WORD HASHING FOR EFFICIENT SEARCH IN DOCUMENT
IMAGE COLLECTIONS

Submitted in partial fulfillment of

the requirements for the degree of

Master of Science (by Research)
mn

Computer Science

by

Anand Kumar
200507002

<anandkumar@research.iiit.ac.in>

Faculty Advisors
Prof. C. V. Jawahar
Prof. R. Manmatha

International Institute of Information Technology
Hyderabad, INDIA
June 2008



INTERNATIONAL INSTITUTE OF INFORMATION TECHNOLOGY
Hyderabad, India

CERTIFICATE

It is certified that the work contained in this thesis, titled “ Word Hashing for Efficient
Search In Document Image Collections ” by Anand Kumar, has been carried out under our

supervision and is not submitted elsewhere for a degree.

Date Prof. C. V. Jawahar (Advisor)
11T, Hyderabad, INDIA

Date Prof. R. Manmatha (Advisor)
University of Massachusetts, Amherst, USA

ii



Acknowledgements

I would like to thank my adviser Dr. C. V. Jawahar for his guidance and support during
my research. He provided me with the opportunities to pursue my research interests and
helped in developing a thinking processes required for the research. I would also like to
thank my co-adviser Dr. R. Manmatha for his guidance and help in different stages of my
research work. His advise and constant feedback helped me in achieving this milestone.

Dr. Anoop M. Namboodiri had been providing his constructive suggestions in research
paper writings. I was able to get my first publication during MS with his support. I am also
grateful to Dr. P. J. Narayanan for the intense and stimulating research ambiance provided
at Center for Visual Information Technology (CVIT).

My acknowledgment wouldn’t be complete without the mention of MS friends especially
Yokesh, Pawan Harish, Jyotirmoy, Ananda Swarup Das, Jagdeesh, Praveen Dasigi, Sanjeev,
Bhavani Shankar and Akash Agrawal. I would like to thank my CVIT friends for providing

joyous company.

iii



Abstract

A large numbers of document image collections are now being scanned and made available
over the Internet or in digital libraries. Effective access to such information sources is limited
by the lack of efficient retrieval schemes. The use of text search methods requires efficient
and robust optical character recognizers (OCR), which are presently unavailable for Indian
languages. Word spotting - word image matching - may instead be used to retrieve word
images in response to a word image query. The approaches used for word spotting so far,
dynamic time warping and/or nearest neighbor search tend to be slow for large collection of
books. Direct matching of images is inefficient due to the complexity of matching and thus
impractical for large databases. In general, indexing and retrieval methods for document
images cluster similar words and build indexes with the representatives of the clusters.
The time required for building such a clustering based index is very high. Such indexing
methods are time inefficient with the use of complex image matching procedures required in
the clustering step. This problem is solved by directly hashing word image representations.

An efficient mechanism for indexing and retrieval in large document image collections
is presented in this thesis. First, document images are segmented to get words. Then
features are computed at word level and indexed. Word retrieval is done very efficiently
with content-sensitive hashing (CSH), which uses an approximate nearest neighbor search
technique called locality sensitive hashing (LSH). The word images are hashed into hash
tables using features computed at word level. Content-sensitive hash functions are used to
hash words such that the probability of grouping similar words in the same index of the
hash table is high. The sub-linear time CSH scheme makes the search very fast without
degrading accuracy. Experiments on a collection of Kalidasa’s - the classical Indian poet
of antiquity - books in Telugu demonstrate that the word images may be searched in a
few milliseconds. The approach thus makes searching document image collections practical.

The search time is reduced significantly by hashing the words.

v



The proposed method of efficient access to document images at word level allows us to
group words with similar content. Thus, clusters of similar words can be generated using
the proposed retrieval method. These clusters can be labeled with text to represent the
images. The text representative is obtained from the text output by a recognizer for all
the words of the cluster. With this method the whole collection of word images can be
annotated. The text can be used for searching in the document images using text search
methods. This method is called ” annotation based indexing”. An annotated corpus is
critical to the development of robust OCRs. Manual annotation of document images is a
labor and time intensive task, especially for large collections. Most of the time is consumed
in the annotation of the textual content of document images. With the proposed annotation
procedure, text content can be annotated automatically and efficiently.

In this thesis, an efficient indexing and retrieval scheme for searching in large document
image databases is presented. The main component is the efficient, sub-linear time, search
method in large collection of word images. The search technique applied is similar for word
clustering and for the annotation of the clusters. Along with the previous work related to
the proposed methods, the features employed are also discussed in the thesis. The effect
of each feature and their combinations on the performance of the proposed search method
is analyzed. Experimental results are presented to show that the proposed indexing and
retrieval scheme is time efficient and makes searching large document image collections

practical.
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Chapter 1

Introduction

The evolution of the world wide web (WWW) over the past decade has made access to
relevant information easy and effective. This has been powered by the technological ad-
vancement in information retrieval. Information from all the domains of daily life, technical
or non-technical, is available over the Internet with the click of a button. Often, the Internet
is searched for documents containing required information. With the emergence of digital
libraries, a very large number of documents are stored electronically [65]. These documents
need not be stored as text always, which makes the search in them more challenging. This
thesis focuses on the situation when the documents are scanned or digitized and stored as
images. To be more precise, digitized content is stored as images corresponding to pages in
books.

Often, digital libraries store digital images of documents. These document images are

Input Query —
F. " . " v
extindt brittle fragile
i/ | query text

glimmer solvent
lexicon extinct
retrieved word

image console deplete
: extinct C0Nsole
extinct| | ————
v
Database of word images
(from books and manuscripts)

v

Figure 1.1: Searching in a database of word image collection: A conceptual diagram
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rich in information content [9]. However, these images can not be searched like the textual
documents. This makes the access to such documents challenging. The basic problem of the
search in a database of document images is shown pictorially in Figure 1.1. Given a textual
query, we are interested in retrieving word images (images of single word) with the queried
text. We assume that indexing is done at word level and document images are segmented

into words. The problem is challenging due to the following facts:
e Since the representation is non-textual, traditional indexing schemes are non-applicable.

e Even if we want to solve the problem in the image domain, the similarity computation

is difficult and time consuming.
e Scalability of the methods to a real life situation is challenging.

The textual content in printed book documents is type-set in a specific font style and
font size with some level of uniformity across all pages. These printed documents are
scanned /digitized to obtain images. These are typically referred to as document images.
Handwritten or printed text along with pictures may be present in these images. We restrict
our attention to printed document images like those from a book. Such a collection is also
typically typeset in a single font or style. A direct method to access these documents!
is by converting them to textual form by recognizing text from images. Optical character
recognizers (OCRs) are required to obtain the textual content from these documents [78, 8.
Books, journals, articles, newspapers, magazines are some examples of Printed documents.
Popular digitizers used for creating document image include digital cameras, and hand-held
and flat-bed scanners.

Documents are typically available in very large numbers. Indexing is a pre-requisite for
efficient retrieval [74]. Manually grouping and filing these documents for easy access is a very
tedious procedure. At the same time it is of paramount importance that these documents
are made accessible to the users who would in fact like to search them with relative ease.
Printed documents do not contain searchable text as is, but contain words as images which
cannot be searched by existing text search engines. Conventional text search is based on
matching or comparison of textual description (say in ASCII/UNICODE). These techniques
can not be used to access content at the image/ink level, where text is represented as pixels
but not as ASCII/UNICODE.

1A document in the context of this thesis is an image of the paper obtained after scanning.
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1.1 Document image collections and access

Digital libraries [81] have received wide attention in recent years allowing access to digital
information from anywhere in the world [75]. They have become widely accepted and even
preferred information sources in the areas such as science and education [8]. The storage of
scanned documents in electronic form has created a huge amount of data in digital libraries.
The rapid growth of the Internet and the increasing interest in development of digital
technologies and document collections [65, 74] has helped to accelerate the digitization
of printed documents in the past few years. Archives of books and various collections
of document images enable the need for easy and rapid access. They have a number of
advantages in terms of storage, access, sharing etc. Indexing and retrieval are critical for
success of any electronic library [65].

Effective access to such information sources is limited by the lack of efficient retrieval
schemes. The use of text search methods requires efficient and robust OCRs. The precision
and recall of statistical text retrieval methods (“bag-of-words” [33]) is not seriously affected
by the typical error rates of commercial OCR. However, some textual analysis tasks (e.g.
those depending on syntactic analysis), whether modeled statistically or symbolically, can
be derailed by low OCR error rates. Since OCRs are not well developed for many of the

non-European languages [84], we need to explore search algorithms in the image domain.

1.1.1 General framework

Document image indexing schemes represent the information in a meaningful way. These
also provide a mechanism to efficiently retrieve, in rank order, most relevant documents
for a given query. In text retrieval systems, documents are indexed as words. The most
common method of characterizing the content of text document during indexing is to per-
form document processing for the extraction of representative terms [2]. This is achieved
through applying a series of document processing techniques that identify words, extract
the relationship between words and measure their relevance. The extracted index terms are
grouped together based on their similarity measurement and are indexed using a selected
indexing structure [7]. Once the index is built, given a query, the relevant documents are
located from the index.

The process of building an index for document images is different from that of text doc-

uments. Text processing is replaced by a series of document image processing procedures.
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Figure 1.2: A simplified overview of document image indexing and retrieval technique

Extracting index terms is different from that used in the text domain. The relationship
between words is measured by complex image matching techniques. In general, the frame-
work of document image indexing and retrieval appears as shown in Figure 1.2 [51, 105].
The system accepts a collection of document images as input. They are preprocessed to
generate a content-bearing list of index terms (word images in our case). These terms are
then clustered based on their similarity measures. A representative word, called keyword,
is found and assigned to each cluster. A set of clusters are finally organized in an indexing
data structure using cluster keywords. Keywords could also be annotated to ease searching
from large collection of document images. The indexing process finally constructs index
lists that are used during the search process.

The indexing scheme first segments the pages into words and then matches the actual
word images against each other to create clusters [75]. Each cluster consists of multiple
instances of the same word. For each cluster, the number of words in it are counted. Those
clusters with the highest number of elements are stop-words and, hence they are eliminated
from further consideration. A list is then made of the remaining clusters and ordered
according to the number of words contained in each of the classes. The user then assigns
for each member of cluster its ASCII interpretation [10, 53]. The words in these clusters

are then indexed and ready for searching and retrieval.

1.1.2 Challenges in document representation

Words are the meaningful entities that are searched in document collections. All words

in a page represent the complete document. Words are easily available in electronic text
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documents, which are relatively difficult to obtain in document images. The document
image has to be processed in a number of stages to obtain the word images. Some of the

challenges faced in obtaining the words from document images are mentioned below.

e Preprocessing: The document images obtained after scanning are preprocessed to
obtain words. The document has to go through different processing stages before
words are extracted. Any noise or degradation induced as a result of the scanning
environment has to be eliminated. It may involve noise removal, rotation (or skew
correction) and filtering operations. When the alignment of the paper with the edge of
the scanning surface changes, there are chances of getting skew in the image. In such
situations, the image has to be processed for deskewing. The clean document is now
split into words using document segmentation techniques [61]. The complexity of the
segmentation depends on the layout complexity of the document images. However, a
segmentation algorithm can be designed for specific type of document collections. In

this work we do not focus on the issues of document image segmentation.

e Representation: We observe that the words in document images are represented by
a set of features. Usually, the features are vectors of numeric values. The features
used for representing the objects in different applications may differ for similar objects.
The change in the feature values would be due to a change in the appearance of the
objects or the viewing angle. Even in document images, the appearance of words
may change due to a number of factors that arise at the time of digitization. The
print style of the documents and the type of font also affect the representation. The
representation of similar words printed in different fonts vary considerably. The other

factors that affect the appearance and representation of words are (see Figure 1.3):

— Excessive dusty noise on the paper.

Large ink-blobs joining disjoint characters or components of characters.

— Vertical cuts due to folding of the paper.

Cuts in arbitrary direction due to paper quality or foreign material.

Degradation of printed text due to the poor quality of paper and ink.

— Floating ink from facing pages.
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Figure 1.3: Some artifacts (or degradations) appearing in scanned document images. (a)
Noisy image. (b) Blobs and joining components. (c) Cuts/Breaks in components. (d)
Processed clean image.

1.2 Techniques for document image retrieval

The document images can be searched in text or image domain using different approaches.
These approaches are essentially classified into three classes, as enumerated below. We

explore them in detail in Chapter 2.

1.2.1 Searching by image matching

The search in a collection of words involves looking for similar words [58, 98]. The simple
solution is to match the query word image with all the words in the collection and report
the similar ones. Direct matching of image pixels may fail even in presence of small changes
in sizes of images [89]. Moreover, there will be a number of variations occurring in words
due to artifacts, digitization process, size changes etc [10, 91].

The task of looking for similar words in a collection is challenging. However, many
methods have overcome this problem with the invention of new techniques. The word
images are represented by a set of features [89], usually vectors or sequences of numeric
values. These representations are used for word image matching. Thus, similar words
can be searched using the matching the technique. A similarity measure that looks for
approximate matches, to some extent, may be one of the methods for image matching.
This method of searching similar words by image matching technique is expensive. As a
result of matching query with every word of the collection the search may take a long time
to generate the results. Hence, exhaustive search techniques are not suitable for search in

word image collections.

1.2.2 Recognition for retrieval

This method is based on using a recognizer to convert an image to text and then searching

the results using a text search engine. Text word similarity search is pretty straight forward
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in these methods. It involves looking for some simple measures, like edit distance, and
deciding whether to produce that word in the result. In the text domain grouping or
clustering of text words to build index structures is simple. This simplicity tempts us to
convert the document images into text by using recognizers. An example of recognition
based techniques is the gHMM approach of Chan et al. [21], suggested for printed and
handwritten Arabic documents.

The performance of recognition based search techniques depends on the accuracy of
the recognizer. Words that do not exist in the language are generated by the results of
erroneous recognizers. This makes the search engines consider these words as special. As a
result, the index size is increased by words that do not exist in the language and which are
never searched. Search in document images converted into text is challenging, as there are

no robust OCRs available [84] for most Indian languages.

1.2.3 Annotation and retrieval technique

Groups of similar words can be generated by efficiently indexing the document images
at word level. Thus, clusters of similar words can be generated. To enable search over
a large collection of document images, the groups or clusters of words generated by the
indexing process have to be labeled with representative content. The representatives can
then be recognized using OCR and the whole cluster can be annotated using the recognized
text. With this method the whole collection of word images can be annotated. These
annotations are used for text based indexing of images. This method of indexing and
retrieval is called annotation based retrieval [94]. A similar approach, proposed by Rath
and Manmatha [90, 91] for handwriting, involves using what is called word spotting, where
word images are matched with each other and then clustered. Each cluster is then annotated
by a person. The annotations are used to search the documents.

A text index serves as an interface to the document image collections for faster access.
Annotation becomes very important if there are no retrieval methods available. The annota-
tion is used for indexing, which can be used for answering user queries. After the annotation
process, text based retrieval methods can be applied for the search. The annotation based
search is expensive due the cost of labor and time required for manual annotation. Most of

the time is consumed in the annotation of the textual content of document images.
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1.3 Challenges of searching in document collections

Response time is an important parameter of an information retrieval system. The informa-
tion to be accessed should be made available as quickly as possible to the user. A search
technique taking an enormous amount of time may not be useful for real time applications.
Search time increases primarily because of the fact that image comparison is computation-
ally complex. As the size of the database to be searched increases, the response time of
systems built on such techniques also increases. In such cases alternative methods for search

have to be explored. The challenges involved in the indexing process are discussed below.

1.3.1 Matching and Retrieval

Searching for similar words involves matching the query word image with all the images of
the database. The matching is done at the feature level. An effective representation will
have to take care of the artifacts [11]. The search for similar word image is equivalent to
the task of searching for similar or closest points in high-dimensional feature space. Thus
the problem of word similarity search can be transformed into a nearest neighbor search
[85] problem.

The similarity search is popular in a number of problem related to computer vision. Im-
age search, video indexing and retrieval, mining and searching in large multimedia databases
are some of the examples. Based on the applications and the objects, their representation
and matching techniques change. However, the values of a feature would still be similar
for two similar objects (words) chosen from different sources. Hence, the similarity search
should be capable of capturing such objects (words) in the results of search. Similarity
search can be done efficiently using an approximate nearest neighbor search [48, 62, 50]

technique like locality sensitive hashing.

1.3.2 Time efficient search in document collection

The problem of searching in the image domain can be avoided if annotations are available to
the entire data set. An annotation based system would work well if an index is built offline
by first clustering and there after annotating the clusters. The access to an index is much
faster than search through images by matching. However, such systems are not scalable
to large collections of document images. The techniques available to search in document

images are limited by lack of efficiency.
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In general, databases are searched linearly comparing every item with the query. This
is a very costly procedure if the database size is large. This is worse if the data is of very
high dimension and the similarity measure is complex. For example, assume that matching
two word images takes 1ms time (good techniques may take even more) and the database
consists of 100,000 words (from a few books). Searching for similar words through all these
images takes 100 seconds. The user has to wait for more than a minute to search in a small
collection. A text based search methods can search in millions of words in less than 1ms.

Obviously the problem of searching in high-dimensional feature points of word repre-
sentation can be solved through simple brute force search. The traditional data structures,
built for such approaches, will not perform well for dimensions more than 3 [5]. A number of
methods have been proposed which provide relatively modest constant factor improvements
(e.g., through partial distance computation [22], or by projecting points onto a single line
[41]). However, there is a need for approximate nearest neighbor search techniques that
can work fast enough and return results to the user quickly. In any fixed dimension greater
than 2, many known methods do not achieve the simultaneous goals of roughly linear space

and logarithmic query time.

