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Abstract

Today, the convenience of search, both on the personal computer hard disk and
on the web, is essentially limited to machine-printed text documents and im-
ages because of the poor accuracy of handwriting recognizers. The proposed
research will advance the state-of-the-art in realizing search of hand-annotated
documents. We will primarily target machine-printed documents which have been
annotated by hand by multiple writers in an office/collaborative environment. In
applications where the annotations are action instructions (such as, “make 4
copies”, “remove Figure X” etc.) we can envision the proposed system serving as
the front end of an OCR-based NLP module. We expect that the techniques devel-
oped in this dissertation will be also useful for retrieval of pages from material in
languages for which accurate OCRs do not exist.

The main research task proposed is that of segmenting handwritten text, ma-
chine printed text, noise or overlapped text, sometimes referred to as the task
of "ink separation”. Prior techniques primarily use histogram thresholding and
analysis of the connectivity of strokes. These algorithms, although effective, rely

on heuristic rules of spatial constraints, and are not scalable across applications.



We have developed a system that is composed by three parts: the binariztion of
document images (focus on hand-held devices captured documents), a boosted
tree classifier to perform the initial classification which is followed by a Markov
random field (MRF) based approach to re-label the initial segments based on their
statistical dependencies within a neighborhood. The MRF based binarization will
provide a reliable binarized document image for segmentation even with bad il-
lumination. The boost tree will allow dividing the training data set into several
small clusters and use a simple classifier to solve the initial labeling at the cluster
(homogeneous) levels. The overlapped text will be further separated using a MRF
based method.

The isolated handwritten textual blocks will be indexed (unsupervised) based
on writing instrument, style, ink color, etc. as being possible indicators of dif-
ferent writers. We have shown the ability to selectively remove the annotations
belonging to a particular writer and allow the end user of the system to view
an unmarked document even though the original document image is marked up.
This feature will be accomplished by intelligent document restoration whereby the
removal of overlapping strokes does not damage the underlying machine-printed
text.

We have performed experiments on a large document dataset and report re-

sults.
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Chapter 1

Overview

1.1 Text Separation

After decades of research and development, automatic document processing sys-
tems have attained considerable success in that large volumes of paper docu-
ments can be digitized and processed to recognize textual content and facilitate
information retrieval. Unfortunately, the convenience of retrieval and search is
limited to clean machine-printed text document images and recognition of free-
form handwriting still remains a considerable challenge. In many scenarios, a
mixture of machine printed text and handwriting occur within a single docu-
ment, such as hand-filled medical forms, tax forms, annotated correspondence
as shown in Fig. 1 and Fig. 2. Sometimes, it may be of interest to know who
signed or edited a document or what was written on a document and retrieve

memos or a specific keyword by a particular author. The preprocessing of mixed
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documents to isolate handwritten text from machine printed text is a necessary
step in the design of such recognition and retrieval systems.

Although research into the location of text blocks and discrimination of ma-
chine printed and handwritten text can be traced back to the early work on ex-
traction and recognition of handwritten ZIP codes from mail pieces [2], much of
it was focused on identification of clearly separated and clean text. A significant
amount of prior research for handwriting identification is based on document lay-
out analysis and zone classification wherein a document is segmented into words,
lines, and zones in a bottom-up approach or in a top-down manner [3, 4] and con-
textual information based on the location of text zones points to the location of
handwritten data.

Another thrust has been on using textual elements alone without considering
context or layout. In [5], Eduardo et al. suggested two types of features (content-
related features and shape-related features) to characterize handwritten text on
bank check images. This approach uses a fixed-size frame to extract features, but
locating and labeling overlapped text is not part of the model in their work. Jang et
al. [6] proposed an approach using geometric features to classify machine printed
and handwritten addresses on mail-pieces. Guo and Ma [7] separated handwrit-
ten material from documents using a Hidden Markov Model (HMM) by projecting
each word horizontally and considering a projected word as a sequential signal.
This model is reliable for recognizing machine printed isolated characters but it is

difficult to extend the work to recognize annotations and handwritten text because
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BARCLAY
Throughout the course of this controversy over Bareley's tar and

nicotine delivery, Philip Morris and R. J. Reynolds have claimed the
BARcLAy

FIC smoking machine does not replicate how a -Bexelay is smoked by

human smokers under normal conditions., In their latest submissions,

both companies attempt to buttress this charge with ventilation studies.

Yet, apart from the fatal methodological flaws of both studies, and

apart from their failure to provide information needed to fully assess

the reliability and significance of the results (both of which are

discussed below), neither Philip Morris nor R. J. Reynolds have brought

the Commission any closer to answering the question: what do smokers

actually get from BARCLAY as compared to other 1 mg. cigarettes?

