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ABSTRACT

In this paper, we propose a word shape recognition
method for retrieving image-based documents. Document
images are segmented at the word level first. Then the
proposed method detects local extrema points in word
segments to form so-called vertical bar patterns. These
vertical bar patterns form the feature vector of a document.
Scalar product of two document feature vectors is
calculated to measure the pair-wise similarity of document
images. The proposed method is robust to changing fonts
and styles, and is less affected by degradation of document
qualities. Three groups of words in different fonts and
image qualities were used to test the validity of our
method. Real-life document images were also used to test
the method's ability of retrieving relevant documents.

1. INTRODUCTION

The National University of Singapore Library has set up a
digital library containing digitized images of antiquated
Chinese newspapers and past student thesis. An origina
plan was to do OCR on these images so as to index the
textual contents for easy retrieval. However, the proposed
OCR work proved to be too costly. Thus an alternative
approach is proposed now to do text retrieval based on
word shape recognition without resorting to full OCR.

Traditional word shape recognition techniques make
use of various features of a word image including
histograms, strokes and curves, etc. Histogram-based
methods have the advantage of simplicity, but they are
generally font-dependent. Methods based on strokes or
curves analysis are computationally complex and are not
suitable for processing large amount of data. This paper
selects a simple feature called the vertical bar pattern that
is constructed through local extrema points detection. This
feature is easy to construct and can be used for effective
document image retrieval.

The remainder of this paper will discuss the proposed
method in details. Section 2 surveys some related works in
word shape recognition techniques. Section 3 describes the
processes of extracting vertical bar patterns and forming
feature vectors from the document images. Section 4
presents the methods for measuring similarities between
words and between documents. Section 5 discusses
experimental results that confirm the validity of the
proposed model. Finally conclusions and future work are
givenin Section 6.

2. RELATED WORKS

Many methods were proposed to extract word zoning
information [1-2] as the features for recognition. Recently,
fuzzy boundary line detection based on histograms of
traverse density and pixel density was proposed [3]. Image
version N-gram methods extract statistical characterization
of documents for similarity measure, making use of
histogram features from characters [4]. These methods are
generally font-dependent and sensitive to the degradation
of image qualities, especially due to touching characters
and broken characters. Word segmentation methods
normally require database support or user-adaptive
processes [5-6], which are not feasible when dealing with
alarge amount of data.

The local extrema point detection method is initially
suggested for handwriting characters recognition [7]. This
feature can reflect the property of a word, and it is
relatively invariant to touching and broken characters.
Extending the original idea, we apply the local extrema
points detection and form the so-called vertical bar
patterns from these points. Experimental results show that
this method is also relatively invariant to changing of fonts
and styles, and to the degradation of document qualities.

3. FEATURE EXTRACTION

Figure 1 describes the overall structure of the proposed
image-based document similarity measure system.
Basically the system can be divided into three stages:
preprocessing, feature extraction and similarity measure.
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Figure 1 Similarity measure of
document images

In preprocessing stage, document images are segmented
into word units and filters are applied to remove
punctuation and small noises. In feature extraction stage,
local extrema points are detected and vertical bar patterns
are constructed. All words in a document are converted
into such patterns and form a feature vector of that
document. In the similarity measure stage, feature vectors
of two documents are compared using their scalar product.

3.1. Thevertical bar pattern

Each alphabetic character has a number of local maxima
as well as a number of local minima. If we pair up these
local maxima and minima, they form vertical bars whose
top is a local maximum and bottom is a local minimum.
Since a word is made up of characters, it can then be
represented by a list of vertical bars contributed by
characters.

Vertica scan lines are traversed across the word from
left to right, top-most and bottom-most black pixels are
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Figure 2 Sample word segments and
corresponding vertical bar pattern. (a) Arial
font 12 point type. (b) Arial font 12 point
type with italic style. (¢) Times New Roman
font 14 point type with bold style. (d) Times
New Roman font 14-point type with italic
style. (e) Same set of vertical bars extracted
after short barsremoval and classification.

recorded as the maximum and minimum points for visited
lines. An agorithm is designed to detect local extrema
points by keep tracking of the increasing and decreasing
trends of the maximum and minimum points between
neighboring lines. Some glitches may exist along a
horizontal image edge, they are detected and ignored to
ensure the validity of the local extrema points detected.

We are concentrating on the effective vertical bars
only, and so short vertical bars are treated as noises. A
length filter is applied to remove these noise bars. Figure 2
illustrates how vertical bar extraction works on words of
different fonts, sizes and styles. Note that the same set of
vertica bars is extracted even though the words have
different fonts and sizes.

3.2. Classification of vertical bars

To make the vertical bars comparable between documents
regardless of their horizontal position, classification need
to be done according to the vertica bars length and
vertical position. By locating the upper boundary and
lower boundary lines, we can divide the whole word into
three vertical zones. Then vertical bars that protrude into
the upper zone are in class “d”, vertical bars that protrude
into the lower zone are in class “q”, and vertical bars that
are only inside the middle zone are in class “m”. Figure 2
(e) indicates the two boundary lines detected. In this way,
a word can be represented as a list of symbols consisting
of “d’, “m” and “q", where each symbol indicates a
vertical bar from the corresponding class. For example the
word "feature” is converted into vertical bar pattern
"dmmmdmmmm".



3.3. Document featur e vector

After all word units in the document image are converted
into their vertical bar patterns, a hash table is created to
keep track of the frequency of occurrence of a vertical bar
pattern. Each hash table can be treated as a vector, so
caled the document vector. Each entry in the vector
records a specific vertical bar pattern and its number of
occurrence. When inserting a vertical bar pattern from a
document into the hash table, the number of occurrence of
the corresponding entry isincreased by one.