1.3.3 Auto annotation with erroneous OCR

Retrieval of document images can be efficient if annotations are available for words. Text
retrieval techniques can be applied on the annotations for efficient access. However, gen-
eration of annotations is also a challenging task. Manual annotation is difficult and time
consuming process. Another method is to annotate the words automatically by recogni-
tion. As mentioned earlier, the recognizers are not accurate and robust enough to obtain
acceptable annotation accuracy.

The accuracy of annotation is lowered due to errors in the recognition of characters in
word images. Since we are searching similar words it is possible to cluster them. The recog-
nized text of all the words of the cluster can be used to identify the correct representative
word for the cluster. Some of these recognized words of a cluster may be erroneous. But
the information from the correctly recognized words can be used to find the representative
word for the cluster. The method of obtaining the correct word from a cluster of recognized
words is effective to generate annotations. Thus, auto annotation can be used for enabling

annotation based search over the document image collections.
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1.4 Overview of this work

The thesis mainly aims at addressing the problems of effective and efficient retrieval in
large document image collections with effective representation of the word images. The
approaches proposed in the literature are not scalable to large collections of documents. In
the following sections we discuss the problem, contributions of this work and organization

of the thesis.

1.4.1 Problem statement

The document image indexing and retrieval techniques available are not feasible for col-
lections of document images. As the number of words present in the collection increases,
the search time also increases. Most of the existing search techniques based on complex
image matching methods are not scalable to even a moderate collection of document im-
ages. The major hurdles in achieving efficient search are the processing time and the word
image matching techniques [88]. A number of scans made on the words during clustering
for building the index contribute to the large amount of time required [10]. The search
based on word image matching also contributes to the retrieval time. The word matching
methods are expensive and become more expensive when words are represented by high
dimensional feature vectors [89]. Hence, the problem is to search efficiently in a collection
of word images represented using high-dimensional feature vectors.

A number of possible solution are present in the literature such as nearest neighbor
search can be applied to this situation. But the goal is to retrieve the maximum number
of relevant words from the collection. There is a need for high precision and recall along
with the search speed. The representations for similar words may vary due to variations
in image sizes, degradations like noise etc. The search technique has to take care of such
variations also to achieve good performance. Therefore, there is a need to explore the
characteristics of the representations and choose the right ones. We choose a group of well
defining representations and examine their expressive power through a number experimental
results.

Text search techniques can be applied if annotated clusters of word images are available.
The problems of old search techniques and the unavailability of robust recognizers limit us
from accomplishing this task. However, the annotation accuracy can be improved by making

use of the words present in every cluster. Thus, annotation based retrieval technique enables
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faster search in the collections of document images.

1.4.2 Contributions of this work

Retrieval is straight forward when the image collection is annotated. However, annotation
itself is time consuming process. In this thesis, an efficient indexing and retrieval scheme
for searching in large document image databases is presented. The major contributions are

listed below.

1. The data is preprocessed fast, in linear time, to build the index structure. Efficient,
sub-linear time search in large collection of document images is made possible by the

content sensitive hashing method presented.

2. The effect of various types of data and word representation on the retrieval perfor-

mance is analyzed by conducting many experiments on different data sets.

3. The scalability of the proposed search method is demonstrated on a set of Indian

language document images and Kalidasa’s books.

4. The word image clusters obtained by preprocessing are used for annotation and recog-

nition. The accuracy of annotation can be improved by using these clusters.

5. Annotation of clusters of word images makes retrieval faster. The proposed method

is applied for annotation based indexing and retrieval of document image collections.

In this work we focus on efficient retrieval of documents from a collection. Previous
methods of generating an index based on text retrieval methods are time expensive. We
propose a method for efficient data processing to build the index. This method helps in
reducing the retrieval time and hence efficient retrieval. The scalability of the technique is
demonstrated on a collection of 7 books of Kalidasa. We conducted a number experiments to
find out the performance of the method using different combination of features. Expensive
clustering methods are avoided to annotate the group of similar words. The clustering
speed is improved significantly. Recognizers can make use of such clusters to find exact
words representing each group. An experimental study of recognizer improvement is also

presented in this work.
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1.4.3 Organization of thesis

A brief survey of the search and retrieval techniques available for document image col-
lections is presented in Chapter 2. The different recognition based and recognition free
retrieval methods are discussed and the state-of-the art is presented. The drawbacks of the
methods and alternatives to be explored are also discussed briefly. The different indexing
structures, for near and approximate neighbor search, that can be employed in the search
are also reviewed. The computational complexities of these techniques and feasibility to
the document image collections are discussed. Some applications of these nearest neighbor
techniques in different domains are discussed to explore the possibility of usage in document
images.

The approximate nearest neighbor searching (ANNS) technique based word indexing and
search is explored in detail in Chapter 3. The features used for representing word images
are discussed in detail. The procedure of hashing, based on locality sensitive hashing, for
facilitating efficient search are discussed in detail. The chapter also discusses about the
application of ANNS in content based image retrieval (CBIR). The performance of the
hashing method for word image collections is demonstrated with illustrations of results
obtained from different experiments conducted. The technique to achieve scalability on
large databases of document images is presented in Chapter 4. The algorithmic steps of the
technique for indexing and retrieval are presented in detail. The scalability and efficiency
of the methods are proved with a number of experiments conducted on a collection of
Kalidasa’s books.

The annotation based document retrieval technique is presented in Chapter 5. An idea
for using the clusters for improving accuracy of annotation is discussed in this chapter.
Finally, Chapter 6 presents the summary of contributions of this work, possible directions

of the work in future and the final conclusions.



Chapter 2

Related Work

In this chapter, we look at the literature of indexing and retrieval techniques used for search
in large image databases. The topic of interest overlaps with databases, pattern recognition,
content based image retrieval, digital libraries, document image processing and information
retrieval. A subset of the various methods are reviewed here. We first explore the methods
adopted for search in document image databases from a computer vision perspective. We
discuss some of the popularly used techniques, available in the literature, in text and image
retrieval. Most of the image retrieval problems are modeled as similarity search. We look
at the similarity search techniques and their applications to computer vision problems in
this chapter. A brief review of the nearest neighbor and approximate nearest neighbor

techniques is also provided.

2.1 Searching in document image collections

A number of approaches have been proposed in recent years for efficient search and retrieval
of document images. There are essentially two classes of techniques to search document
image collections. The first approach is to convert the images into text and then apply a
search engine. Character recognizers are used for obtaining the text from images [78, 82].
The second technique is to search directly in the images bypassing the recognition task. In
the following subsections we will briefly discuss about each of these techniques and the state

of the art.

13
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2.1.1 Recognition based search

In recognition based search and retrieval techniques, the document images are passed
through an optical character recognizer (OCR) to obtain text documents. The text doc-
uments are then processed by a text search engine to build the index. The text index
makes the document retrieval efficient. An example is the gHMM approach of Chan et
al. [21], suggested for printed and handwritten Arabic documents. It uses gHMMs with a
bi-gram letter transition model, and kernel principal component analysis (KPCA) / linear
discriminant analysis (LDA) for letter discrimination. In this approach segmentation and
recognition go hand in hand. The words are modeled at letter level, where the likelihood
of a word given a segment is used for discriminating words. The Byblos system [70] also
uses a similar approach to recognize documents where a line is first segmented out and then
divided in to image strips. Each line is then recognized using an HMM and a bi-gram letter
transition model.

The performance of recognition based search depends on the accuracy of the recognizer
[33, 76]. In practice, specifically for Indian languages, no recognizer is perfect. When the
recognized text is used for indexing, incorrectly recognized words are also indexed. Since
the recognizer makes similar mistakes for a particular word, the word’s frequency would
be high and it appears in the index. In practice, a user gives the correct word as a query.
When the index is searched, the actual word is never retrieved.

One solution to the problem of search in the presence of errors in text output by rec-
ognizers is to correct the errors by spell checking using a dictionary. The spell checkers
are mainly built to correct errors that are caused by either the conventional keyboard ar-
rangement (i.e. “a” may be mistyped as “s”) or to correct common spelling errors caused
by doubling, undoubling, or transposition of characters. Taghva et al. [102] built a search
engine for documents obtained after recognition of images. Searching is done based on the
results of similarity calculation between the query words and the database words. The in-
dexed terms are divided into two groups of correctly recognized and incorrectly recognized
words based on frequency calculations using a dictionary. Similar words are identified from
the correct terms by applying mutual information measure. There have been attempts to
retrieve complete documents (rather than searching words) by considering the information
from word neighborhood (like n-grams [46]) to improve the search in presence of OCR errors
[56].

To make the documents ready for indexing, a number of steps have to be undertaken.
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Most of these processes take a huge amount of time. This becomes more significant when a
large number of documents, say books, are to be indexed. After the text is obtained, again
it has to be checked for errors. A major assumption behind these methods is the availability
of robust recognizers with reasonably high recognition rates. The number of errors made
by recognizer depends on the quality of the document and characteristics of the recognizer.
These affect the process of indexing documents.

In summary, success of the recognition based search and retrieval techniques depends
on the performance of the OCRs. Recognizers with good performance are not available for
Indian languages [100, 84] or in general for many non-European languages. Accuracy of the

available recognizers also falls below acceptable levels on many practical documents.

2.1.2 Recognition free search

An alternative to recognition based search method is to search directly in the images. A
method used by Rath et al. [92] for document search involves the automatic annotation
of word images with a lexicon and probabilities using a relevance-based language model.
Here, words are segmented out and then each word image is annotated using a statistical
model with the entire lexicon and probabilities. A language model based retrieval approach
is then used to search the documents. The technique was successfully used to build a 1000

page demonstration system for George Washington’s handwritten manuscripts.

Word spotting

Word spotting is a method of searching and locating words in document images by treating
a collection of documents as a collection of word images. The words are clustered and
the clusters are annotated for enabling indexing and searching over the documents. It
involves segmentation of each document into its corresponding lines and then into words.
Each document is indexed by the visual image features of the words present in it. Word
level matching has been attempted for printed [23] as well as online [51] and offline [89]
handwriting documents. They are useful for locating similar occurrences of the query word.
There have been successful attempts on locating a specific word in a handwritten text by
matching image features for historical documents [89]. The word spotting approach [89, 90]
has been extended to searching queried words from printed document images of newspapers
and books. Dynamic time warping (DTW) based word-spotting algorithm for indexing

and retrieval of online documents is also reported in [51]. Features for matching words are
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computed from the constituent strokes. The DTW, a dynamic programming technique used
to align sequences, is applied for matching the features of the word images.

In the word spotting approach proposed by Rath and Manmatha [90, 91], word images
are matched with each other and then clustered . Each cluster is then annotated by a
person. Alternatively, Jawahar et al. [53, 10] showed that in the case of printed books one
can synthesize the query image from a textual query for making the system more usable.
Word spotting has been tried for many different kinds of documents both handwritten and
print. Rath and Manmatha [90] used dynamic time warping (DTW) to compute image
similarities for handwriting. The word similarities are then used for clustering using K-
means or agglomerative clustering techniques. This approach was also employed by Jawahar
et al. [53, 10] for printed Indian language document images. To simplify the process of
querying, a word image is generated for each query and the cluster corresponding to this
word is identified.

In such methods, efficiency is achieved by significant offline computation. Ataer and
Duygulu [6] tried word spotting for handwritten Ottoman documents where they use suc-
cessive pruning stages to eliminate irrelevant words. Gatos et al. [58] used word spotting for
old Greek typewritten manuscripts for which OCRs did not work. One advantage of word
spotting over traditional OCR methods is that they take advantage of the fact that within
corpora such as books the word images are likely to be much more similar. The traditional
OCRs do not take advantage of such facts. In addition, techniques that work at the symbol
level of word images, like [21], are very sensitive to segmentation errors. Segmentation of
Indian language document images at symbol level is very difficult due to the complexity of
the scripts.

Word spotting in different scripts like Devanagari, Arabic and Latin using the shape
features has also been demonstrated [98]. Global word shape features are used for finding
word similarities during search. The word image features are, gradient, structural and
concavity (GSC) features which measure the image characteristics at local, intermediate and
large scales and hence approximate a heterogeneous multi resolution paradigm to feature
extraction. The features are extracted by dividing each image into 4 x 8 rectangles and
contain 384 bits of gradient feature, 384 bits of structural features and 256 bits of concavity
features, giving a binary feature vector of length 1024. The distance between a word to be
spotted and all the other words in the documents being matched against is computed using

a normalized correlation similarity measure.
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As discussed, the performance of some image matching techniques is acceptable in find-
ing similar words. These methods use paradigms like dynamic programing, correlation etc.
to achieve effective word matching. Computational complexity is the major problem when
the data set to be processed increases. The performance degrades drastically with the data
set size. Use of these measures for clustering of the data set adds to the time overhead
involved in processing the data. Therefore, the retrieval time is high and the approaches

may not be feasible for rapid indexing of a large amount of data.

2.1.3 Other search techniques in document images

Indexing and retrieval of words in old documents is discussed in [72]. This approach is
based on two main principles: unsupervised prototype clustering and string encoding for
efficient string matching. Character Objects (CO) are extracted from the word images by
locating connected components and grouping together the overlapping components. Each
CO is described with a code or feature vector representation. Character coding is based on
grouping of similar characters with a Self Organizing Map (SOM) based clustering approach.
Before encoding and indexing of the words, the SOM is trained so as to cluster the similar
COs. After the COs of a word image are labeled, the word image is partitioned into
fixed number of vertical slices. Each slice is assigned the label of the CO with the largest
overlap with it. By using the trained SOM, the words in the whole collection are stored
and represented with a fixed-length description. This description is used for comparison
in order to score most similar words in response to a query. When retrieving, each word
image is mapped to a fixed-size vector and compared with vectors in the database of the
same length. Words with different aspect ratios are not considered for comparison

Word based indexing of Indian language document images has been attempted by S.
Chaudhury et al. [23], where the indexing scheme exploits typical structural characteristics
of Indian scripts. For the purpose of indexing, word images are represented in the form
of geometric feature graphs (CFG). CFGs indicate basic connectivity relation between the
shape primitives which form the word. The CFG is traversed in depth first fashion to
obtain an indexing string in the form of symbolic descriptors. Hence the indexing problem
is reduced to string based indexing. A suffix tree was used for indexing. A pattern is
partitioned into sub-patterns, which are searched for. All occurrences of the sub-patterns
are later verified for a complete match. When querying, verification is done by calculating

edit distance between the pattern and each of the strings selected for verification. All
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the strings with edit distance within a given threshold are considered for indexing of the
documents.

Many of these techniques require a lot of computationally expensive processing. Dy-
namic time warping (DTW) based searching is one such example. In spite of this Sankar
et al.[94] successfully indexed 500 books in Indian languages using this approach by doing
virtually all the computation offline over a large period of time. Avoiding DTW, Rath
et al. [91] demonstrated the use of direct clustering of word image features on historical
handwritten manuscripts. However, clustering is itself an expensive operation (though not
as expensive as computing DTW) when there are many clusters. In fact, many of the pre-
vious approaches to document image indexing and retrieval involve large amounts of offline
pre-processing, and are not easily scalable to large collections.

The previous approaches to document image indexing and retrieval involve large offline
preprocessing. Application of methods, like [53, 10] for retrieval requires identification of
stop words and clustering for relevance of words. Clustering takes a large amount of time.
Searching relevant words in the index also takes large amount of time. Search involves
matching query word with all the entries of the index table using a complex matching
algorithm, whose complexity depends on the dimensionality of the data. The search time
increases linearly with increase in the size of the index. In other words, the preprocessing
and search time depends on the size of the data set. The techniques that work at symbol
level of word images, like [21], are very sensitive to segmentation errors. The segmentation
of Indian language document images at symbol level is very difficult due to complexity of the
scripts. Hence, most of the techniques available in literature have scalability and efficiency
problems.