Instead, they only have replaced the alleged inadequacies of the
FTIC machine with the demonstrable biases, inaccuracies and artifices
of new machines. Only Brown & Williamson has provided the .Commission

O with direct evidence of the relative deliveries among 1 mg. cigarettes

)
under normal human smoking conditions. As we shall show, our competitors.\
attacks on the cotinine research submitted by B&W are without merit,

e .

and designed merely to divert the Commission's attention from the sole ¥y
i .

reliable evidence presented that responds to the basic issue in this

inquiry.

‘ Before responding in detail to the presentations of R. J. Reynolds
we

and Philip Morris, the following deficiencies in both ventilation

studies should be noted:

Figure 1: Example of an annotated machine printed document with noises from

the Tobacco data set [1].
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something common instead of special. Everyone is

expected to abide by it. . ‘%M
The team of the superb fifteen is now einng(ﬂ h €

very limits. There is no personal Iife.qéur urs of unrest

can now be heard. The cost cutting drive has alsobeen .+
enforced full time. The managers have started to give  ~ ot 2
mementos as opposed to ¢ash prizes to reward exemplary
performance. The standard of the team outings has been

lowered, heck sometimes there is not time for a team

outing. The managers realize the need of expanding the

team to meet the higher work load but the budget has

been cut. The managers are trying to outdo each other in

terms of saving money. (o WJC

And finally a new process is all set to be
a new team, another set of youngster

em.plary performance. Why would
? If he leaves, then who will do the
mmotH and crazy amount of work he is doifrg?—

The selected man is all excited. He gets to g0 to a foreign
nation and stay there. He is all bags packed and rearing to
20. After having reached his destination, it is now his first
day at the office. He has his eyes wide open studying the
work culture of his new foreign colleagues. And the firs
thing he notices is that they are mecting all their targets.
Which targets? Oh, not the crazy targets we have set for

[J wWhp [‘L*LLH’\M/
ot .

Figure 2: Example of an annotated machine printed document with overlapped

text from the HP data set.
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of the large variations of personal fonts and styles. Farooq et al. [8] used an EM
based Bayesian neural network model in order to identify Arabic handwritten text
in mixed documents which contain machine printed text, handwritten text, over-
lapped text and/or noises. They used multiple classifiers which were weighted by
their posterior probabilities and introduced a new neurons layer which used an
error function to penalize solutions that led to misclassification.

One potential problem of the previous research on text separation is that al-
though the basic unit (zone, line or word) of the system works well to classify those
patches whose sizes are typically larger than words, it cannot separate overlapped
patches which contain both handwritten and machine printed text because they
are considered as a single unit in the system. In [9], Zhao and Davis used color
information of each pixel to segment picture foreground from background which
can also be used for document segmentation. However, color information is rarely
available in the document analysis field where the input is usually a scanned bi-
nary document image. Some work in computer vision also provides us with inter-
esting clues to address the problem of overlapped text patches. Eran and Shimon
presented a top-down/bottom up segmentation method using small fragments
that contain common object parts [10]. In [11], Corso suggested a multilevel ag-
gregation procedure which groups each pixel to a set of aggregate regions in a
multilevel coarsening of the image. Alpert et al. [12] used a Bayes rule to deter-
mine whether or not to merge two neighbor regions and segment images using

these regions. All these approaches show that we can use a unit which is smaller
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than words as the basic element to separate overlapped text.

In recent years, inspired by the success of Markov Random Field (MRF) in
the area of image processing and restoration [13, 14], considerable research has
been made to extend MRF to document restoration and preprocessing. In [15,
16], Cao and Govindaraju proposed a method using small fixed size patches to
represent handwriting and restore broken handwritten text based on a MRF frame
work. Similarly, Banerjee[17] used a flexible MRF-based optimization framework
to remove noise and restore machine-printed text. These methods can be looked
at as an extension of Freeman’s algorithm [13]. In [1], Zheng et al. proposed a
two step approach to identify three different types of text in mixed documents.
They initially separated text using a Fisher classifier followed by a Gibbs network
based relabeling which was further optimized using a Highest Confidence First
algorithm. A similar approach but using Conditional Random Field has been

proposed by Shetty et al. [18].

1.2 Binarization

Normally, the underlying components of the document processing systems, such
as optical character recognition (OCR) and the proposed text separation system,
rely on high quality binarized document images. Hence, pre-processing steps
such as binarization play a critical role in the success of these systems. The

traditional and most popular device for document image acquisition has been the
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scanner which provides the most reliable digitizing result as users can control
the capture environment. However, the advent of small, high resolution digital
cameras and hand-held devices such as mobile phones with imaging capabilities
have led to hand-held devices being widely used by users to capture document
images of interest for future use.

