi and DV Fi

de�ned below denote the word frequency information:

DV Fi =

8
><

>:

DV won
k if 9 DVk 2 DV : DV wsc

k = WSCTwsc
i

0 Otherwise
(8)

QFi =

8
><

>:

Qwon
k if 9 Qk 2 Q : Qwsc

k = WSCTwsc
i

0 Otherwise
(9)

whereWSCTwsc
i is the word shape code of thei th element in the word shape

code template.Qk and DVk refer to the kth element within Q and DV , re-
spectively. It should be noted that forDV of a large size, the evaluation of
Equations (7-9) may become prohibitively expensive. To reduce the evalua-
tion time, the temporary word shape code template can be constructed by
combining those most frequent words within theQ and DV , respectively (the
�rst 50 most frequent words in our system).

Based on the similarity gauged by using Equations (7-9), archived document
images can be ranked and those of the same language as that of thequery can
be determined by using a similarity threshold. According to the experimental
results described in the next section, similarities between document vectors of
the same and di�erent languages are normally higher than 0.8 and lower 0.4.
Therefore, a similarity threshold between 0.4 and 0.8 can be setto retrieve
document images of the same underlying language properly.

3.2 Determination of Underlying Language

For Latin document images, the direction of the converted document vectors
is normally dominated by a large number of high-frequency language-speci�c
stop words. To measure the topic similarity properly, these high-frequency
language-speci�c stop words must be removed from the converteddocument
vectors. Therefore, the knowledge of the underlying language of the query
document must be determined so that language-speci�c stop wordscan be
removed properly.

We determine the underlying language of the query document based on two
observations. Firstly, Latin documents generally contain a large number of
high-frequency language-speci�c stop words. Secondly, the spelling and so the
corresponding word shape codes of stop words of di�erent languages are nor-
mally di�erent. For each Latin language under study, a language template is
�rst constructed by using the stop words provided by Cross-Language Evalua-
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Table 2
Some most frequent language-speci�c stop words and their word shape code and
word frequency components separated by a symbol \:".

Language Stop words Word shape and word frequency components

English the, of, to 3322j4:0.0578, 23j3:0.0248, 32j3:0.0247

French de, la, le 232j3:0.0543, 322j3:0.0305, 32j2:0.0233

German der, die, und 23222j4:0.0348 2322j4:0.0344, 222223j6:0.0213

Italian di, e, il 232j3:0.0375, 2j1:0.0227, 23j2:0.0193

Spanish de, la, el 232j3:0.0624, 322j3:0.0359, 23j2:0.0306

tion Forum (CLEF) [7]. At the same time, instead of using all listed stop words
as did in [12,13], we just select 50 most frequent and most distinguishable stop
words for each language under study. For the �ve Latin-based languages (Eng-
lish, French, German, Italian, Spanish) under study, Table 2 gives a few most
frequent stop words and the corresponding word shape codes and normalized
word frequencies.

The underlying language of the query document can thus be determined based
on the �ve pre-constructed language templates. In particular, for the query
document vector and each of those retrieved in the �rst stage, �ve cosine
similarities are calculated by Equations (7-9) and the corresponding language
is then assigned to the language template with the biggest similarity. After
that, the underlying language of the query document can be identi�ed by the
majority voting strategy, which is determined to be the same asthe language
template with the largest number of votes.

3.3 Retrieval of Documents of the Similar Topics

Document retrieval by topics aims to rank the documents retrieved in the
�rst stage based on the topic similarity. With the knowledge of the underlying
language determined in the last subsection, stop words are �rst removed from
the query document vector and those retrieved in the �rst stage based on the
stop word lists provided by CLEF [7]. Experimental results to bedescribed in
the next section show that stop words can be removed e�ciently according to
that stop word lists.

For the document vector in Figure 6(a), Figure 6(b) shows the re�ned docu-
ment vector where vector elements corresponding to stop words(highlighted
by gray rectangles) have been removed. Though the usage of thosehigh-
frequency topic-related terms may speed up the retrieval process greatly, it
may degrade the retrieval performance severely for short documents where
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Table 3
The collision rates of our proposed word shape coding scheme/Spitz's character
shape coding scheme between words of the same and di�erent languages.

English % French % German % Italian % Spanish %

English 6.37/31.27

French 9.12/31.38 6.84/27.51

German 10.64/30.88 9.25/29.42 7.31/29.32

Italian 11.27/34.31 11.29/33.94 10.22/30.61 6.19/27.94

Spanish 9.58/31.27 9.86/33.86 11.63/34.63 11.53/32.19 7.38/28.34

topic-related terms may appear just once. We therefore evaluate the topic
similarity by using all terms within the re�ned query document vector and
those retrieved in the �rst stage by using Equations (7-9). Experiments in the
next section show that similarities between document vectors of the same and
di�erent topics are normally higher than 0.25 and lower than0.10, respec-
tively. Therefore, a similarity threshold between 0.10 and 0.25 can be set to
retrieve documents of similar topics properly.