Various document image retrieval techniques present in the past literature are summa-
rized in Table 2.1. Many of these techniques make use of different representations and word
matching techniques to build index. These techniques perform well on very small data set
of document images. Efficiency problems arise when we try to scale these techniques for
considerably large data set. The representations are generally of high dimensions and the
similarity measures/techniques should be efficient for building the index quickly. The search
time increases with dimensionality and complexity of the matching procedure. Therefore,
our focus is on an indexing technique that can build the index in a single scan of the data

set and answer queries quickly without examining all the words (or points) in the data set.
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Reference Work

Approach Followed

Application Area

Printed document retrieval

Chaudhury et al.
23]

Feature graph matching

Indexing to access Indian language
printed document images

Marinai et al. [71]

Prototype clustering
and string matching

Search in modern printed docu-
ments

Ataer and Duygulu

[6]

Word image matching

Retrieval of historical Ottoman doc-
uments

Konidaris et al. [58]

Word image matching

Word spotting in historical docu-
ments

Trenkle
[105]

and Vgot

Word image matching

Information retrieval from docu-
ment images

Tan et al. [103]

Dot product

Retrieval from document images

Lu and Tan [69]

String matching

Retrieval from document

databases

image

Balasubramanian et
al. [10, 53]

Word matching

Searching in large document image
collections

Pramod and Jawa-
har [94]

Reverse annotation of
word images

Search over collections of document
images in Indian languages

Anand Kumar et al.
[60]

Content sensitive hash-
ing of words

Searching in large collections of doc-
ument images

Handwritten document retrieval

Rath et al. [92]

Word image matching
using relevance models

Search engine for George Washing-
ton historical manuscripts

Srihari et al. [99]

Writer matching

Forensic document retrieval

Russel et al. [93]

Recognition results

Retrieval from multi-user single
script collections

Kamel [55]

KLT based, RTree

Online document retrieval

Jain and Anoop [51]

Ink Matching

Search in single writer document
collections

Rath and Manmatha
[90, 91]

Image matching and
Word spotting

Retrieval from historical document
collection

Balasubramanian et
al. [11]

Synthesis and matching

Indexing and search in multi-user
document collections

Table 2.1: Summary of the work done in the area of document image retrieval. The work
is done in both handwritten and printed document images.
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2.2 Similarity search in large databases

A large number of objects stored in databases are characterized by a collection of relevant
features and may be represented as points in high-dimensional attribute space. Often,
given a query object, it is required to search for similar objects in the database. The
similarity search problem is defined as follows: given a collection of n points, build a data
structure which, given any query point, reports the data points that are closest to the
query. A particularly interesting and well-studied instance is where the data points live
in a d-dimensional space under some (e.g., Euclidean) distance function. This problem is
of major importance in several areas. High-dimensional similarity search problems arise
naturally when complex objects are represented by vectors of d numeric features.
Similarity searching is an important problem in a variety of applications, including
knowledge discovery and data mining [36] pattern recognition and classification [28, 34],
machine learning [27], data compression [43], multimedia databases [39] and statistics [32].
Nearest or near-neighbor query problems arise in the context of similarity search. Image
matching for searching in document image collections is one such example that often involves

nearest neighbor computations and storage for efficient access.

2.3 Nearest neighbor search

The nearest neighbor (NN) problem involves determining the point in a dataset that is
nearest to a given query point. There are several efficient algorithms available when the
dimension d is low (e.g., up to 10 or 20). The first such data structure, the k-d tree was
introduced in 1975 by Jon Bentley [14] and remains one of the most popular data structures
used for searching in multidimensional spaces. It is frequently used in Geographical Infor-
mation Systems (GIS), where points are associated with some geographical location (e.g.,
cities). Many other multidimensional data structures are also known (see [45] and [95]).

A number of indexing techniques are available in the literatures for answering nearest
neighbor queries. These techniques are mainly designed for search in large databases. In

this section we discuss the popular indexing techniques for nearest neighbor search.
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Figure 2.1: Building k-d tree for nearest neighbor search

2.3.1 k-d trees

The k-d tree is a generalization of the binary search tree used for sorting and searching.
This data structure was introduced by Bentley [14]. The k-d tree partitions space for
organizing points in a k dimensional space. It is similar to a binary tree in which the root
of the tree represents the entire collection of points. Each node represents both a sub-
collection of the points in the space and a partitioning of that sub-collection. The collection
is partitioned by splitting planes that are perpendicular to one of the coordinate system
axes. Each nonterminal node has two children; these child nodes represent the two sub-
collections defined by the partitioning. The terminal nodes represent mutually exclusive
small subsets of the points, which collectively form a partition of k-space. These terminal
subsets are called buckets (Figure 2.1).

Range searching with k-d trees is straightforward. To perform the NN calculation, the
tree is searched in a depth-first fashion and at each stage it makes an approximation to the
nearest distance. Starting at the root the k-d tree is recursively searched. When visiting a
node which discriminates by the j-th key (called a j-discriminator) one compares the j-th
range of the query with the j-th key of the node. If the query range is totally above (or
below) the key’s value then one need only search the right subtree (respectively left) of that
node; the other child can be pruned from the search because any node it contains does not
satisfy the query in that particular key.

The k-d tree has been applied to a number of database problems. The applications are
discussed by Bentley in [15]. Another variant of the k-d trees called adaptive k-d trees

introduced by Friedman et al. is presented in [40]. This structure was designed keeping the
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need for effective for nearest neighbor searching. However, Sproull [97] observed that the
empirically measured running time of k-d trees does increase quite rapidly with dimension

and in practice is limited to problems with ten or fewer dimensions.

2.3.2 R-trees

An R-tree is a height-balanced tree similar to a B-tree [12, 25] with index records in its
leaf nodes containing pointers to data objects. The data structure splits the space with
hierarchically nested, and possibly overlapping, minimum bounding rectangles. Nodes cor-
respond to disk pages if the index is disk-resident, and the structure is designed so that a
spatial search requires visiting only a small number of nodes. Each node of an R-tree has
a variable number of entries. Each entry within a non-leaf node stores two pieces of data:
a method of identifying a child node, and the bounding box of all entries within this child
node. The index is completely dynamic; inserts and deletes can be intermixed with searches
and no periodic reorganization is required.

The search algorithm descends the tree from the root in a manner similar to a B-tree.
Every internal node contains a set of rectangles and pointers to the corresponding child
node. Every leaf node contains the rectangles of spatial objects. For every rectangle in a
node, it has to be decided if it overlaps the search rectangle or not. If yes, the corresponding
child node has to be searched. Searching is done in a recursive manner until all overlapping
nodes have been traversed.

However, more than one subtree under a node visited may need to be searched, hence it
is not possible to guarantee good worst-case performance. Nevertheless with most kinds of
data the update algorithms will maintain the tree in a form that allows the search algorithm
to eliminate irrelevant regions of the indexed space, and examine only data near the search

area.

2.3.3 Other structures

In this section we briefly mention several structures that we feel are no longer competitive
with the best ones. We include them for completeness.

Finkel and Bentley [38] describe a structure called the quad tree. It is a generalization
of a binary tree in which every node has 2¥ children. Bentley and Stanat [16] analyzed the

performance of quad trees for “square” range searches in uniform planar point sets. The
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quad trees (called “search-sort k trees”) have advantages over binary trees when used in a
synchronized multiprocessor system. This application aside, however, the quad tree seems
to be dominated by its historical successor, the k-d tree.

Bentley and Shamos [13] describe a data structure (the ECDF tree) for finding the
empirical cumulative distribution of a point (in k-dimensional space) among a collection of
points. If only a count of the number of points in the query hyper-rectangle is required and,
not a listing of the points, then several ECDF searches can be used to obtain that count.
This structure has very desirable worst-case query performance but requires storage and
preprocessing requirements similar to the range trees.

However, all the methods discussed above suffer as dimension increases. From the
perspective of worst-case performance, an ideal nearest neighbor solution would be to pre-
process the points in O(nlogn) time, into a data structure requiring O(n) space so that
queries can be answered in O(logn) time. In dimension 1, this is possible by sorting the
points, and then using binary search to answer queries. In dimension 2, this is also possible
by computing the Voronoi diagram for the point set and then using any fast planar point
location algorithm to locate the cell containing the query point [30, 86]. However, in di-
mensions larger than 2, the worst-case complexity of these techniques grows rapidly. Higher
dimensional solutions with sublinear worst-case performance were considered by Yao and
Yao [109]. Later Clarkson [24] showed that queries could be answered in O(logn) time with

O(n!4/?1) space. The O-notation hides constant factors that are exponential in d.

2.3.4 Discussion

The general approach to search in documents is to convert them into text and then apply
a search engine on the entire data. The text search engines are scalable to very large
data sets and are very efficient in retrieval. Word morphology and form variations are
handled very effectively by the text search engines. However, application of text search
engines is limited due to unavailability of robust OCRs for document images. Then, the
search is done in the image domain by representing the documents by d dimensional feature
vectors. Searching in such databases is simple and can be achieved by nearest neighbor
search methods. Representations of two similar objects/words may have feature vectors
that may differ a little in their values. In such representation of points/objects, the nearest
neighbor techniques may not be able to retrieve many similar looking objects. In that case,

approximate nearest neighbor solutions are necessary.
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Apart from the requirement of search in approximate representation of words, there are
difficulties caused by data size and the dimensionality of the representation. In any fixed
dimension greater that 2, the traditional methods do not achieve the simultaneous goals
of roughly linear space and logarithmic query time. The constant factors hidden in the
asymptotic running time grow at least as fast as 2¢ (depending on the metric). Arya et
al. [4] showed that if data size n is not significantly larger than 29, as arises in some ap-
plications, then boundary effects mildly decrease this exponential dimensional dependence.
In document databases the methods discussed above may not be much effective. There-
fore, we explore the efficient approximate nearest neighbor search methods for handling the

document image databases in retrieval task.

2.4 Approximate nearest neighbor (ANN) search

The apparent difficulty of obtaining algorithms that are efficient in the worst case with
respect to both space and query time for dimensions higher than 2, suggest that the alter-
native approach of finding approximate nearest neighbors is worth considering [5]. Consider
a set S of data points in R? and a query point ¢ € R%. Given € > 0, we say that point
p € Sis a (1 + €)-approximate nearest neighbor of q if

dist(p,q) < (1 + €)dist(p*, q), (2.1)

where p* is the true nearest neighbor to q. In other words, p is within relative error e of
the true nearest neighbor.

Nearest or near-neighbor query problems arise in the context of similarity searching. Im-
age indexing often involves offline nearest neighbor computations and storage for efficient
access. These nearest neighbor techniques for image matching are expensive in high dimen-
sions even when computed offline. Feature based image matching, searching and retrieval
could fall prey to the “curse of dimensionality”. That is the data structures scale poorly
with data dimensionality. In recent years, several researchers have proposed methods for
overcoming the running time bottleneck by using approximation. In this section we discuss

some of the promising approximate nearest neighbor search techniques.
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Figure 2.2: Illustration of ANN search using BBD tree

2.4.1 BBD-trees

Bern [17] proposed a data structure for approximate nearest neighbor problem. A data
structure based on quad trees, which uses linear space provides logarithmic query time.
A fixed function of the dimension was the approximate error factor for the algorithm.
A randomized data structure that achieves polylogarithmic query time in the expected
case and nearly linear space was proposed by Arya and Mount[3]. In this algorithm, the
approximation error factor is an arbitrary positive constant, fixed at preprocessing time.

A data structure based on a hierarchical decomposition of space, called balanced box
decomposition (BBD) tree is presented in [5]. The BBD tree has O(logn) height, and
subdivides space into regions of O(d) complexity. The regions are defined by axis-aligned
hyper-rectangles that are fat, meaning that the ratio between the longest and shortest sides
is bounded.

This data structure is similar to balanced structures based on box-decomposition, with
few new elements included for the purposes of nearest neighbor searching and practical
efficiency. Space is recursively subdivided into a collection of cells, each of which is either
a d-dimensional rectangle or the set-theoretic difference of two rectangles, one enclosed
within the other. Each node of the tree is associated with a cell, and hence it is implicitly
associated with the set of data points lying within this cell. Each leaf cell is associated with
a single point lying within the bounding rectangle for the cell. The leaves of the tree define

a subdivision of space.
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2.4.2 Locality sensitive hashing

Locality sensitive hashing(LSH) is a very efficient approximate nearest neighbor search
technique. Indyk and Motwani [44, 50] proposed LSH to achieve sub-linear search time in
a large databases of objects. The main idea of LSH is to hash points from database, using
several hash functions, so as to ensure that the probability of collision is much higher for
objects that are close to each other than for those that are far apart. Thus, similar objects
are mapped to the same index of the hash table. Given a query, hash the query point and
retrieve elements stored in buckets containing that point. This speeds up the process of
searching objects that are similar or nearest to the query objects.

LSH has been applied to a number of problems including some in computer vision. For
example, LSH is used to efficiently index high dimensional pose examples by Shakhnarovich
et al. [96]. Matei et al. [73] use LSH for 3D object indexing. LSH is different from the
geometric hashing approaches used in model based recognition of 3-D objects in occluded
scenes from 2-D gray scale images and also for finding documents from a set of camera-based
document images [101, 79].

In particular all indexing techniques degrade to linear search for sufficiently high dimen-
sions. The amount of data to be inspected for searching similarity of objects is large. In
document images, represented by features of high dimension, the techniques degrade quickly
even for moderate size data sets. Therefore, there is a need for searching only part of the
data that is approximately relevant to the query. This requirement is accomplished by the

LSH technique. LSH inspects only small portion of the data set in the process of search.

2.5 Applications of similarity search

Nearest neighbor searching has been used in a number of problems related to computer
vision. In this section we discuss some of the nearest neighbor search techniques that have

been used in solving problems such as image matching and object recognition.

2.5.1 Search in multimedia databases

An important research issue in the field of multimedia databases is the content based re-
trieval of similar multimedia objects such as images, text, and videos. However, in contrast

to searching data in a relational database, a content based retrieval requires the search of
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similar objects as a basic functionality of the database system. Most of the approaches ad-
dressing similarity search use a so-called feature transformation which transforms important
properties of the multimedia objects into high-dimensional points (feature vectors). Thus,
the similarity search is transformed into a search of points in the feature space which are
close to a given query point in the high-dimensional feature space. A detailed survey of the
indexing structures used for similarity search in multimedia databases is provided in [19].
Naively, a nearest neighbor query could be answered by examining the entire represen-
tative of every data object. Two general classes of possible approaches for the approximate

searching problem naturally arise [37]:

e Retrieved set reduction: In this approach the data is organized to examine a
small subset of the objects to answer a nearest neighbor query. The search technique
focuses on the data most relevant, instead of the entire data set, to the given query.
One effective and well-known solution is to index the multi-dimensional data [42]. The
goal of all such index structures is to reduce the size of the data set which is retrieved

as a result of a query.

e Representative size reduction: The representatives of the data set are organized
to examine only a partial representation (e.g., 2 out of d dimensions) of each object.
Using multi-dimensional trees for indexing such data degrades the performance sig-
nificantly [18, 107]. Considering all the dimensions at the same time dramatically
degrades the efficiency of high dimensional query processing. Hence, high dimen-
sional data is first reduced to lower dimensions and the search is conducted in the

lower dimensional space [1].

The retrieved set reduction approach is important especially for scalability in large data
sets. An approximate nearest neighbor (ANN) search technique which retrieves the feature
vectors related to a subset of the data set clearly outperforms a technique that retrieves the
feature vectors for the entire data set. Similarly, the representative size reduction approach
is crucial for high dimensional data. Considering all the dimensions at the same time

dramatically degrades the efficiency of high dimensional query processing.

2.5.2 Pattern recognition and classification

Nearest neighbor techniques are applied in a number of pattern classification problems.

Searching near points in multi-dimensional data points is one of the earlier applications of
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nearest neighbor search in pattern classification problems [28, 34]. The k-nearest neighbor
technique is one of the most used technique in many applications such as text categorization,
protein structure prediction, character recognition.

In recognizing objects, geometric hashing [63] and indexing methods are efficient and can
easily be made parallel. These methods are especially attractive in model-based schemes,
but they also hold significant advantages in pairwise object-scene comparisons because of
their ability to also handle partially occluded objects. However, this is difficult because it
is not known which data-base objects will appear and what their pose will be. The model
information is encoded in a pre-processing step and stored in a large memory, in this case a
hash table [108]. The contents of the hash table are independent of the scene and can thus
be computed offline, not affecting the recognition time. Access to the memory is based on
geometric information that is invariant of the object’s pose and computed directly from the
scene. During the recognition phase, and when presented with a scene, the method accesses
the previously constructed hash table, indexing geometric properties of features extracted
from the scene for matching with candidate models. A search of all scene features is still
required, but geometric hashing obviates a search of all models and their features.

The ANN search technique is applied in 3D object indexing [73] and pose estimation
problems. An example-based algorithm for fast parameter estimation using local models,
which are dynamically built for each new input image is presented in [96]. The problem
of computational complexity is overcome by employing LSH. The training examples are
indexed by a number of hash tables for the parameters. The parameter sensitive hashing
uses hash functions sensitive to the similarity in the parameter space, and retrieves in
sublinear time approximate nearest neighbors of the input with respect to parameter values
as well as the features. The key construction is a new binary feature space that is learned
from examples in order to more accurately reflect the proximity in parameter space. The
objective of parameter sensitivity is formulated in terms of a classification problem, and
a simple and efficient algorithm is presented for evaluating this objective and selecting

parameter-sensitive hash functions.

2.5.3 Document retrieval

The word wide web (WWW) contains information spread across very large number of huge

databases. Searching for similar or related pages is one of the great challenges on WWW.



CHAPTER 2. RELATED WORK 29

Traditional web search engines take a query as input and produce a set of (hopefully) rele-
vant pages that match the query terms. While useful in many circumstances, search engines
have the disadvantage that users have to formulate queries that specify their information
need, which is prone to errors. A related web page is one that addresses the same topic as
the query, but is not necessarily semantically identical. A number of algorithms have been
proposed for searching related pages [31]. Evaluation and selection of a proper similarity
search strategy is another important factor in finding related pages over the Internet. The
quality of these measures mainly depends on the user feedback [47].

The methods available for searching in text documents may not be applied for searching
in document image collections. The major challenge is the conversion of images into text
[33, 76]. Hence, there is a need for mechanism to search in document image collections. In
indexing and retrieval of document images, a large amount of time is spent in matching
and indexing building. The time efficiency can be gained by eliminating inefficient prepro-
cessing and applying techniques like hashing. Geometric hashing [63] has been successfully
demonstrated for retrieval from a set of camera-based document images [101, 49]. In [101]
feature based document image retrieval using invariants and hashing is presented. Indexing
is done based on local combination of projective invariants calculated from feature points.
For retrieval, a voting technique is employed for efficiency and robustness against erasure of
feature points. A content-based image retrieval technique based on interest points match-
ing and geometric hashing was presented in [49]. Features are extracted to describe images
patches, small regions around interest points. To provide matching scheme invariant to
local and global geometric transforms, the image patches are indexed into a 2-D hash table
by geometric hashing. Here, the emphasis was on addressing the imaging related issues
rather than scalability (e.g. perspectivity of the images) and word level document access.
In these techniques, the features are extracted at document level to generate the index. A
document image is required for querying the index. Therefore, content level access is not

possible in such retrieval methods.