The occurrence frequency of each vertical bar pattern
is normalized by dividing the occurrence by the total
number of occurrences of al vertical bar patterns. This
means that the absolute number of occurrence will be
replaced with the relative frequencies of corresponding
vertical bar patterns. The reason for doing so is that
similar texts of different lengths after this normalization
will have similar document vectors.

4. SIMILARITY MEASURE

To measure similarity between single words, we convert
each word segment into a vertical bar pattern. Dynamic
programming is used to look for the minimum difference
between two vertical bar patterns. The similarity is then
calculated by subtracting this difference from the length of
the vertical bar pattern. The minimum difference between
vertical bar patterns g and d is stored in element [0, 0] of a
matrix f, and each element of fis calculated as:

Lq-j,ifi=Ld
Ld-i,ifj = Lq

Min [(Diff(i, j) +f[i+1, j+1],| , otherwise
fli+1,j])

fli,jl=

where Lg and Ld are the lengths of the first pattern and the
second pattern respectively; i and j are indices, the
function Diff(i, j) accepts the ith character from the first
pattern and the jth character from the second pattern and
returns O if two characters are the same, 1 otherwise.

To measure similarity between documents, we know
that in a vector space, document vectors for similar
documents generaly point in the same direction. The
similarity score between two document vectors is defined
as their scalar product divided by their lengths. A scalar
product is calculated through summing up the products of
the corresponding elements. This is equivalent to the
cosine of the angle between two document vectors seen
from the origin. So, the similarity between document
images mand n will be:

where X;,, and X;, are the document vectors of image m and

n respectively, J is the dimension number of document

vector, and X, = XX, -+- X -

5.EXPERIMENTAL RESULTS
AND DISCUSSION

To test the validity and effectiveness of the proposed
method, two types of experiments were conducted. The
first experiment applied the proposed method to measure
similarities between single word images. The second
experiment used the proposed method to retrieve image-
based documents.

5.1. Testing with singlewords

There are three groups of word images. The first group
contains 20 word images cut from documents with good
scan quality. The second group contains 20 word images
cut from documents with poor quality. And the last group
contains machine generated word images with different
fonts, styles and sizes. The testing is done by converting
target words from keyboard inputs into vertical bar
patterns through manual assignments and comparing them
with the vertica bar patterns extracted from the
corresponding word images. The similarity values suggest
the ability of the proposed method to correctly recall
words. Testing results are listed in table 1.

5.2. Testing with real-life documents

We generate four groups of testing document images
generated from one set of documents containing 26
articles that address four different kinds of topic. Each of
the first three groups is generated with different font sizes
and scan qualities. The last testing group contains a
mixture of 24 documents from the first three groups. There
are altogether 102 testing document images. In each
group, the first article from each topic is used as a query
document and the similarities between the query document
and all other documentsin the group are calculated. Figure
3 illustrates one example of such comparisons using the
first document in testing group 1 to compare with all
documentsin that group.

From figure 3 we can see that there is a clear gap
between relevant documents and irrelevant documents.
Thus we can set a threshold to decide whether a document



Testing group Recall %
Poor quality 75.86
Good quality 98.71

Auto-Generated 95.45

Table 1 Recall by similarities for the
three groups of words on the average.
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Figure 3 Smilarity values between the first document
and all documentsin the first testing group.

Threshold Threshold Threshold
=0.2 =0.15 =0.1
R % P % R% | P% R % P %
Groupl | 69.17 | 95.83 | 75.42 | 92.86 | 81.67 | 90.78
Group2 | 47.08 100 64.17 | 100 | 75.42 | 93.33
Group3 35 100 40 100 | 54.17 | 97.92
Group4 | 61.11 100 88.80 | 100 | 94.44 | 100
Avg. 5256 | 98.89 | 65.67 | 97.54 | 75.22 | 95.21

Article

Table 2 Recall and precision of testing results using
different threshold values, R = Recall, P = Precision

is similar to the query document. Choosing different
threshold values affects the documents retrieved. After
comparing the retrieval results with the results of retrieval
done manually, the recalls and precisions are calculated.
Table 2 records recall and precision of document retrieval
by the proposed method using threshold values 0.2, 0.15
and 0.1.

5.3. Discussions

From the testing results obtained, we can see that the
proposed method works well comparing single words even
when the words have different fonts and sizes and when
the image quality is poor. When threshold is set to 1.0,
both recall and precision of the proposed method are
satisfying. Testing results for group 4 documents show that
most relevant documents can be retrieved even when
documents have different font sizes and qualities.

The resultsin table 2 also suggest that |ower threshold
value generates higher recall but lower precision as a
trade-off. Thus appropriate threshold values can be chosen
depending on whether the user wants high recall or high
precision.

6. CONCLUSION AND FUTURE WORK

This paper proposed a word shape recognition method for
image-based document retrieval based on local extrema
points detection. Features called the vertical bar patterns
are extracted from the local extrema points detected, and
form the document vector. Document similarity is
calculated by finding the scalar product between two
vectors. Experimental results suggest that the method is
relatively robust to declining image qualities, and is
suitable for retrieving document images with different font
sizes and styles.

However, the method has the limitation that it can
only handle documents written in Latin languages. So one
of the future research directions is to design a language
independent technique to handle this problem. Some parts
of the method aso need to be refined to enhance the
consistency of the vertical bar patterns extracted.
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