It should be noted that there actually exists a classical vector space model
[20] that treats each document as a point in the vector space and evaluates
the document topic similarity based on the term frequency and the document
frequency. This model requires no removal of stop words, the contribution of
which is instead suppressed by the inverse document frequency. However, the
maintenance of the term space model is computationally intensive because
each time a new term is added, all document vectors need to be recalculated.
We therefore adopt a simpli�ed term space model proposed by Leeet al.
[11], which measures the document similarity simply based on thenumber of
terms shared by the query document and archived documents as speci�ed in
Equations (7-9).

4 Experiments and Discussions

The proposed document image retrieval methods have been tested extensively
by using a set of text documents including 210 English documentsand 80
Latin documents printed in the other four languages under study (20 in each
language). In particular, the 210 English documents are picked from fourteen
text classes (15 documents for each class) within the Reuters-21578 [5] that
deal with fourteen di�erent topics. The 80 non-English documents are down-
loaded from the Internet. Each of the 210 test documents contain 4 to 87 text
lines corresponding to 50� 1000 words roughly.
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Table 4
The performance of our proposed word shape coding scheme/Spitz's character cod-
ing scheme in relation to text fonts, noise, and various types of document degrada-
tion.

Gaussian % Pepper-Salt % Low Resolution % Font Variation %

English 94.37/86.41 95.88/83.26 91.62/79.43 96.32/81.71

French 95.21/87.26 95.96/82.69 91.18/78.95 95.17/80.49

German 95.68/87.44 96.34/82.14 92.03/78.37 94.48/80.82

Italian 94.84/86.93 95.89/83.17 91.79/79.75 95.29/82.73

Spanish 95.61/88.02 96.33/83.28 92.11/78.82 94.88/80.39

4.1 Word Shape Coding Evaluation

The performance of the document retrieval technique presented in this paper
depends heavily on the proposed word shape coding scheme. To retrieve docu-
ment images properly, the proposed word shape coding scheme mustbe stable
across text fonts, noise, and character segmentation errors resulting from the
document degradation. Besides, the generated word shape codesmust be dif-
ferentiable between words of the same and di�erent languages.Otherwise, the
document similarity in term of the languages and topic cannotbe measured
properly by using the converted document vectors. In our experiments, we
particularly compare our coding scheme with Spitz's character shape coding
scheme [22].

We test the ambiguity of the proposed word shape coding scheme by using
words within the 80 non-English documents and 20 English documents ran-
domly selected from the 210 English documents described above.Words within
the 100 test documents are transliterated into word shape codesaccording to
the coding scheme in Table 1. Table 3 shows the collision rates ofwords of the
same and di�erent languages, which is de�ned as the ratio between the num-
ber of the words that share the word shape code with others and the number
of words coded. As Table 3 shows, the collision rates of the codingscheme in
Table 1 lie between 7%-12%. Besides, our experiments show that the collision
rate of the coding scheme in Table 1 is normally lower than 5% when the word
length is equal or bigger than 6 (most stop words are excluded).All such low
collision rates ensure that document similarity can be measuredproperly by
using the converted document vectors. Besides, as Table 3 shows, the collision
rate of our coding scheme is much lower than that of Spitz's. This can be
explained by the fact that our coding scheme classi�es 52 Roman alphabets
into 19 categories shown in Table 1, while Spitz's coding scheme just classi�es
52 Roman alphabets into 5 or 7 categories.
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The robustness of the proposed coding scheme is then tested by usingthe 100
documents described above. For each of the 100 documents described above,
four document images are created to simulate various document degradation,
which are corrupted by gaussian noise(� = 0:08), salt & pepper noise (cor-
ruption percentage = 0.06), low scanning resolution (150 ppi)and the font
variation (text are printed in multiple di�erent fonts). Wor ds within the 400
degraded document images are then converted to word shape codes as de-
scribed in Section 2.2. Table 4 shows the coding accuracy, which is de�ned
as the ratio between the number of correctly coded words and the number of
words coded. As Table 4 shows, the proposed word shape coding schemeis
tolerant to font variation, noise, and various types of document degradation.
In comparison, Spitz's coding scheme is much more sensitive to the document
degradation, especially the low image resolution and serif text font. This can
be explained by the character segmentation error, which increases signi�cantly
for documents of low resolution and those printed in serif text font.

4.2 Language Determination Evaluation

The proposed language identi�cation technique is evaluatedby using the four
sets of document images described in the last subsection. The 400 document
images su�ering from various types of document degradation are �rst con-
verted into 400 document vectors as described in Section 2.3.Languages of
the 400 converted document vectors are then determined basedon their sim-
ilarity to the �ve pre-constructed language templates as described in Section
3.2. Experiments show that language identi�cation rate reaches up to 96.75%.