2.6 Summary and Comments

Our objective is to query a collection of document images. The document images are repre-
sented and accessed at word level. The words of the documents are represented using some

features. The features are, generally, vectors containing numeric values of high-dimensions.
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Similar words are to be searched to retrieve documents relevant to the queries. This can be
done using nearest neighbor search techniques.

The representations of similar words may differ. In order to search in such small vari-
ations of features, approximate matches have to be determined. The nearest neighbor
methods can give the most similar words. However, with some modifications to the data
structures, K nearest neighbors can be obtained. As the dimensionality of the data is
very high, these structures may not be feasible. Therefore, we go for approximate nearest
neighbor methods.

The approximate nearest neighbor search should also be acceptably efficient in searching
the words. When the database is very large, the methods may perform very badly. The
preprocessing time could also be high. There is a need for adopting methods that can
preprocess in linear time and answer the queries in sub-linear time. This makes the searching
in document images efficient and scalable to large collections.

We discussed about some popular data structures and methods for nearest neighbor
(NN) search. Most of the NN search methods are feasible for low dimensional data only.
Their query time increases with the dimensionality of the data sets. There is extensive need
for similarity search in databases of multimedia, document databases and various problem
of pattern recognition. Data organization and effective representation techniques have been
adopted to achieve effective search in databases. However, as the data size increases the
similarity search becomes time inefficient. Most practical applications of similarity search
require approximate answers to queries rather than exact. In such cases, approximate
nearest neighbor search methods are adopted. Locality sensitive hashing was found to be
one of the best approximate nearest neighbor search technique for high dimensional data
sets Other methods suffer from the computationally costly initial processing of the data.

We also discussed other methods of document search techniques. These include the
recognition based, recognition free and annotation based methods. The traditional methods
are also not feasible for search in high-dimensional representations of large collection of
document images. Therefore, we resort to the approximate nearest neighbor search methods.
In the next chapter, we explore the feasibility of locality sensitive hashing technique for
indexing collection of words images. We determine effective word image representation
based on a number of experimental results. Different data sets are used to determine the

performance and effectiveness of the similarity search method.



Chapter 3

Approximate Nearest Neighbor

Search in Document Databases

Searching in document images involves looking for similar words in the whole collection.
Words inn the collection are represented by high-dimensional features. Due to variation
in images of similar content, these representations may also vary. The problem of interest
is to search in the collection and look for words which are similar to the query in this
representation. The methods available in the literature for computing similarity are often
computationally expensive and can not be scaled to large databases of high-dimensions.
These methods require large amount of time to carry out the computations for preprocessing
and search. Thus, we need an approximate nearest neighbor search (ANNS) technique that
(i) can retrieve similar words efficiently, (ii) is scalable to large collections and (iii) takes
less preprocessing time.

In this chapter we look at the ANNS applied for content-based image retrieval from
a database of word images, along with a time efficient locality sensitive hashing (LSH)
technique. We present various methods of representing word images using suitable features.
The performance of LSH on different datasets of word image collections is measured and

the results are discussed in detail.

3.1 ANN search for CBIR

Nearest neighbor searching is an important problem in a variety of applications, including

knowledge discovery, data mining, pattern recognition, machine learning, data compression,

31
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multimedia databases, information retrieval and statistics. The image and video databases
contain a collection of objects that are characterized by a set of relevant features and
represented as points in high-dimensional vector space. Given a query in the form of points
in this space, a similarity search problem involves finding the nearest objects to the query.

Content-based image retrieval (CBIR) (i.e. content-based visual information retrieval
(CBVIR) ) is the application of computer vision to the image retrieval problem, that is,
the problem of searching for relevant images in large image databases [66]. Here, “content-
based” means that the search will analyze the actual contents of the image. The term
‘content’ in this context might refer to colors, shapes, textures, or any other information
that can be derived from the image and represented in a feature space. In the context of
document images, the content refers to the words in the images. Without the ability to
examine image content, search may rely on meta data such as captions or keywords, which
may be laborious or expensive to produce in all situations.

Two key characteristics of CBIR are (1) its use of image and video content—computable
properties such as color, texture, shape, and motion from images and videos and (2) its
graphical query process in which queries are posed by an example. To achieve this function-
ality, query by image content (QBIC) [39] has two main components: database population
(the process of creating an image database) and database query. During the population,
images and videos are processed to extract features describing their content—colors, tex-
tures, shapes, motion—and the features are stored in a database. During the query, the
user composes a query graphically. Features are generated from the graphical query and
then input to a matching engine that finds images or videos from the database with similar
features. In the general framework of search in document images, a text query is given
from which an image is generated. The image is represented using features for search in the
collection of words.

Indexing tabular data for exact matching or range searches in traditional databases is
a well-understood problem and structures like B-trees provide efficient access mechanisms.
For queries in which similarity is defined as a distance metric in high dimensional feature
spaces (for example, color histogram queries), indexing involves clustering and indexable
representations of the clusters. In the case of queries that combine similarity matching with
spatial constraints on objects, the problem is more involved. Data structures for fast access
of high dimensional features for spatial relationships need to be invented. The color and

texture features are the most commonly used representations. These representations may
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not apply to databases of general imagery [106]. In the absence of such features, retrieval
systems must resort to different features [80].

In a query, features from the database are compared to corresponding features from
the query specification to determine which images are a good match. In an object shape
query, the query specification is the drawn shape. Area, circularity, eccentricity, major-axis
direction, features derived from the object moments, and a set of tangent angles around the
object perimeter are the features used to characterize and match shapes. In a multi object
query the features are standard color and texture. The matching is done by combining the
color and texture distances. For a small database, a sequential scanning of the features

followed by straightforward similarity computations is adequate.

3.2 Locality sensitive hashing (LSH) and application

A collection of documents is often characterized by a collection of relevant features. Typ-
ically, the features of the document words are represented as points in R¢ and a distance
metric is used to measure the similarity of the words. Our basic problem is to perform
indexing or similarity searching for query words in such data sets which are points in a d
dimensional space. In searching for relevant words, it is not necessary to insist on the exact
answer, instead, determining an approximate answer should suffice.

In this section, we describe locality sensitive hashing (LSH). This technique was orig-
inally introduced in [50] for the purpose of e-NNS problem. An enhanced version of this
technique is used in chapter 4 for search in large databases with improved search time. Let
p = (x1,...,24) be a point representing a set of features of a word image and P be set of
all such points representing the collection of word images. Each point is transformed into a
binary vector using equation 3.1. This embeds P into the Hamming cube H 4 with d' = C4d,

where C' is the largest coordinate in P.

v(p) = Unaryc(zy) ... Unaryc(xq), (3.1)

where Unaryc(x) represents the unary representation of z, i.e., is a sequence of x ones
followed by C' — x zeroes. For example, if z = {1,3,2},d = 3 and C' = 3, then v(z) =
100 111 110. The distance between any pair of points p, ¢ with coordinates in the set 1...C
is given by,

d1(p,q) = du(v(p),v(q)) (3.2)
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That is, the embedding preserves the distance between the points. The understanding of
the hashing algorithm is made simple by using the embedding. In practice, the embedding
becomes expensive when C' is large. A hash function g(p) = p|; is defined by projecting
vector p on a coordinate subset I of 1,...,d" (1,2,...,9 when d = C = 3). That is,
compute p|; by selecting the coordinate positions as per I and concatenating the bits in
those positions. Such [ (specified later) subsets I1,...1I; of 1,...,d" are chosen to denote I
hash functions g;(p) = p|;. For example, if p = {1,3,2}, and I = {2,3,7,9} then g(p) =
0010 (value2indecimal).

The hashing is done in two levels. In the first level, the functions map each point p to
bucket g;(p). In the second level, the contents of these buckets are mapped into a hash
table of size M by a standard hash function. The number of points n, the hash table size

L and the maximum bucket size B are related by the following equation:
M =a—, (3.3)

where « is the memory utilization parameter i.e., the ratio of the memory allocated for the
index to the size of the data set.

Let D(-,-) be a distance function of elements from a set S, and for any points p € S
let B(p,r) denote the set of elements from S within the distance r from p. If D(-,) is the
Hamming distance, then the family of projections on one coordinate is locality-sensitive. A

family H of functions from S to U is locality-sensitive if the following conditions hold.

p € B(q,r1) then Prglh(q) = h(p)] > p1
p ¢ B(q,r2) then Pri[h(q) = h(p)] < p2
where the probabilities are p; = p(r1) and py = p(ra)

To process a query ¢, all the indices g1(1),...,9;(q) are searched until either at least
¢ - | points are encountered or all [ indices are used. The set I consists k elements sample
uniformly at random with replacement from 1,...,d’. An optimal value of k is chosen to
maximize the probability of two points p and ¢ to fall into the same bucket if they are close
to each other. Also, the probability of p and ¢ falling into same bucket is minimized when

they are far apart. The values of k and [ are given by,
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k= logy/p,(n/B) (3.4)
n\P In(1/p1)
I = (E) , where p = m (3.5)

There is need to compute p] ; for an image p’ of point p from the data set, where I
is the set of coordinates as mentioned earlier. For ¢ = 1,...,d, let I); denote, in sorted
order, the coordinates in I which correspond to the ¢th coordinate of p. It is sufficient to
compute o; for ¢ = 1,...,d in representing p]I. Because, it results in a sequence of bits
which is monotone, i.e., consists of a number, say o;, of ones followed by zeros. This task is
equivalent to finding the number of elements in the sorted array I|; which are smaller than
a given values, i.e., the ith coordinate of p. This can be done via binary search in log(C')
time, or even in constant time using precomputed array of C bits. Thus, the total time

needed to compute the function is either O(dlog(C)) or O(d), depending on resources used.

3.2.1 A simple example of LSH

The hashing technique explained above can use a number of different hash functions for
indexing purpose. The values of these functions can be results of simple mathematical op-
erations or chosen from a distributions. We demonstrate the operation of above mentioned
technique with the help of a simple example. We use three dimensional data to demonstrate
the LSH technique.

Let p=1{1,3,2},q ={1,2,3},7 = {3,1, 1} are the three dimensional (d = 3) data points.
Now we embed the points into Hamming space. The maximum value in the dimensions is
C = 3. We assume the number of hash tables is L = 2. After embedding the points
into Hamming space the new dimension obtained is ' = Cd = 9 and I; = {1,5,6} and
I, ={2,3,7,9} are L subsets from d’. Now, we apply the operation of equation 3.1 for the

data points as follows,

v(p) = 100 111 110
v(g) =100 110 111
v(r) = 111 100 100

The next step is to compute the hash values of these points for each of the L hash tables.
We have defined the hash functions as:
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91(p) = vi(p) - - vL(p)
i(p) = select I; bits from v(p),i =1...L

<

91(p) = 111, ga(p) = 0010. (7,2)
g91(q) =110, g2(q) = 0011. (6,3)
g1(r) =100, g2(r) = 1110. (4,13)

Let the query is s = {2,1,1} and by following the above conversions and applying the

hash functions

v(s) = 110 100 100
g1(s) =110 and ga2(s) =1010. (4, 10)

we obtain r as the resulting near point. The example is just an illustration of the operation
of LSH. The LSH is designed for large data bases of high dimensionality. Lower dimension

data bases can be searched easily using B-tree or similar other data structures.

3.3 Indexing document image databases using LSH

Digital libraries are digitizing a large number of documents through scanning generating a
very large data bases of document images. Searching in these document images for specific
content is a difficult task. We formulate this problem as content based image retrieval. Any
text search engine uses words as the basic components for searching. Similarly, the search
in document images also should be at the word level. Words are extracted from the images
by applying a method called segmentation. The segmentation splits the document image
into words and returns images of words. However, these words are still images and can
not be used like the text words. Hence, we represent these words with the help of special
features. Search for any document at content level requires searching through this database
of word features for features similar to the query words. The query also has to be in the

form of features from the word image.

3.3.1 Representation of word images

Two images of the same words may differ in a number of ways due to pixel variations, noise
etc. A description or representation is required for the words of the documents which will

allow matching inspite of these differences. Building an appropriate description is critical
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to the robustness of the system against signal noise. In general, color, shape or/and texture
features are used for characterizing the content in content-based image retrieval systems.
More specific features are required for word representation in document images. These
features can be more specific to the domain as they contain an image-description of the
textual content in it. It is observed that many of the popular structural features work well
for good quality documents. Word images, particularly from newspapers and old books,
are of extremely poor quality. Common problems in such document databases will have to
be analyzed before identifying the relevant features.

Some of the popular artifacts in printed document images include [75] (a) Excessive
dusty noise, (b) Large ink blobs joining disjoint characters or components, (c¢) Vertical cuts
due to folding of the paper, (d) Cuts in arbitrary directions due to paper quality or foreign
material, (e) Degradation of printed text due to the poor quality of paper and ink, (f)
Floating ink from facing pages. An effective representation of the word images will have to
take care of these artifacts for successful indexing and retrieval.

We found that three categories of features are effective for addressing these artifacts.
The features could be a sequential representation of the word shape, content or a structural
representation of the word image. We employ a combination of scalar, profile, structural
and transform domain feature extraction methods as used in [10, 90, 91]. The images we
operate on are all binary with two intensity levels [0,255]. We refer to an image of height

h as I(r,c), where r and ¢ indicate the row and column, respectively, index of the pixel.

Scalar Features: Scalar features include an estimate of the number of ascenders and

descenders in the word and the aspect ratio of the image.

Profile Features: The profile features include projection profiles, background to ink

transitions, upper and lower word profiles.

e Projection profile: It is a measure of ink distribution of the word image. Each
value in the profile is calculated by summing over the pixel values in the corresponding
image column (Eq. 3.6). Figure 3.1(f) shows the plot of a typical projection profile.
We invert the image before the calculation, causing concentrations of ink to create
peaks, because we would like to measure the ink contained in each column. The

descriptive power of the modified profile remains unchanged.
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h

pp(I,¢) =) (255 — I(r,c)) (3.6)

r=1

e Ink transition: Ink transition represent the internal shape of the image, computed
by counting the number of transitions ntrans(I, c) from background (paper) to “ink”

for every column of the image (see Figure 3.1(g)).

it(I,c) = ntrans(1,c) (3.7)

idiosyncrasy

(a) Word image to be represented

(b) Projection from upper boundary of the word (c¢) Projection from lower boundary of the word
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(f) Projection profile (g) Background to ink transition

Figure 3.1: Representing word images using features for indexing and retrieval

e Upper and lower word profile: The outline shape of the word is captured by
upper and lower word profiles. Upper (lower) word profile features are computed by
recording — for each image column — the distance from the upper (lower) boundary of
the word image to the closest “ink” pixel. Ink pixels are determined by a thresholding
algorithm that classifies pixels into the categories ink and paper. If an image column
does not contain ink, the feature value is taken as 0. Figures 3.1(d) and 3.1(e) shows

two typical profiles (feature values are inverted).
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undefined, if Vr (iscink(I,r,c¢) =0)

up(l,c) = (3.8)
argmin,—1. p(isink(I,r,c) = 1), otherwise

Ip(I.c) = undefined, if Vr (is_ink(I,r,c) =0) (3.9)
argmax,—1. p(is;nk(I,r,c) = 1), otherwise

where is_ink(I,r,c) returns 1 if I(r,c) is foreground pixel, and 0 otherwise.

Structural Features: The structure of the word image is described by statistical mo-
ments and region-based moments. Each moment order carries different structural informa-
tion about the same image. Many of the pattern recognition problems are addressed used
different moment orders. Normalized moments, such as first-order moments (Moo, Mo1),
central moments (C'M,,), and statistical moments (mean, standard deviation) are employed
in this work for describing the structure of the word. Structural features are also robust
for representing images containing various artifacts and noise like, salt and pepper noise.

Moments of order (p + ¢) for image I are given by the following equations.

My, = Zerch(r,c) (3.10)
CMpg = DY (r—7)(c—2)(rc) (3.11)

where, the region-based moments along the row and column of the image are given by:

F:@,E:% (3.12)
Moo Moo
Transformed Domain Representations: A compact representation of a series of ob-
servations (such as profiles) is based on the Fourier Transform. A few coefficients are enough
to represent a word robustly in a transformed domain, and these coefficients are matched
at a coarse level for recognition.

A DFT is performed on feature vector f = fq,..., f,_1 to obtain its frequency space

representation F = Fy, ..., F,_1:



CHAPTER 3. APPROXIMATE NEAREST NEIGHBOR SEARCH IN DOCUMENT DATABASES40

n—1
Fe=Y fi-e?™/n 0<k<n-—1 (3.13)
=0

Then the first ¢ real components and ¢ — 1 imaginary components are extracted from
the DFT representation for use as scalar features. The word feature is split vertically into
four parts of equal width. Then 2 - ¢ — 1 Fourier features are obtained from each of these
parts. In total we use 84 Fourier coefficients (with ¢ = 4) of the segmented profiles and ink

transition features to represent the word images.

3.3.2 The basic steps

The problem of searching similar words is solved using the LSH technique explained in
Section 3.2. The points, which represent words, are preprocessed by hashing for answering
the near neighbor queries. The steps involved in the preprocessing are enumerated below.

The preprocessing step give a number of hash tables which contain the data points.

1. Input: A set of points P, which are representations of word images from document

images. The number of hash tables [.
2. Output: Hash tables T;,7 =1...1
3. Initialize each hash table T;,i = 1...[ by generating a random hash function g;(-)

4. Store point p; on bucket g;(p;) of hash table T;,% = 1...l. Repeat this step for all
the [ hash tables.

Searching for similar words involves similarity search in the database of P points. There-
fore, we have to query the hash tables built in the preprocessing step. The method of

querying for approximate nearest points in the database is as enumerated below.

1. Input: A query point ¢ and K (number of approximate nearest neighbors).
2. Access to hash tables T;,7 = 1...[ generated by the preprocessing algorithm. S « @
3. Output: K (or less) approximate nearest neighbors.

4. S «— S U {points found in g;(¢q) bucket of table T;,i = 1...1}. Repeat the step for
each hash table [
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5. Return the K nearest neighbors of ¢ found in set S.

Thus, the problem of searching for similar word images in a large database of words
from document images is solved using approximate near neighbor search technique. Given
a query word image, the relevant documents can retrieved by searching for similar words in

sublinear time.

3.4 Experiments and results

The proposed method of indexing and retrieval is tested on a collection of word images
from the English language. The main focus of the experiments is on the accuracy values
obtained by querying the hash table of word image feature points from the collection.

We employ the hashing method as explained in this chapter. Computation of hash
functions is different from the way it was explained in section 3.2. A d dimensional word
feature = is mapped onto a set of integers by each hash function hgp(z). Each hash function
in the family is indexed by a choice of random a and b, where a is a d dimensional vector
with entries chosen independently from a p-stable distribution and b is a real number chosen
uniformly from the range[0,w] (w = 4 provides good results). For a fixed a, b the hash
function h,j is given by equation 3.14. Details about the computation of other parameters

of the hashing technique are presented in Chapter 4.

a-x+bJ

hap(z) = L " (3.14)

3.4.1 Data set generation

We need word images for testing the LSH method. The word images can be generated
from text or obtained by segmenting the document images. Getting word images from real
document images involves a few steps of processing. It requires scanning document images,
processing for noise and skew removal etc., and then segmentation. We generate images,
using an image generation program, from a text corpus obtained from online newspapers
and dictionaries.

Given a text word, the program generates and returns an image of the text. Most of the
image processing libraries are capable of doing this operation. ImageMagick [68] is one such
library that we made use of in generation of word images for the experiments. Given the

font information, it has support for generating images of different styles, sizes and shapes.
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erudite erudite |erudite erudite

(a) Images generated using “Arial” font

crudite| erudite emdite emdlte

(b) Images generated using “Times” font

-rudite erudite erudife erudiTe

(c) Images generated using “Comic” font

Figure 3.2: Data sets (English): Sample word images from the English data sets. EG Data_1
contains word image in only one of these fonts. EG Data_2 contains word images in “Arial”
and “Times” fonts (3.2(a) and 3.2(b)). EG_Data_3 contains images in all three fonts.

The library supports other image processing operations also. In this chapter we present

experiments conducted on the data sets to test the performance of hashing technique.

3.4.2 Data sets

The data sets of English language are used for evaluating the performance of hashing tech-

nique. The size and characteristics of the data in these data sets is discussed below.

Dataset EG_Data_1: English word images of around 2200 words. The images were in
a single font with varying images sizes. The image heights varied from 35 to 75 pixels (see
Figure 3.2).

Dataset EG_Data_2: Around 3520 word images using two similar looking fonts (e.g.
Arial and Times, see Figure 3.2(a) and 3.2(b)). The image heights in this case also varied
from 35 to 75 pixels.

Dataset EG_Data_3: A collection of 7920 word images in three different looking fonts
(e.g. Arial, Comic and Times). The image heights in this case also varied from 35 to 75
pixels (see Figure 3.2(a), 3.2(b) and 3.2(c)).
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3.4.3 Results and discussion

The search technique discussed above is evaluated by experimenting with the different
data sets. The generated words in the above mentioned data sets contain annotations
that are used for performance evaluation. Different experiments are conducted for testing
and evaluation of the hashing method. We use precision and recall along with F-score for
measuring the performance. We analyze and discuss the results obtained in the experiments

in the rest of the chapter.

Performance measure

The performance of the search results is measured in terms of precision and recall values.
Precision is defined as the number of relevant words retrieved by a search divided by the total
number of words retrieved by that search. Recall is defined as the number of relevant words
retrieved by a search divided by the total number of existing relevant words in the database,
which should have been retrieved). A popular measure that combines Precision and Recall

is the weighted harmonic mean of precision and recall, called F-score or F-measure.

. |{Relevant Words in Database} N {Retrieved Words}|
P = 1
rectson |{Retrieved Words}| (3:15)

Recall — |{Relevant Words in Database} N {Retrieved Words}| (3.16)
N |[{Relevant Words in Database}| ’

Precision - Recall
F = 2. 3.17
seore Precision + Recall (3:.17)

Performance on different data sets: The data sets explained in the previous section
are used for testing the performance of hashing technique. The precision and recall values
along with the F-score measure are shown in table 3.1. It can be observed from the results
that the performance is acceptable in terms of the number of words that are searched in this
method. Some examples of the retrieved set of word images obtained by querying are shown
in Figure 3.3. It is clearly observed that the retrieved results are all similar in content.

An example of search results obtained by querying the hash tables on an English data set
is shown in Figure 3.4. The word image in Figure 3.4(a) is the query and rest of the images
are the retrieved images. The projection profile and ink transition features are also shown

along with the word images to demonstrate the representation using features. It is observed
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Data Set Precision | Recall | F-score
English EG_Data_1 97.23 98.00 97.61
English EG_Data_2 94.45 96.80 95.61
English EG_Data_3 63.70 56.47 59.87

Table 3.1: Search performance on generated data sets of Telugu and English language word
images.

Query Image Some of the Retrieved Images

solvent

solvent

solvent

solvent

vent

brittle

brittle

brittle

brittle

S0
brittle

forgery

forgery

forgery

forgery

forgery

Figure 3.3: Results: Example words retrieved from querying in English data sets.

from the result in Figure 3.4(d), that the wrongly retrieved word has a representation similar
to the correctly retrieved words. There is only a small variation in the projection profile,
which is approximated in the search. Hence, small variations in the words are ignored by

the retrieval technique.

Effect of query radius: The LSH is an approximate near neighbor search technique for
large databases. To obtain the best precision and recall values the query distance determines
the nearest points that are to be specified during the query process. Getting the right query
radius that gives good performance values is very important. The right query radius value
is determined experimentally by querying the index with different radius values. The plot
shown in Figure 3.5 portrays the effect of query radius on the precision and recall values.
The plot is obtained on the English data set EG_Data_2. In the experiments conducted,

the number of hash tables required was L = 6 for obtaining the desired performance values.

Effect of fonts: In an another experiment, data set EG Data_3 was used to test the

effect of different fonts on the performance of the proposed technique. Table 3.2 shows the
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(a) Input query word image
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(b) Example of correct retrieved image
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(c) Example of correct retrieved image
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0 1a0 20 w0 30 150 am 2il 30

(d) Example of wrong image retrieved

Figure 3.4: Search result: Some example word images obtained as a result of querying the
word image with content “ineluctable” in the hash table.

changes observed in the precision and recall values with change in query radius. It is clearly
observed from the table that the technique works very well for data sets of single font word
images (see columns 4 to 9). When words of different fonts are combined together, the

performance degrades immediately (see columns 2 and 3).

Query | Overall Performance | Font - Arial | Font - Times | Font - Comic
Radius | Precision | Recall Prec. | Recall | Prec. | Recall | Prec. | Recall
0.15 85.41 19.79 84.80 | 74.40 79.27 | 59.90 84.00 | 57.50
0.20 96.36 32.62 92.40 | 87.60 96.54 | 88.73 98.66 | 86.00
0.24 96.51 39.88 95.12 | 92.80 | 97.26 | 96.39 | 96.80 | 96.50
0.28 93.87 44.23 97.22 | 98.00 | 91.37 | 98.64 | 90.49 | 99.00
0.34 69.23 54.09 84.21 | 100.00 | 58.17 | 100.00 | 53.83 | 100.00
0.38 46.02 63.83 63.20 | 100.00 | 33.89 | 100.00 | 30.74 | 100.00
0.40 35.24 68.52 52.60 | 100.00 | 21.68 | 100.00 | 20.21 | 100.00

Table 3.2: Font specific performance of retrieval technique on a collection of word images

The performance of the hashing technique is well acceptable for features obtained from

single font word images (data set EG_Data_1). It can be observed from the results shown
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Figure 3.5: Effect of query radius on the Precision and Recall values in retrieving the word
images.

in Table 3.1 also that the performance degrades (data set EG_Data_3) if word images of
different font types are hashed together. The performance is acceptable with a data set
obtained from word images of similar looking fonts (data set EG_Data_2). Therefore, it is
concluded that the method of indexing using LSH is effective for the feature points extracted

from collection of word images that are in single or similar looking font type.

Selection of features: A feature may not be good by itself performance-wise. However
it can provide a significant performance improvement when combined with others. This
requires a method to combine them. The performance of individual feature is shown in
Table 3.3. The variation of performance with combination of some of these feature is
shown in Table 3.4. It can be seen that features projection, lower and upper word profiles
perform well individually. Their relative good level of performance is attributed to their
representation of the word image using its internal characteristics, which further indicates
the relative high level of information contained by them.

Out of the combined runs of each of the four features, background to ink transition and
profiles register the highest F-score of 94.34%. This indicates that combining these features

result in a better representation of a word image for the retrieval task.
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Features Precision | Recall | F-score
Projection profile (pp) 91.93 80.64 85.91
Upper word profile (up) 87.63 74.19 80.35
Lower word profile (Ip) 93.22 88.70 90.90
Ink transition (it) 80.64 59.67 68.58
Moments 22.58 25.75 24.06

Table 3.3: Feature specific performance of retrieval technique

Features Precision | Recall | F-score
pp and it 95.69 87.09 91.18
Ip and up 92.90 91.93 92.41
Ip and it 93.54 80.64 86.61
up and it 95.69 87.09 91.18
All profiles 93.01 93.54 93.27
All profiles and ink transition 95.16 93.54 94.34

Table 3.4: Retrieval performance with combination of different features

3.5 Summary and comments

Search in document image databases is similar to the content based image retrieval (CBIR)
problem. The content of images here is the text. Given a query, we need to search for word
images of similar textual content. This problem is addressed by applying a hash based
indexing and search technique. The images were represented by a set of features that are
used for indexing and search. The experimental results clearly suggest that the technique
is efficient unlike the word spotting, direct image matching or other traditional approaches.

The word similarity search is possible in time much lower, as compared to other meth-
ods available for document images. Experimental results have been presented on different
data sets to test the time efficiency. The proposed search method is easily scalable to large
homogeneous (images in similar looking fonts) collections of document images. We demon-
strate the scalability of the technique on document images obtained from a collection of
books in next chapter. The effect of data size on the query time and more experiments are
conducted to evaluate the technique.

It can be inferred from the experimental results that the features are good enough for

representing the word images. This makes the features as possible candidates to represent
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word images of any other language. However, the feasibility of these features have to be
explored. As there are no efficient search techniques for Indian language documents, we
explore the possibility of applying our method on them. In the next chapter we present
results of search in a collection of documents from an Indian language and discuss the

performance in comparison with an other popular method.



Chapter 4

Search in Collection of Kalidasa
Books

Retrieval is primarily about searching in a collection of items for items that are similar to
a query. It is about matching some user stated query against useful parts of records and
presenting the matched results to the user. The records could be any type of structured
text, such as bibliographic records, newspaper articles, or paragraphs in a user manual,
multimedia records like, audio and video data. The queries can be few sentence descriptions

or words of an information to be known.

4.1 Document search and retrieval systems

A search engine allows one to ask for content meeting specific criteria (typically those
containing a given word or phrase) and retrieves a list of references that match those criteria.
A regularly updated index is used by the search engine for efficient search and retrieval.
Typically search engines are designed for textual documents and need special care to adapt
to document images. Scalability of these search engines to adapt to the ever growing size
of digital libraries, adaptation of language processing modules in the context of document
images and many other search areas still remains as an open area. Effective access to
such information sources is limited by the lack of efficient retrieval schemes. The use of text
search methods requires efficient and robust optical character recognizers (OCRs) and direct
matching of images is inefficient due to the complexity of matching and thus impractical

for large databases.

49
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4.1.1 Search engine for document images

A large collection of printed and handwritten documents are being archived in digital li-
braries such as the Digital Library of India (DLI) [81]. The DLI aims at digitizing all
literary, artistic, and scientific works of mankind so as to create better access to traditional
materials, easier preservation, and making documents freely accessible to the global society.
A Number of scanning centers all over India are working on the digitization of books and
manuscripts. Each of these scanning centers has a number of scanners each one of them
capable of scanning approximately 5000 pages in 8 hours. As on April 2008, close to 93,000
books were digitized and made available online by DLI (http://dli.iiit.ac.in) as document
images.

Effective access to these document image collections requires designing and building a
mechanism for effective search and retrieval of textual data from document image collections.
Document image indexing and retrieval were studied with limited scope in the literature [33].
The success of these procedures mainly depends on the performance of the OCRs, which
convert the document images into text. Much of the data in DLI are in Indian languages.
Searching in these document image collections based on content, is not presently possible.
This is because OCRs are not yet able to successfully recognize printed texts in Indian
languages. We need an alternate approach to access the content of these documents. A
promising alternate direction is to search for relevant documents in image space without

any explicit recognition.

4.1.2 Indian language documents

A number of collections of historical prints, writings, manuscripts and books exist in Indian
languages that need search options in images. The document images of such collections can
not be recognized accurately. The image domain search systems also are not scalable to
such large collections. Kalidasa’s collection is one such collection, which consists of seven
books.

Kalidasa was a Sanskrit poet and dramatist of India. His collection of writings comprise
three plays and four poetries. The three famous plays written by Kalidasa are Malavikag-

nimitram (Malavika and Agnimitra), Vikramorvasiya (pertaining to Vikrama and Urvashi)
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Figure 4.1: Sample document images from Kalidasa’s books in Telugu.

and Abhijnanasakuntalam (The Recognition of Sakuntala). In addition to his plays, Kali-
dasa wrote two surviving epic poems Raghuvamsha (Dynasty of Raghu) and Kumarasamb-
hava (Birth of Kumar Kartikeya), as well as the lyrical Meghaduta (Cloud Messenger) and
Ritusamhara (The Exposition on the Seasons). All the writings have been translated into
many Indian languages. Sample pages and words (in Telugu language) from the Kalidasa
collection are shown in Figure 4.1 and Figure 4.2.

Such collections can be made available to large communities through electronic media.
There is a need for easy and efficient access to such collections. The search procedures

available for text domain can be applied, if these document images are converted into
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textual representations using recognizers. However, it is an infeasible solution due to the

unavailability of efficient and robust OCRs for Indian languages [84].

©RTITR0SOIN FHoodger! sTSgSD). eodgo
DOBIOIS® BPSOSD  3eensedS Soreds

Figure 4.2: Examples word images, selected from Kalidasa’s collection of books.

4.1.3 Problem statement and contribution

The size of the information available on the world wide web is growing tremendously fast.
Most of the information is in the form of text, images and video. Present day search engines
are designed for search and retrieval in text databases. However, image databases are also
growing especially with images of printed and handwritten historical documents. Access
techniques to such databases are studied by many researchers across the world on different
languages. Methods of accessing document images presented in the literature are good
enough for small data sizes. The access times are also acceptable for such datasets. With
the fast increase in data over the WWW, digital libraries and similar sources, these methods
are not scalable. Hence, there is a need for techniques for efficient search in large collections
of document images.

This chapter describes a solution to the problem associated with the implementation of
a scalable system for Indian language document images. A conceptual block diagram of our
prototype system is shown in Figure 4.3. Our system accepts a textual query from users.
The textual query is first converted to an image by rendering, features are extracted from
these images and then a search is carried out for retrieval of relevant documents. Results of
the search are pages from document image collections containing the retrieved words sorted
based on their relevance to the query.

This work mainly aims at addressing some of the issues involved in effective and effi-
cient retrieval in document images with effective representations of the word images. We
demonstrate efficient retrieval through content-sensitive hashing on a collection of Kalidasa’s

writings.
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4.2 Efficient search in large collections

We present an efficient mechanism for indexing and retrieval in large document image
collections. Access to documents is possible only if they are represented as words, which
are meaningful units of the content. The words are extracted from the document through
a technique called segmentation. Then features are computed at word level and indexed.
Word retrieval is done very efficiently by using an approximate nearest neighbor retrieval
technique called locality sensitive hashing (LSH). Word images are hashed into multiple
tables with features computed at word level. Content-sensitive hash functions are used
to hash words such that the probability of grouping similar words in the same index of
the hash table is high. The sub-linear time content-sensitive hashing scheme makes the
search very fast without degrading the accuracy. It captures the structure and content of
the word images through features and searches similar words efficiently with the help of

hashing technique.

4.2.1 Content sensitive hashing

In the proposed retrieval technique, the index is built by hashing word level features of
document images. The features are hashed using content sensitive hash functions, such
that the probability of finding words with similar content in the same bucket is high. The
same content sensitive hash functions are used to query similar words during the search.
The major challenges in efficient indexing and retrieval are the preprocessing and word
matching times. We overcome these challenges with the use of hashing.