The language determination performance depends heavily onthe number of
words within the documents under study. This can be explainedby the fact
that the number of stop words becomes small when the document becomes
short. Our experiments show that for documents containing up to 6 text lines,
the number of stop words reaches up to 20� 40, which are enough for the
language identi�cation in most cases. In fact, 11 of 13 documentimages erro-
neously identi�ed above contain less than 6 text lines. Some text line images
are also tested, which are cropped from the full-length documents described
above. Experiments show that the identi�cation rate drops under 80% quickly
when documents contain just one or two text lines. As described inSection
3.2, we determine the underlying language of the query document by majority
voting. Therefore, the underlying language can be robustly identi�ed in con-
sideration of the high identi�cation rate (96.75%) of the individual document.

17



Table 5
The similarity between document vectors of the same and di�erent languages.

English French German Italian Spanish

English 0.8837

French 0.3497 0.8992

German 0.3122 0.3581 0.8618

Italian 0.3216 0.3433 0.3528 0.8774

Spanish 0.3042 0.3475 0.3321 0.3094 0.8904

4.3 Document Similarity Evaluation

We measure the document similarities by using 185 documents. In particular,
105 are selected from the 210 English documents, which deal withseven di�er-
ent topics. The other 80 correspond to those 80 non-English Latindocuments
described above. The 185 test documents are printed, scanned at300 ppi,
and then converted 185 document vectors. The document similarity is then
measured by using the 105 English document vectors and the 80 non-English
document vectors.

We �rst evaluate the language similarity between the 185 document vectors
(with stop words) by using the cosine measure in Equations (7-9). The diagonal
items in Table 5 show the average similarities between document vectors of
the same Latin-based language under study, which is evaluated as follows:

S =
M � (M � 1)

2

MX

i =1

MX

j =1

sim(DVi ; DVj ) 8i; j : j > i (10)

where M gives the number of the document vectors printed in the language
under study. The function sim() is de�ned in Equations (7-9).

The o�-diagonal items in Table 5 show the average similaritiesbetween doc-
ument of di�erent languages, which are evaluated as follows:

S =
1

M � N

MX

i =1

NX

j =1

sim(DVi ; DVj ) (11)

whereM and N refer to the numbers of document vectors of the two languages
under study. As Table 5 shows, similarities between document vectors of dif-
ferent languages normally lie between 0.3 and 0.4, but similarities between
those of the same language reach over 0.8 in most cases.
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Table 6
The similarity between English document vectors of seven di�erent topics (T01 -
T07: topic 1 - topic 7).

T01 T02 T03 T04 T05 T06 T07

T01 0.2768

T02 0.0823 0.2821

T03 0.0794 0.0451 0.2947

T04 0.1342 0.1436 0.1108 0.3096

T05 0.0514 0.0974 0.0426 0.0937 0.2954

T06 0.1223 0.0543 0.0611 0.1217 0.0580 0.2691

T07 0.1089 0.0417 0.0849 0.0912 0.1288 0.0622 0.3188

We then evaluate the topic similarity between the 105 converted English doc-
ument vectors. Stops words are �rst removed as described in Section 3.3. In
particular, we evaluate the stop word removal by using the recall and precision
conceptions de�ned as follows:

precision =
A

A + C
� 100% and recall =

A
A + B

� 100% (12)

where A, B , C represent the number of stop words correctly identi�ed and
removed, the number of stop words not correctly identi�ed, and the number of
ordinary words that are erroneously identi�ed as stop words, respectively. Ex-
periments show that the identi�cation precision and recall reach up to 97.37%
and 92.46%. The misidenti�cation of ordinary words can be explained by the
coding ambiguity, which has little e�ect over the topic similarity because the
misidenti�cation rate is very low, especially for those long ordinary words.

Similarity between the 105 re�ned document vectors is then evaluated. In
particular, document vectors of the same and di�erent topicsare evaluated by
using Equations (10) and (11), respectively. Experimental results in Table 6
shows that similarities between documents of the same topic (diagonal items)
normally lies above 0.25, but similarities between documents of di�erent topics
(o�-diagonal items) lies below 0.1 in most cases. As described above, we chose
English documents as a representative for the topic similarityevaluation. The
other four languages will work just as well since they are Latin-based languages
consisting of the similar set of alphabets.
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Table 7
The precision and recall of the imaged document retrieval using the corpus four
(QI 1{QI 7: the seven query document images; QT1{QT 7: the seven electronic
document text).

Threshold = 0.15 Threshold = 0.20 Threshold = 0.25

Precision% Recall% Precision% Recall% Precision% Recall%

QI 1 60.00 93.33 78.57 73.33 90.90 66.67

QI 2 52.17 86.67 75.00 80.00 81.81 60.00

QI 3 58.33 93.33 76.47 86.67 100.00 46.67

QI 4 19.05 26.67 23.08 20.00 27.27 20.00

QI 5 68.42 86.67 83.33 66.67 87.50 46.67

QI 6 45.83 73.33 61.54 53.33 85.71 40.00

QI 7 31.15 66.67 53.85 46.67 71.43 33.33

Avg 47.85 75.24 64.55 60.95 77.80 44.76

QT 1 73.68 93.33 81.25 86.67 91.67 73.33

QT 2 76.47 86.67 92.31 80.00 100.00 66.67

QT 3 77.78 93.33 81.25 86.67 100.00 60.00

QT 4 38.89 46.67 42.85 40.00 46.15 40.00

QT 5 76.47 86.67 78.57 73.33 88.89 53.33

QT 6 60.87 93.33 78.57 73.33 100.00 46.67

QT 7 43.49 66.67 64.29 60.00 80.00 53.33

Avg 63.95 80.95 74.16 71.43 86.67 56.19

4.4 Document Retrieval Evaluation

Based on the measured document similarities in the last subsection, we further
evaluate the proposed document retrieval technique by using the remaining
105 English documents and the 80 non-English documents used above. The
185 documents are similarly printed, scanned at 300 ppi, and then vectorized.
In particular, the �rst stage retrieval is �rst evaluated by ran domly selecting
�ve documents as queries, each of which is printed in one of the�ve Latin
languages under study. In the experiments, we set the similaritythreshold at
three di�erent values (0.5, 0.6, and 0.7) and experiments show that documents
are all correctly retrieved when the threshold is set at 0.6.

The 105 English document vectors are then re�ned by the stop word removal
and used for the evaluation of the second stage retrieval. For each of seven top-
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ics, we randomly choose a document as query. We set the similaritythreshold
at three di�erent values (0.15, 0.20, and 0.25) and Table 7 shows the calcu-
lated retrieval precisions and recalls. As Table 7 shows, the retrieval precision
and recall are 47.85% and 75.24% when the similarity thresholdis set at 0.15.
However, the retrieval precision and recall reach 77.80% and 44.65% when
similarity threshold is set at 0.25 instead. Among the seven studiedtopics,
some good retrieval performance is observed over topics 1 and 3. But some
poor results are also observed over topics 4 and 7. Such performance inconsis-
tency can be mainly explained by the variation in document length. Besides,
the synonymy phenomenon where multiple words of the same meaning have
di�erent spelling also contributes to the inconsistency.

We also evaluate the retrieval performance by using the electronic text. With
electronic text, document vectors can be constructed in the similar way as
described in Section 2.3. Several preprocessing operations including the stem-
ming and the stop word removal are �rst implemented. Seven document vec-
tors same as those used above are then selected as queries. Experimental
results in Table 7 shows that the retrieval by character-codedtext performs
a little better than the proposed word shape coding approach. The better
performance can be partially explained by the coding inaccuracy and the cod-
ing ambiguity of the proposed coding scheme. More importantly, the retrieval
degradation is mainly due to the word stemming, which can be easily ac-
complished over character-coded text but cannot be done properly over the
converted word shape codes.

4.5 Discussion

Experiments described above show that the �rst stage retrieval is very ro-
bust, though some short documents of di�erent languages may be erroneously
returned. The robustness can be explained by the majority voting strategy
where the underlying language can be determined correctly though the query
and some returned by the �rst stage retrieval may not be identi�ed correctly.
Nevertheless, the topic similarities of those erroneously returned in the �rst
stage are normally much lower than those of the same language as queries.

Besides, the proposed document retrieval technique is much faster than the
traditional approach by using OCR. This can be explained by the fast word
shape coding technique, which is around 3-6 times faster than the OCR process
(tested by using OmniPage [6] over the 210 English documents). Facing a
large number of scanned document images, the target is sometimes to locate
the desired documents as fast as possible. The located document images can
still be converted to the character-coded text later depending on the practical
requirements. Therefore, the proposed word shape coding approach could be
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an alternative to OCR, especially when speed is a more important concern.

5 Conclusion

This paper presents a document retrieval method that retrieves imaged docu-
ments of di�erent languages and topics using a query documentimage. Given
a collection of multilingual document images, the proposed method divides
the retrieval process into two stages where the �rst stage retrieves documents
of the same language as that of the query and the second further re-ranks the
documents retrieved in the �rst stage based on the topic similarity. A word
shape coding scheme is proposed, which converts a document image into a
document vector that captures the content of the imaged text. Particularly,
the proposed word shape coding scheme is tolerant to text fonts, noise, and
various types of document degradation. Experiments over four document cor-
pora show that the imaged documents can be well retrieved basedon the
similarities between the converted document vectors.
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