A conceptual block diagram of the technique is shown in Figure 4.3. Books are scanned
and processed to index the document pages. The textual word query is first converted to
an image by rendering, features are extracted from these images and then search is carried
out to retrieve relevant word images. To facilitate searching, scanned document images are
preprocessed and segmented at word level. A set of features are extracted as representatives
of word images to be indexed. Content-sensitive hash functions are used to hash the features

such that similar word images are grouped in the same index of the hash table.

Hashing technique

Retrieval of document images, with words represented in terms of features, requires finding

words with similar feature vector representation as the queries. A technique that computes
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Figure 4.3: Conceptual Diagram of the Efficient Searching Procedure from Document Image
Database. Showing offline preprocessing and on-line query processing stages.

simple distance measures, like Euclidean, can be applied to search the entire database for
similar words. The exhaustive search method may not be applied to large databases. Since
a query may comprise of few words to a sentence of many words, searching the complete
database is time expensive process. This becomes even inefficient in the case of large
collection of words. Also, the representation of two similar words may not have exact same
feature values. Therefore, searching for similar words can be modeled as a nearest neighbor
search problem.

In nearest neighbor search, given a query ¢, it is required to report a point in data
set P that is closest to ¢q. In the case of word search using a feature representation, the
requirement is to search for words with features approximately matching to that of the
query word feature. Therefore, it is sufficient to report all feature points within a distance
of at most R from query gq.

Let P = {z1,x9,...,2,} be the words in the document image collection. A word is
represented by a feature vector = {f1,..., fp}, represented as a point z € R” in feature
space, where f; is computed by extracting features that describe the content of the word

images. The extracted features satisfy the following assumptions.
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1. A distance function d is given which measures the content level similarity of the words,
and a radius R in the feature space is given such that x1, 2 are considered similar iff
d(l’l, xg) < R.

2. For a randomly chosen word image, there exists a word image with high probability

and similar feature values in the collection.

3. There are no significant variations in feature vectors of the words with similar content,

or the feature extraction process is unbiased.

The distance function and the similarity threshold are dependent on the particular task,
and often reflect perceptual similarities between the words. The last assumption implies that
there are no significant sources of variation in the word features for words that are similar
in content. The content similarity search is done by efficient nearest neighbor searching
with content-sensitive hashing algorithm.

With word image representations available, finding similar word images is now equivalent
to the nearest neighbor search (NNS) problem: Given a set P of n points in some metric
space X, we preprocess P so as to efficiently answer queries, which require finding the
point in P closest to a query point ¢ € X. Traditional data structures for similarity search
suffer from the curse of dimensionality. Locality sensitive hashing (LSH) is a state-of-
the-art technique introduced by Indyk and Motwani [50] to alleviate the problem of high
dimensional similarity search in large databases. The main idea in LSH is to hash points
into bins based on a probability of collision. Thus, points that are far in the parameter
space will have a high probability of landing into different bins, while close points will go
into the same bucket. It has been shown that LSH out-performs tree-based structures such
as the Sphere/Rectangle-tree (SR-tree) by at least an order of magnitude [44, 50].

In order to find similar words, we can hash points from P into some domain U, and
then at the query time compute the hash function of ¢ and consider the points with which ¢
collides. That is, consider points ¢, u, v with v in a ball of radius R centered at ¢, denoted by
v € B(q,R) and u ¢ B(q, R). Then, we have that the probability p(|| ¢g—v ||) > p(|| g—u ||)-

The content-sensitive hashing is achieved by hashing words using a number of hash
functions from a family H = {h : § — U} of functions. H is called content-sensitive if for

any ¢, the function
p(t) = Pri[h(q) = h(z) : |lg — || = 1] (4.1)
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is strictly decreasing with ¢t. That is, the probability of collision of points ¢ and z is
decreasing with content dissimilarity (distance) between them. We concatenate several
hash functions h € H. In particular define a function family G = {g : S — U*} such that,
g(x) = (h1(x),...,hg(z)). For an integer L, the algorithm chooses L functions g1,...,gr
from G, independently and uniformly at random. During preprocessing, the algorithm
stores each input point in buckets g;(z), for all j = 1,..., L. Since the total number of
buckets may be large, the algorithm retains only the non-empty buckets by resorting to

hashing.

Algorithm 1 Content Sensitive Hashing
Input: Word Images W;,j =1,...,n
Output: Hash Tables T;,2 =1,...,1
1: for eachi=1,...,l do
2 Initialize hash table T; with hash functions g;
3: end for
4: foreachi=1,...,l do
5. foreach j=1,...,ndo
6: Pre-process word image W, (noise removal etc).
7
8
9

Extract features F; of word image Wj.

Compute hash bucket I = g;(F})

Store word image W; on bucket I of hash table T;
10: end for
11: end for

Hash function family

A D dimensional word feature x is mapped onto a set of integers by each hash function
hap(x). Each hash function in the family is indexed by a choice of random a and b, where
a is a d dimensional vector with entries chosen independently from a p-stable distribution
[111] and b is a real number chosen uniformly from the range[0, w]. For a fixed a, b the hash
function A, is given by,

MJ (4.2)

hap(w) = L w

The dot product a - © projects each vector onto a real line. The real line is chopped into
equi-width segments of appropriate size w and hash values are assigned to vectors based on
which segment they project onto. The optimal value for w depends on the data set and the

query points. As suggested in [29] w = 4 provides good results. Algorithm 1 summarizes
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the major steps of content-sensitive hashing.

Searching the query

Given a query word image, it is represented with the set of features g. The first level k& hash
functions are calculated and concatenated to get bucket id’s g;(q), i = 1,..., L in L hash
tables. Then all the features, and the corresponding words, in the buckets of L tables are
retrieved as the query results. Thus the problem of finding nearest neighbor boils down to
searching only the vectors in the bucket that have the same hash index value as the query.

Algorithm 2 summarizes the major steps of querying.

Algorithm 2 Word Retrieval
Input: Query Word Image w
Output: Similar word images
1: O« ¢
2: foreachi=1,...,l do
3:  Pre-process word image w (noise removal etc).
4:  Extract features F,, of word image w.
5. Compute hash function I = g;(Fy)
6
7
8

O «— O U {points found in index I of T;}
: end for
: Return similar words O by linear search.

4.3 Hashing parameters and analysis

In the hashing scheme, the goal is that the nearest neighbor is reported with a probability
at least 1 — d. To achieve this probability of finding nearest neighbors efficiently, we need
to specify the parameters k and L. Let p; = p(1) = p(R) and consider a query point ¢ with
near neighbor v € B(q, R). Then, Pryecc[g(q) = g(v)] > p¥. Thus, ¢ and v fail to collide for
all L functions g; with probability at most (1 — p})”. Requiring that the point q collides

with v on some function g; is equivalent to the inequality,

log &
1-(1-p)>1-6=L>_ 2

~ log(1 —pk) (43)

The value of k is chosen as a function of the data set to minimize the query time. The

query time is decomposed into two terms for fixed values of k and L. The first term is
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Ty = O(dkL) for computing the L functions g; for the query point ¢ as well as retrieving
the buckets ¢;(¢) from hash tables. The second term is 7. = O(dn.) for computing the
distance to all points encountered in the retrieved buckets. n. is the number of points
encountered in the buckets ¢1(q),...gr(q).

Higher values of £ magnify the gap between the collision probabilities of close and far
points, which (for proper values of L) decreases the probability of collision of far points.
Hence, T, decreases as a function of k. T, increases as a function of k. Thus, typically
there exists an optimal value of k£ that minimizes the sum T}, + T, (for a given query point
q). There might be different optimal k’s for different query points, therefore the goal would
be optimize the mean query time for all query points. The value of k£ is determined by
estimating the times on a sample data set S C P.

The hash based search in a collection of document images is faster as compared to other
approaches, like exhaustive search with complex image matching and nearest neighbor tech-
niques. Approaches presented in the literature take a long time in building the index and
retrieval due to data preprocessing and complex matching procedures. The computational
time can be reduced with the elimination of costly processes, like clustering. We achieve
this by employing faster content-sensitive hashing technique (More details in experiments
section). We achieve interactive retrieval with retrieval speed in milliseconds. Time inef-
ficient offline processing of the data is not required for creating the index. The hashing

technique avoids complex image matching methods and searches in sub-linear time.

4.4 Cross-lingual search

Many historical works of Indian origin are available in multiple languages. These documents
have become part of the digital libraries like the Digital Library of India. Access to these
collection is available only through the meta information created during digitization. A
search system created for document collections of one language can not be searched using
another language. Consider the case of searching collections over the Internet with the help
of web browsers. The browsers do not support all the encodings and there are no standard
keyboard layouts for Indian languages. In such situations, text typed in English or any
other language encoding has to be used for the search. However, to search in the collections
the language of the query and documents should be the same. To support the query in

other languages, we make use of cross-lingual search.
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Figure 4.4: Cross lingual search in document images. Transliteration and dictionary based
approach. A Conceptual diagram that shows document searching in multiple languages
using transliteration and dictionary based approach.

Kalidasa books are also part of such collections which are translated to many Indian
languages. There is need to design a mechanism that allows users to search all documents
related to their queries in any of the Indian languages. As shown in figure 4.4 this can be
achieved in two ways: transliteration and dictionary-based approaches. Since Indian scripts
share a common alphabet (derived from Brahmi), we can transliterate the words across

languages.

Alphabet a aa i ii u
e
Hindi g |HAT |8 |8 | 3|

Telugu e = 9 | Ze|la |

Figure 4.5: Cross lingual search in document images. Building transliteration map. Sample
Entries of the Transliteration Map Built for Cross-lingual Retrieval in English, Devanagari
and Telugu.

In the OM-Trans scheme [83], there is a Roman equivalent for all the basic Indian
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language characters. Figure 4.5 shows a sample transliteration map built for this purpose.
For Example, “Bhim” can be typed in its Roman equivalent using OM-trans as “Bhima”.
Then the transliteration table is looked up for searching in Hindi (Devanagari script) and
Telugu pages. Their cumulative result is finally displayed back to the user.

In dictionary-based translation approach, every English word has an equivalent word in
the corresponding Indian and other oriental languages. If a user queries for a English word,
the dictionary lookup points to a corresponding word in Telugu(say), an Indian language,
for searching relevant words across languages. This table is also extended for other Indian
languages.

The search on different language document image collections are carried out by creat-
ing separate hash tables. The cross-lingual conversion is required only for generating the
query words. We employ the transliteration scheme to generate the queries for searching in
collections of Hindi and Telugu language document images. Rest of the search procedure is

language specific.

4.5 Experiments and results

Generation of real data is a challenging task involving a number of difficulties. Identification
of appropriate source for proper demonstration is one of such issues. We selected a collection
of 7 books of Kalidasa in Telugu language for this purpose. The collection consists of three
famous plays and two surviving epic poems written by the great Indian Sanskrit writer
Kalidasa. We also used a data set of generated word images of Telugu language for initial
testing of the proposed search method. Some characteristics and details of the data sets

used in the experiments are provided below.

Dataset TG: Telugu word images were generated from text data of around 6000 words.
The images were generated in single font with varying image sizes. The image heights varied
from 35 to 75 pixels. The word content repeated from 4 to 10 times for each word in the

generated image collection (see Figure 4.6).

Dataset TR: Segmented words from document images. The document images were ob-
tained from 7 Kalidasa books. Number of words ranged, in each book, from 11,000 to

56,000. The word images were in only one font for poetry books. The prose books consisted
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Figure 4.6: Data sets (Telugu): Sample word images from the Telugu data set TG Data.
Images are generated in a single font.

of words in two font types. This is the primary data set on which the performance of the

proposed methods is tested.

Dataset HR: A Hindi book from Kalidasa collection was selected for evaluating the
performance of the proposed technique on other Indian language document images. The
book, Vikramaditya, was printed in single font and has around 25000 words.

The document images were preprocessed to eliminate any noise or degradations. Any
accidental skew introduced during scanning process is also removed from the images. Some
of the image processing operations and other algorithms like, segmentation require binary
images to operate on. We binarize the images using standard image processing tools to ob-
tain good quality binary images. The images are then segmented using standard document
segmentation technique. The segmentation is an automatic process to identify the words,
lines and other components in the document image. Most of the segmentation techniques
perform well on the selected collection, as the collection has mostly plain text without any
complex layout structure. The segmented words are used for feature extraction and then

indexing for search and retrieval.

4.5.1 Search performance in Kalidasa collection

The words obtained from each book in TR and other data sets, after segmentation, were
annotated for experimentation and performance evaluation purpose. The features extracted
from the words are indexed using the hashing method. The features extracted from the
query images are also hashed to retrieve the similar words. Textual query can also be
supported by generating images from the text and then extracting features for hashing and
retrieval. The book-wise performance measured using precision, recall and F-score values
on the data set TR are shown in Table 4.1. Some experiments were conducted on data set
TG before applying on the large collection. The search results were good on the data set
TG (last row of Table 4.1).
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Book / Data set # Pages | # Words | Precision | Recall | F-score
Maalavikaagnimitra 292 22,500 100.00 91.72 95.68
Vikramuurvashiyam 286 23, 600 100.00 95.58 97.74
Abhijnanasakuntalam 312 22,500 96.79 91.27 93.96
Ritusamhara 142 11,000 94.65 93.67 94.16
Kumarasambhava 282 56,100 92.37 90.21 91.27
Raghuvamsha 300 36,000 93.23 92.6 92.91
Meghaduta 238 44,000 96.15 93.53 94.82
Data set TG - 6000 94.00 93.00 93.49
Vikramaditya (Hindi) 146 24622 92.23 90.36 91.29

Table 4.1: Search Performance: Precision, recall and F-score values for retrieval experiments
conducted on each book from Kalidasa collection.

The query image and example search results are shown in Figure 4.7. The first two rows
show results in which correct matching words are retrieved. Sometimes other words that
are somewhat visually similar may also appear in the search results. The last two words of
third row look very similar with only first character being different. But their meaning is
different. The last column in the last two rows of the figure shows examples of such words

being retrieved.

Query Image Some of the Retrieved Images

ZHS8)

FRIS.

eSS 8

T aPRY-C)

232535831

RoNEIsSe

RIS

Raase

Y=

DYEIS

B, BasRosED

BeBoPosn

AR YOOI

8, BAROSH0

BB sRoBED

BES

5SS

BES

ESS

BSEE

Figure 4.7: Results: Example (Telugu) words searched for input queries.

Searching efficiently in a collection of books is made possible by hashing each books

separately. All books can not be hashed together if the fonts in them are different. The main
problem with heterogeneous font image collection is in representation. The representation

of word features change a lot due to variation in font and style. The hashing system can
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handle only very small changes in font and style. Different words appear in the query
results due to improper representations obtained with different font images. As a result the
performance of the retrieval system goes down. However, search in multiple books can be
done with a small change in hashing. We hash and query books that differ a lot in font style
separately. A word that appears in more than one book is queried by making small changes
in the query procedure. The query images are generated in different fonts for search in hash
tables and based on font properties the query is fired. Examples of queries containing words
of different sizes and style types are shown in Figure 4.8. Using the same query across two

different books of the collection retrieves words which are content-wise similar.

Query Image Some of the Retrieved Images

QOEHOWSOD | | D000 | IWEIHoRITEN | mndhBostES | ANEHoWIHE0
DORASUD || 288G | DAIRASHID | JErASd | BERRHND
053N || ®08N | o8ISR | ®ofldn | ®o8Sw

Figure 4.8: Results: Words with small variations in style and size are retrieved.

Indian language words have small form variations. For example, the same word may
have different case endings. Such words are also searched correctly using the proposed
solution. Example results of such queries are shown in Figure 4.9 (row 2). The retrieved
words have the same stem, which is due to the similarity in image content. There are limits
to the font variations that can be handled by the proposed retrieval technique. Experiments
show that we cannot use combinations of different font words but such combinations are

very unlikely to occur in books.

Query Image Some of the Retrieved Images

(D aSworer! || (ddSoorer! | (QcinTrer! | (HS0oed8 | (BT O
SBoEDI || Do | (Fo|th) | Solksed | Soitoe

Figure 4.9: Results: Words with small form variations are retrieved as relevant.

The proposed CSH technique was tested on Hindi language document images also (data
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set HR). The Kalidasa’s book Vikramaditya was selected in this experiments. The images
were segmented to get words and features extracted in the same way as done with the Telugu
language collection. The features appeared to be effective for Hindi language documents

also. The results of the search experiment on this books are presented in Figure 4.10.

Query Image Some of the Retrieved Images
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Figure 4.10: Results: Examples of results obtained by searching in Hindi document images.

The book selected in Hindi was also present in the Telugu collection. These two books
are used for checking the cross-lingual search method. Some of the example results of the
search are shown in Figure 4.11. To search in two different languages using single textual
query is a little difficult. We followed the model explained in section 4.4 for this search.
The major task in this search is the generation of images of query in two languages, each
in a correct font. We annotated the words from both the books to select query words and
measure the retrieval performance. If the font is not available, these annotation can be used

to get query word images from the document images.

4.5.2 Time efficiency of hashing

The proposed hashed based search is sub-linear and much faster than exhaustive nearest
neighbor search. The plot in Figure 4.12 shows the time efficiency of our hash based search
versus nearest neighbor search. The experiments were conducted on data sets of increasing
size (by 5,000 words) in each iteration. The maximum number of words used were around
45,000. With the use of the maximum size data set, the maximum time to search relevant
words was of the order of milliseconds. The experiments were conducted on an AMD Athlon

64 bit processor using 512 MB memory.
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Query Word Some of the Retrieved Images

g | s 0oes | wifEm | 50
P 50000 | Fifeata | 5900 | Frfwam
maoe | AIGHT | (NAW | qiFat
ntadt | (088 | stget | maawn

Figure 4.11: Results: Examples of words obtained by cross-lingual search in the collection.

Mdedgn

4.5.3 Effect of query distance

The precision and recall values are controlled by the query radius (distance) value. Ex-
periments were conducted on the synthetic images data set TG in the Telugu language to
see the effect of radius on the performance. Around 6,000 synthetic word images of Telugu
language were used for the experiments. Figure 4.13 shows the change in precision and
recall values with the radius. The degradation in performance with the increase in radius
indicates that many irrelevant words are added to group of similar words. Similar results
were obtained with different font datasets for Telugu language. Therefore query distance

has to be determined experimentally.

4.5.4 Comparison with DTW based search

Performance of the proposed hash based search technique is compared with the dynamic
time warping (DTW) based word matching and retrieval technique [90, 91]. The features
obtained from query images are matched with every other word of the collection for similar-
ity search. The best matching words are retrieved as the search results. Table 4.2 compares
our approach to one based on using the DTW score as a similarity measure. It shows that
our method is much faster than the DTW based exhaustive matching and search procedure

while the accuracy is similar.
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Figure 4.12: Performance comparison: Effect of data size (number of words) on Hashing
and exhaustive nearest neighbor search.

Book Hash Based Search DTW Based NNS
Precision | Recall | Time(sec) | Precision | Recall | Time(sec)

Abhijnanasakuntalam 96.79 91.27 0.005 95.27 93.71 650

Ritusamhara 94.65 93.67 0.003 93.33 96.63 216

Table 4.2: Performance: DTW based exhaustive search is much slower. Accuracy of the
proposed method similar to the DT'W matching.

4.6 Summary and Comments

The mechanism for search in document images is efficient and scalable to a large collection.
A number of experiments were conducted on different data sets of English, Hindi and Telugu
language document images. The index building time is linear and the data is scanned only
Search times of the
Table 4.2

shows the significant improvement in search by using the proposed method of search.

once. Search for relevant words in the documents is very efficient.

proposed mechanism are better than other techniques available in literature.

A mechanism is also presented to search in document image collections of different
languages. A single query given in a specific format is converted into queries of different
languages and the search is done on individual collection. Thus, cross-lingual retrieval is
made possible. Search in a collection allows us to group together similar word images for
a given query thus, generating a cluster, images of which can be annotated collectively.

Annotation of document images can be carried out efficiently with the help of this method
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and using a recognizer to generate the annotation text. In the next chapter we explore

the method of annotation document images for retrieval. We also analyze the accuracy of

annotation and its improvement with the use of grouping technique.



Chapter 5

Word Annotation for Retrieval

There are a number of search techniques available in text search and information retrieval.
These techniques are robust and efficient for retrieval from very large collections of text
documents. The process of index building and search are very simple and efficient. These
methods can not be applied to documents that are available in image form. Conversion of
these document images into text for efficient search, is not possible due to unavailability of
robust recognizers [84]. However, the speed of search in document images can be improved if
text annotations are available for the word images. The text words may be used for searching
in the index and the image information for retrieving the corresponding document pages
from the collection.

The proposed hash based efficient search in document image collections can also be used
to annotate groups of similar words. The annotation information is a basic need for text
based search in the document images. In this chapter we present a procedure for annotation
of word groups from document images for building a text index. The search time is reduced

significantly with the use of a text index.

5.1 Annotation of document images

Annotation is the process of identifying objects in images and labeling them with textual
description that explains the elements of the objects precisely. Annotated data sets of
document images have become important for research in document analysis systems [82].
Annotated data sets are a pre-requisite for a number of problems related to segmentation,

recognition and retrieval algorithms.

68
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A large number of document image collections in different languages are available over
the Internet. Digital libraries (DLs) contain such information from different sources like,
historical documents. The rapid growth of content and unavailability of robust recognizers
poses many new challenges for easy access and for document image analysis research and
development [9, 81]. Often, such collections are accessed with the help of meta data level
annotations. However, content level access is not possible due to limitations of the annota-
tions. Content level annotated datasets are prerequisites for the development, evaluation,
performance enhancement and benchmarking of data driven document analysis and retrieval
systems [52]. Lack of linguistic resources in the form of annotated datasets has been one of
the hurdles in building robust document understanding systems for Indian languages.

The generation of large database of annotated document images involves well structured
processing, labeling procedures and data storage for easy access and use. Documents need
to be annotated at the structural, functional and content-level for building a variety of
document understanding systems. Hence, content-level annotation is critical for developing
OCRs. However, in this chapter we look at the task of annotation for the purpose of
retrieval. We explore how the data can be automatically annotated, so that text labels can
be assigned to the words. This helps in making use of text search systems for even more
efficient retrieval in document image collections. This eliminates the step of searching in

large databases of high-dimensional features vectors that represent the document images.

5.2 Auto annotation: State of the art

Annotation is a way to assign keywords to objects in an image. The assignment can be
manual or automatic. The manual methods are costly and time inefficient. In automatic
annotation, an image is matched with keywords models and the most relevant words are
assigned to the image. There have been a number of traditional methods for annotation.
A new technique of annotation called, reverse annotation, has emerged into the field. We

discuss these two methods in brief.

5.2.1 Traditional methods

In automatic annotation, a model of the keywords that occurs in the collection is learned.
A set of training images, that are already annotated, are selected. The image is segmented

into different regions and features are extracted from them. Then, a relationship between
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the features and annotations is learned from the training data set. The relationship model
could be a co-occurrence model, a translational model of probabilities [35], a generative
probabilistic cross media relevance model [54], statistical linguistic indexing [67] or a latent
semantic model [77]. The choice of model depends on the ambiguity level in the annotations.
Such methods are also applied to other type of image databases. The database of Corel is
one such example. News photographs with caption or hand annotated data sets or any web
pages that have some surrounding text can be chosen as the training data set.

The keyword models learned using the feature space of the annotated training images
is used for annotation of the test images. To annotate the test image, it is segmented into
regions and features are extracted from these regions. The features are compared against
the keyword models and the labels are assigned using a suitable classifier, such as nearest
neighbor. Rath et al. [92] successfully demonstrated annotation propagation across images

using a collection 1000 handwritten document images.

5.2.2 Reverse annotation

In any retrieval system, the number of images to be annotated is much higher than the items
to be indexed. With careful selection of the keywords for annotation, a large percentage
of the documents can be indexed. In traditional annotation, keywords are identified for
a given image. This is like a classification problem. Where as in reverse annotation, the
relevant images are identified for each keyword. This is similar to the process of verification,
in which we are trying to check if the keyword is the appropriate match for the given image.

In reverse annotation, the number of keywords is much less compared to the number of
images to be annotated. An image of every keyword is generated to match with the words in
the document images. When a keyword matches with a word, it is labeled with the keyword.
Other keywords need not be matched with this word. This reduces the annotation time.
If a cluster of word images of same type are available, the annotation time can be reduced
considerably. Sankar et al. [94] presented a probabilistic reverse annotation technique,
in which the probability that each cluster of images belongs to a keyword is estimated.
This is done for each region of the segmented image. Based on the cumulative probability
of a cluster belonging to a keyword the annotation label is determined. The annotation

framework is demonstrated on a collection of 500 books from the Telugu language.
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5.3 Applications of annotation

Large collections of images and other multimedia content are now available and shared
online. Such data can be accessed easily if annotation are available. Some of the application

of annotations are discussed in the following subsections.

5.3.1 Annotation for archival

Annotation for archival is one of the major application areas for annotation. Digital libraries
maintain a huge number of documents. The documents thus are not only to be archived
based on their content but in fact for quick indexing must be archived at the meta content
level. Meta information could be, the genre of the document, its author, publisher, ISBN
number if it is a digitized book, year of publication, edition etc. One needs to annotate
information at the meta level, the ontology information pertaining to that document or sets
of documents that share a common meta annotation.

Most of the times users search digital libraries with information which is stored in the
meta information. The search through a huge database is made simple by storing meta
information through annotation. This is an ideal way of indexing and archiving documents
for much more efficient search in digital library application. The Digital Library of India
[81] uses a similar mechanism to produce meta information during its archival activity where
librarians manually enter/annotate meta information.

This sort of annotation is not limited to only digital libraries. People have been using
this archival infrastructure for video and other multimedia data. The creation of meta
information can be manual or automatic. Automatic annotation can be generated using
OCR. Typically document images are converted to text using an OCR, and this in turn
can be used as a meta information or an automatic form of annotation for archival. The
challenge of proper retrieval become more difficult for archives containing documents and
data that are semantically mixed and search terms are ambiguous. This can be solved by
adding more fields in the meta information section that can reduce the ambiguity.

Annotation has been explored in the field of Biometrics, Medical Imaging, Multimedia
databases and Forensic applications. Annotation information is extremely helpful in situa-
tions when the amount of data runs typically into large number, and retrieving becomes a

tedious and time consuming task.
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5.3.2 Annotation for retrieval

Traditionally, libraries have used manual image annotation for indexing and retrieval for
image collections. There have been automatic image annotation and retrieval methods
[54] that have been successfully used. Rath et al. [92] built a search engine for images
of historical manuscripts. The retrieval system was trained using an annotated set of 100
pages of George Washington’s manuscripts and is used to query a dataset containing images
from the same collection. The automatic approaches to searching and accessing the content
are very attractive. In such approaches, the manually created meta information is used
for searching large collections efficiently. Another approach is to use recognizers followed
by a text search engine. However, in real time the documents, especially the historical
documents, are of poor quality which makes the recognizers vulnerable to poor results. In
[92] alternative approach is used, bypassing explicit recognition.

In general, annotation based retrieval techniques have been widely applied for many
multimedia data. Laverko et al. [64] used annotation for retrieval of images to video data.
The video data primarily consisted of news videos, which needed to be annotated. After the
annotation process, similar approaches of using text based retrieval methods were applied
as described earlier. A method similar to searching in handwriting documents is applied to
retrieve printed document images in [53]. In this case, the documents were chosen from the
Digital Library of India [81], and were subjected to an off-line activity that pre-processed
these images, segmented them into word images, and their features were extracted. Then
all these segmented word images were clustered based on their similarity, and the clustered
word images were annotated manually giving it a text representation and thereby indexing
the whole document image collection for the printed texts. We follow the similar approach

of annotation but, with an effective reduction in offline processing time of cluster generation

[60).

5.3.3 Annotation for recognition

Annotation has been used widely for archival and retrieval purposes. Availability of large
collections of annotated data also plays a vital role in recognition based techniques. The
annotation data available is called ground truth. Ground truth data is used for training
and testing the classifiers in OCR applications. The ground truth data consists of data for

all classes of the classifier that is used for training. A large amount of data is necessary
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for building OCR, with degradations and performance evaluation of the recognizers, using
confusion matrices and similar methods.

The ground truth data can generated in many ways providing annotation data with
details of different level granularity. The annotation data comes with the document images
that are used for OCR development. During the annotation phase, different level of hierar-
chies can be generated in the data set. That is, we can have corresponding text associated
at the page level, the paragraph level, the sentence level, the word level, and up until the
character or stroke level. Typically this annotation information is also very useful for seg-
mentation based routines that can also build up on their segmentation results so that they
can further accuracies.

Annotation has widely been used in the area of speech recognition [20] as well. During
the training phase various phonetic sounds are tagged using various tagging techniques that
enhance the recognition of a speech recognition system. Sphinx [87] is a popular speech
recognition engine from the Carnegie Mellon University, while Festival [104] from University

Edinburgh is a popular speech synthesis system.

5.4 Overview of annotation based retrieval

Access to document images is made efficient with the help of annotations. The annotations
can be used for efficient access to documents by applying a text search engine. Since the
text search methods work on words, it is necessary to annotate the words in document
images. The document images can be annotated at different hierarchical levels [52]. The
content level access is possible only if the word level annotations are available. Generation
of word annotations for collections of document images is a tedious task. It is not feasible to
carry annotations manually. One method is to use a recognizer to convert images into text
and for generating the annotation. Annotation becomes challenging when the documents
are degraded. Even the best recognizer fails to convert the all images into correct text.
Therefore, searching in incorrect document text becomes difficult.

A number of similar words occur in a collection of document images. We can make use
of this fact to improve the annotation using the recognizer. The idea is to group similar
word images before recognition and annotation. Since all words in a group are similar, this
information can be used to identify correct text word for the entire group. Once a correct

word representing the group is identified, all word images of the group are annotated with
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Figure 5.1: Annotation based search: Annotation of word images for efficient access to
document image collections.

it. Then these annotations are used for text based search in the documents.

A block diagram of the proposed annotation based retrieval method is shown in Figure
5.1. The document images are preprocessed and then segmented to get words. An index of
the word images is built using the content sensitive hashing method. Clusters of similar word
images are generated by querying the index using all words of the collection. The results of
every query are marked in the collection to eliminate any reoccurring queries (images with
already queried content). Every word of the cluster is recognized to obtain text. These
text clusters are processed further to generate representative words of the clusters. These
representative words are used as annotations of the words. The annotation are used for
search using text search methods. Any search engine can be used for indexing and retrieval
of the document images. The rest of the chapter discusses the proposed annotation based

retrieval technique.

5.5 Word image clustering

The proposed document level annotation scheme annotates words using information from a
cluster of similar words. The annotation helps in the retrieval of document images using the

text search engines. The document images are to be preprocessed and segmented at word
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level to generate the clusters. The process of clustering word images using image matching
techniques is time expensive. General clustering techniques can not be applied as the time
required for cluster generation is high. The major challenge in efficient clustering is the
computation of similarity measure for word matching. We overcome these challenges with
the use of word hashing technique. We employ the time efficient content sensitive hashing
[60, 29], technique to get a cluster for every word from the documents images. A similar
technique is presented in chapter 4 for document image retrieval.

Clusters of similar words are obtained by querying the hash index with words from
document images. Given a query word feature, the L first level d’ dimensional hash codes
are determined and all the words within the corresponding second-level hash tables are
retrieved. The words obtained in a cluster are marked in the documents with unique cluster
numbers. The query process is repeated for every unmarked word from the document
images. Thus, all words from the document images are clustered into groups of similar

words. Algorithm 3 shows the major steps in the process of generating word clusters.

Algorithm 3 Word Image Clustering
Input: Word Images W; and Features Fj,7 =1,...,n
Output: Word Image Clusters O

1: foreachi=1,...,l do

2:  foreach j=1,...,ndo

3 Compute hash bucket I = g;(F})

4 Store word image W; on bucket I of hash table T;
5:  end for

6: end for

k=1

8: for each i =1,...,n and W, unmarked do

9:  Query hash table for word W; to get cluster Oy
10:  Mark word W; with k

11: k=k+1

12: end for

The content of the words obtained in clusters differ very little. In other terms, the
words with the same stem and little form variations are grouped together in single cluster.
However, all word form variations are not grouped together. Words with same root but
varying much in content are not grouped in one cluster. Words with extra character/symbols
are also grouped if the stem content is same. The representation of such words produces

similar features for words containing very little variations.
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Figure 5.2: Frequency of words in a collection of document images.

Zipf predicted a distribution of term frequencies in a collection. A plot of term frequen-
cies, where terms are ordered by decreasing frequency of occurrence, exhibits a distribution
known as Zipf’s law [110]. That is, the frequency of the k-th most frequent term has a
frequency that is proportional to fy/k, where fj is the frequency of the most frequent term.
The terms occurring in the middle of the distribution should be taken for indexing. The
number of words present in a collection of document images from a book are shown in
Figure 5.2. It is observed, from the plot, that the actual distribution of term frequencies is
similar to Zipfs predictions based on the actual frequency of the most frequent terms. Most
of the terms in the collection are concentrated in high-frequency region and the long tail of
the distribution to the right. In practice, it would be desirable to index all terms that occur
in a collection, as many modern information retrieval systems do. However, most users are
interested in terms that occur in the middle of the distribution.

Often stop words, in the left side of the plot, such as and/the/..., are high-frequency
words. As these words occur in virtually all documents, they have no discriminating power.
Terms with low frequencies are often not correlated to the topic of the text they occur in.
Such terms may be removed from the index as they are not descriptive of the content in the
collection. The repeated, but not excessive, use of the the terms that occur in the middle
of the plot are descriptive of the content. The essential terms describing the content of the
collection, should consequently be part of the index.

This method of annotating the word images is totally different from the document
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annotation for document analysis systems. The goal of annotation of word clusters is to
facilitate search in document images with the use of text. The annotated text is used
for index building using a practical search engine. This makes the content level access to

document images easier and more efficient.

5.6 Annotation of word clusters

The digitization technology has created an opportunity to save documents, as images, in
electronic form. These documents are not accessible at content level, as there are no good
methods that can provide the speed and precision as good as a text document retrieval
system. To make this happen, the documents have to be converted into text with the help
of a recognizer (optical character recognizer (OCR)). There are some recognizers for English
language that can provide acceptable accuracies. But, for many other languages, there are
no good OCRs available. Therefore, the task of editing these documents is not possible.
Most of the recognizers work at component level. A component is the smallest unit of
connected pixels that are recognized in an OCR. The maximum number of components in
English language characters are only two (namely, i and j). As the number of components
increases, as in Indian languages, the complexity of the classifier increases and recognition
becomes difficult. The complexity is further increased if there are degradations in the docu-
ment images from which the character components are identified. Some of the degradation

and their affects are:

e The cuts in character components may split a single component into multiple. These,

many individual components are very hard to classify and recognize a character.

e Merging in multiple components may create such a component, which may not be

part of the class of components that the recognizer is capable of recognizing.

e Noise and other kind of degradation affect the correct components. Sometimes these
introduce components that are not part of the class. In other cases new unwanted
characters are introduced due to the degradations. As an example if the component
to be classified as “I” has very small dots due to noise around it, the classification

(1333}

may be “i” or a number “1” may be classified as character “I”.

The component level accuracies, even if high, affect the word level recognition accuracies



CHAPTER 5. WORD ANNOTATION FOR RETRIEVAL 78

of the recognizers. Every component of the word is recognized and the results are concate-
nated to generate the word text. The word recognizer’s accuracy is directly dependent on
the component level accuracy, as they make use of the component recognizers. Therefore,
the document level recognition accuracies of such systems are not acceptable in practical

situations.

5.6.1 Word error correction

A number of words repeat several times in a collection of documents, say a book. Each
of the repeating word image may have different properties such as size, appearance and
quality due to degradations. As a result of such properties they form a special group of
similar words. When these words are recognized, the text may have different results. The
recognition results may have errors occurring at different positions in words. But in a
group all the words are same and the text is expected to be same. The erroneous output of
recognizers produces erroneous annotations of the words.

When a cluster of word images with the same content is available, their annotations
should also be the same. If not, is there any possibility of making use of the cluster
information to correct the errors? One way to correct the errors is to use the dictionary
based correction methods. The dictionary based methods assume common spelling errors
caused by doubling, undoubling or transposition of characters. As discussed above, the
errors caused by the OCRs are not similar to the spelling errors. Now, we present two
methods for correcting the recognition errors in the following subsections. The detailed

analysis of the methods is presented in experimental section.

Correction by majority voting

Words present in a cluster are recognized to get text for annotating the cluster. There could
be a number of errors in the words recognized. However, all words may not be recognized
incorrectly. Some of the words will be correctly recognized and some with errors in one or
two characters. Such words can be used to identify the correct word that represents the
whole cluster. Hence, the problem is to find the representative word from words that have
no errors or have errors in very few (one or two) characters.

The representative of the cluster can be identified by majority voting technique on the
correct words. Let W;,i = 1,...,n be the words present in cluster C' of the recognized

words. We sort them to obtain a list of strings S in decreasing order of their length. Now



CHAPTER 5. WORD ANNOTATION FOR RETRIEVAL 79

Algorithm 4 Word correction by majority voting
Input: Cluster C of words W;,7 =1,.
Output: Representative word Wg for C’
1: Find S = {Sort C based on string length}

Obtain group M C C' such that VA, B € M edit distance between A and B is less than
half of minimum(length of A, length of B)
Let [ be the maximum of lengths of strings in M
The length of Wg is {
foreachi=1,...,l do

Get all k£ words from M

Find majority of characters that stand for place ¢ of Wg
end for

v

we pick a group of words M C C such that for any two words A, B € M number of correction
to be made is less than half of their lengths. This subset M of k words, M; € S,;i=1,...k
and k < n, is used to find the correct word to represent the cluster. When the majority
of the k words are similar then we make that word as the representative. Otherwise, the
characters that need to be replaced are found by majority voting for that position. The
algorithmic steps for the majority voting are shown in Algorithm 4. An illustration of the

technique is shown in Figure 5.3

am b | d eXt rous ambiderous ambidextrous
ambidextrous anbiderous ambidextrods
i ambidextrous
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. abidextro4s
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ambidemous ambideous 3 word legth — 12
p \/
ambidextrous ambiderous
cluster images recognized words final word

Figure 5.3: Word error correction (Majority voting): An example of correcting word errors
using cluster information.



CHAPTER 5. WORD ANNOTATION FOR RETRIEVAL 80

Correction by string alignment

Let C be a cluster of n similar words obtained from the recognizer. Each word w €
C is aligned with other words C — w of the cluster. The alignment is obtained by a
dynamic programming technique. All matching characters of two words are aligned and
the unmatched characters are identified as possible errors in word w of the recognizer.
The unmatched characters are candidates to replace the erroneous characters in word w.
Alignment of w with all other words of the cluster gives a group G,,p = 1,...,q of possible
character replacements for errors. Hence, for every erroneous character Ey, k = 1,...m of
w there are a maximum of n — 1 possible corrections. The possible correction C}, for Ej
is selected from G, by majority voting. A wrong character is replaced by a new character
C}, for which the count is maximum in G. The steps of this process are outlined in error
correction algorithm 5. This procedure is repeated for every word of cluster C and correct

words are obtained.

Algorithm 5 Sequence alignment for word correction
Input: Cluster C of words W;,i=1,...,n
Output: Clusters O of correct words

1: foreachi=1,...,n do

2:  foreach j=1,...,ndo

3 if j = ¢ then

4 Align word W; and W

5 Record errors E,k=1,...,m in W;

6: Record possible corrections Gp,p = 1,...,q for £}, from W;
7 end if

8 end for

9 Find correction C}, = Gy, if occurrences of G, is maximum in G

10: Correct Fy with C},
11: O—0OuUWw;
12: end for

The final word to be selected as representative is the one which occurs maximum number
of times in the corrected cluster O. That is, the majority voting technique is applied on
the words of the corrected cluster to find the representative word. The clusters obtained by
the hashing method contain words mostly similar in content. Query parameters of hashing
technique can be adjusted to cluster images with same content together. After the words
are recognized and error corrections are made, the final word obtained will be same. A

single word represents content of images from a cluster. Thus the final word is used for
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Figure 5.4: Figure (Matrix) Illustrating the word DTW. Horizontal continuous line segments
show the components in columns grouped together to match with a character in a row.
Continuous line segments across rows show the place of character boundaries.

annotation of clusters. The same word can be used for indexing and retrieval applications
of document images.

The alignment of words in the algorithm is based on a dynamic programming technique
[26]. It is similar to a dynamic programming method applied for the alignment of words
to annotate characters in printed and handwriting documents. Given a word annotation,
characters are annotated by matching character images with components of the word image
[52] (Figure 5.4). Similarly, synthesized handwriting character strokes are matched with
strokes of word to annotate handwriting at character level [59]. Our alignment method
also attempts to find correct characters in two strings so that wrong ones can be corrected.
it uses the edit distance [34] to find the alignment of characters. The alignment based
method, unlike the majority voting method, tries to corrects errors present in every word
of the cluster. An example of the string alignment based word error correction technique is

shown Figure 5.5.

5.7 Application to retrieval

Annotation of any data set is important to the research and development of a technology.

The annotations in document images are very useful for the development of document
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Figure 5.5: Word error correction (String alignment): An example of correcting word errors
using cluster information.

analysis and retrieval systems. Annotations can be generated in a number of ways. The
choice of each method depends on the type of application for which the data is to be
generated. In this section we briefly discuss about the application of annotation for retrieval
systems.

The annotation for document images are generated by clustering the words obtained
from them. The clusters are annotated with a representative word from it. Then, these
clusters are labeled with text. Manual annotation is preferred in this case. A recognizer, as
explained above can be used to generate the annotations efficiently. However, traditional
clustering techniques are not feasible in word image clustering. In such situations our
method is the best way to generate clusters efficiently.

The annotations of document images stand as a base for building a very efficient retrieval
system. The main idea is to use the text labels assigned to words of the documents, during
annotation, as the index terms. A general text search engine can be used to generate
the index structure. These index terms store location information of the word image in
document images. When a term or word is searched, the index structure looks for the
text word and then returns the location information of the actual word along with the
document in the collection. This method of using a text search technique for image search

is very efficient. It has a number of advantages.

e Complex image matching techniques are totally avoided.

e Text search is much faster than image search. Hence time efficient search is possible.
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e The space utilization is very less as compared to the image search technique.

e Scalability is much more better than the search techniques for images.

The quality of search can be improved with text based methods. The text search engines
make use of pruning, obtaining basic form of words. By pruning, word for variations can
be eliminated from the recognized words that are used for indexing. The task of pruning in
word images is tedious and not so accurate. Determining the word form variations involves
partial matching of images. There could be errors in partial matching that can introduce
unwanted words into the clusters. Hence, use of text search methods would eliminate some
words by pruning, which would help in reducing size of the index. Thus annotation of word

clusters can be used effectively for very efficient search in the document image collections.

5.8 Experiments and Results

The proposed word annotation techniques are tested on a number of different data sets of
English language. The data sets and their properties are listed below. Experiments are
conducted on each of the data sets. The words are clustered by content sensitive hashing
(CSH) using word level features as representatives. The clusters obtained are used for

recognition of words by applying the proposed technique.

e Dataset EGA Data: Data set of around 2500 word images obtained from text
words. The words vary in different sizes, quality/degradations etc. Some of the words
were degraded using Kanungo’s local degradation model [57] to make them more closer
to real data. The images were grouped into around 100 manually annotated clusters

for the experiments.

e Dataset ARE _Data: Word images obtained from document images of an English
book. The document were preprocessed to remove degradation before segmentation
and selection of the words. Data set contained around 3600 word images from the
book. The images were obtained from 100 clusters that were annotated manually for

the experiments.
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Method EGA Data ARE Data
Applied WAc (%) | CAc (%) | WAc (%) | CAc (%)
Raw OCR 32.47 69.59 82.71 93.78
Majority voting 58.65 92.92 83.26 94.31
String alignment 78.85 94.5 86.45 95.98

Table 5.1: Comparing accuracies of different methods on English language data sets. WAc
= Word Accuracy, CAc = Character Accuracy

5.8.1 Word annotation results

The clustered word images are recognized with the help of a recognizer, which are then
passed to the correction scheme. The corrected words are used as annotations of the clusters.
The word level accuracies of the annotation techniques are presented in Table 5.1. Word
clusters were annotated manually to measure and compare the performance of the method.
It can be inferred that incorporation of the proposed correction methods in the annotation
increases the performance significantly. Since, the proposed method corrects characters of
recognized words, the accuracy of annotation is improved by the use of clusters.

Word images are generated to test the performance of the proposed technique. This data
set EGA _Data consists of word images generated from text. The words can be generated
from the given text using any image processing library like ImageMagick. The advantage
in such generation is that the word segments are readily available for processing and the
annotations are readily available. The word segments are processed to obtain features
that are passed for hash based clustering. Figure 5.6 shows an example of such clustering
obtained from the data set. It is observed that all of the words of a group are same.

The performance of majority voting technique is compared with the normal annotation
method. In the majority voting method, the average length of the word is computed from
the length of all words existing in the cluster. It is assumed that all words in the cluster are
same. Once the word length is determined, the candidates for each character position are
chosen. These candidates are chosen from the words of cluster based on number of characters
that match the desired position. The results of majority voting are also presented in Table
5.1.
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Figure 5.6: Example word images obtained by clustering using hashing method.

5.8.2 Search results

The performance of the search applied on the collection of words is measured on the cor-
rected data set. We used the data EGA _Data for the experiments. Given a query word, the
search is performed on the clusters obtained after correcting the errors in annotation. The
complete cluster is presented as results of a query if there is a match. Occurrence of such
representative words helps in retrieving all the words. Thus, producing 100% precision for
almost all the queries.

An experiment is conducted to measure the effect of the number of words in a cluster on
the recall of the proposed method. The result shown in Figure 5.7 is from the experiment
conducted on the word images of data set EGA Data. The effect of the number of words
in a cluster on the recall of the search results is presented in the figure. It is observed that
the number of words found correctly increases as the number of similar words in the cluster
increase. The number of words in each cluster is varied from 2 to 20.

The precision and recall values of the search are bound by the performance of the hash
based cluster generation process and the accuracy of annotation. If a cluster is wrongly
annotated, the performance goes down drastically as all the words of that cluster will not
be retrieved. Hence, performance of search in text is highly dependent on the accuracy of
annotation/recognition of words. The major advantage of converting images to text is that
the complex word image representation and the hash index can be avoided. Building text
search engines is simple as compared to the indexes built for images. Also, the search is

much more faster than the image domain search.
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Figure 5.7: Effect of cluster size on the performance of search

5.9 Future Work

In this chapter we presented a mechanism for annotating words from document images. The
proposed technique makes use of content sensitive hashing, which is based on locality sensi-
tive hashing, to search in collection of words and obtain clusters of similar words. Clusters
of similar words are generated efficiently by processing the words in linear time and search-
ing in sub-linear time. Two word annotation techniques using clusters are also presented.
The word annotation are further propagated down to characters to obtain annotation of
characters. A dynamic programming based automatic character annotation technique was
presented.

The hash based clustering technique produces clusters of words that are similar in con-
tent. The similarity is very close in all the words of a cluster. The words in a cluster may
not vary considerably. That is, the word form variations are not handled by the clustering
technique. As an example, the words “go”, “gone” and “going” may not fall into same
cluster. Instead separate clusters are formed for words with content “gone” and “going”.
Most of the text search engines take care of such word form variations and group such
words together. This is a difficult task with the use of the proposed hashing technique. To

accomplish this task, a possible direction is to look for different hash functions that can
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consider the word form variations. Another possible direction is to look for functions that
can learn from the data set.

The words are annotated by finding a representative of every cluster. The same anno-
tation is propagated to all words of the cluster. This generalization of representative words
as annotation for all words of the cluster may not be appropriate. Some times it is possible
that two words, say “Tony” and “Tone” may fall into the same cluster due to very small
variations in the representation (using features). Therefore, the words may be annotated
incorrectly. The annotation may be propagated down and character annotation may also
be wrong. This leads to wrong annotations. The wrong annotations would lead to time
consuming and laborious process of manual verification of annotated data and correction.
A method to detect such errors automatically would be very useful in speeding up of the
annotation.

The accuracy of annotating words and then the characters depends on the accuracy of
the recognizer used for obtaining text of the cluster words. If all the words in a cluster are
recognized incorrectly, then the majority voting method fails completely. This may be due
to frequent errors made by the recognizer for same character of every word. As an example,
if the recognizer gives “h” as an output for “ff” in words then, words like “different” will
be recognized as “diherent”. Such errors can be rectified using a dictionary. However, as
mentioned before, the dictionary based approaches also fail in achieving successful correc-
tion. The problem of identifying correct the representative of a cluster may not be difficult
for English language, as there are may commercial recognizers that can provide good and
acceptable recognition accuracies. The problem would be more serious for Indian languages
and other non-European languages. Hence, the automatic annotation of document images

at word and character level is an interesting and challenging problem to consider.



Chapter 6

Conclusions

6.1 Summary and conclusion

We have presented a mechanism for indexing and retrieval in large document image collec-
tions. A sub-linear time hashing technique, based on locality sensitive hashing, for search
in large collections of document word images is applied to obtain good performance. The
use of text search methods requires efficient and robust optical character recognizers(OCR),
which are presently unavailable for Indian languages. The approaches used for word spot-
ting so far, dynamic time warping and/or nearest neighbor search tend to be slow for large
collection of books. Direct matching of images is inefficient due to the complexity of match-
ing and thus impractical for large databases. The time required for building a clustering
based index is very high. Such indexing methods are time inefficient with the use of complex
image matching procedures in clustering step. This problem is solved by directly hashing
word image representations.

The performance of the method is presented with the help of experiments on real data
sets from Telugu language documents. The efficiency is demonstrated by conducting ex-
periments on a collection of 7 Kalidasa’s books in Telugu language. The feasibility of
the proposed method is also tested on words from English language. It can be concluded
from the experiments that, the method is efficient in retrieval from large document image
collections in few milliseconds.

The efficient access to document images at word level allows us to group words with

similar content. Thus, clusters of similar words are generated using the proposed retrieval
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method. These clusters are labeled with text of the representative word images. The rep-
resentatives are used for finding the annotation of the cluster. With this method the whole
collection of word images is annotated. This method is called “annotation based indexing”.
An annotated corpus is critical to the development of robust OCRs. Manual annotation of
document images is a labor and time intensive task, especially for large collections. Most
of the time is consumed in the annotation of the textual content of document images.
With the proposed annotation procedure, text content is annotated efficiently. With the
application of the proposed automatic annotation procedure, the accuracy is improved sig-
nificantly. These annotations can be used for efficient searching in document images by
applying text search engine. Hence, search and retrieval of document image collection is

made very efficient.

6.2 Future work

The method presented here works with documents printed in similar font styles. This
method is also used for annotation based search in document images. Some of the possible

directions in which the future work can be carried out are as below.

e The effect of combination of different fonts in a single collection can be one possible

direction for exploring the feasibility of the proposed technique and improving it.

e Multi-lingual document images are not handled in the proposed technique. Many
Indian language historical books are being translated to other languages of the world.
The option of search in multi-lingual documents could be another interesting direction

for the research.

e The clusters generated during the process of annotation, can be used effectively for
improving the OCR performance. The clusters are helpful in training the classifier to

improve the recognition performance.

e Document images with degradations of all types are challenging to recognize. This
problem becomes even more challenging for non-English languages like, Asian lan-
guages. Other techniques of cluster annotation may have to be considered if the
recognizers perform badly. In such documents, recognizers may make mistakes in
every word of the cluster. Therefore, there is a need to explore new techniques of

annotation.
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