Despite the convenience provided by hand-held devices, there are a number of
factors that hinder downstream document processing tasks on images captured
by these devices.

The first obstacle is a lack of control of lighting conditions which causes insuf-
ficient, non-uniform or over illumination of document images. This causes most
global thresholding based binarization algorithms, such as Otsu’s [19] method,
to be ineffective. The idea of Otsu’s method is to calculate a single threshold
value that maximizes the inter-class (foreground and background) variance or
minimizes the intra-class variance to segment the entire image. The drawback of
this method is that it assumes the histogram of images has two distinct peaks
for different classes respectively and can be separated. But this assumption is
hardly satisfied in most real applications, especially in camera-captured doc-
ument images. Fig.3 shows examples of degraded camera-captured document
images, along with their corresponding histograms. It is observed that the his-
tograms of these two camera-captured document images only have a single peak
globally and any single threshold-based method will fail to separate foreground

text from background.
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(a) A document with insufficient illumination
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(b) A document with uneven illumination where right part is darker than left

part

Figure 3: Examples of hand-held devices captured document images with bad or

uneven illumination.

To overcome the limitations of single threshold-based methods, researchers
have tried mapping the original document image to a new feature domain prior
to binarization. Valizadeh et al. [20] used a sigmoid function to enhance the doc-
ument image before Otsu thresholding. Lu and Tan [21] employed two rounds
of polynomial smoothing procedure to normalize gray scale images and binarized
them using a single threshold. Similarly, a linear plane estimation method was
proposed by Shi and Govindaraju [22] to segment text from degraded historical
documents. Pilu and Pollard [23] used a retinex algorithm to estimate the re-

flectance surface on which they applied their binarization.
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For images with a wide variation in intensities across the document image,
researchers have used many local or adaptive thresholding methods for binariza-
tion. The earliest attempt at using local thresholds can be traced back to Niblack’s
method [24] which utilizes mean value and variance within a small window to de-

termine the property of centered pixels and is formulated as:
T(@i)=p)+kxa(i) (1.1)

where p(i) and o(i) are mean value and standard variance in a small window
centered on pixel i, k is a parameter less than 0. The potential problem of this
method is that large amount of noise is introduced in pure blank background
areas and it is sensitive to the window size. An improvement of Niblack’s method

was described by Sauvola et al [25] using the formula:
. : o(i)
T() =ui)+|1+k{ & -1 (1.2)

where [(i) and o(i) have the same meaning as Equation 1.1, k takes positive values
and Ris 128 for a 8-bits grayscale document image.

Both Niblack’s algorithm and Sauvola’s algorithm are sensitive to the param-
eter k and window size s which limit their performances, so Bukhari et al. [26]
suggested an adaptive method to estimate free parameters according to local ridge
properties. By using Otsu’s method locally, Moghaddam and Cheriet [27] calcu-
lated the optimal window size based on stroke width and text line height within

the document image.
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Another drawback of a document image captured using a hand-held devices
is that the low cost lenses that are typically used can cause out of focus blur and

down sampling blur and produce lots of noise [28, 29, 30, 31].

1.3 Proposed System

In this dissertation, we focus our researches on two main parts: binarization of
hand-held devices captured document images and text separation for binarized
document images.

As described in previous sections, the most popular document image acquisi-
tion techniques are scanners and cameras. Most scanners provide environment
control techniques and intergrade the binarization algorithm into the hardware
system, so in this dissertation, we only explore a novel binarization algorithm for
hand-held camera captured document images.

The second part of our system which is text separation of document images
contains two modules: word level text separation and overlapped text separation.
The word level separation module considers each patch whose size is approxi-
mately compare to the size of words as the basic element and separates the entire
document as machine printed text, handwritten text, overlapped text or noises.
The overlapped text separation module which takes the overlapped text as its
input uses smaller patches as the basic element and separate overlapped to ma-

chine printed text and handwritings.
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&

Figure 4: Overall system for document text acquisition and separation.

The overall structure of the proposed system is shown in Fig 4 where the
data acquisition can be from scanner or hand-held camera. If the document
image is captured from hand-held camera, the proposed MRF based binarization
algorithm will be applied. The output of our system is the separated document
where different regions are labeled as different colors or different documents.

The remainder of dissertation is organized as following. In chapter 2, the termi-
nologies and basic concepts of Markov random fields are introduced. The Markov
random field framework will be used repeatedly in our system for different pur-
poses including document binarization, word level text separation and overlapped
text separation. In chapter 3, a Markov random field based binarization algorithm
for hand-held camera captured is described. In this chapter, a non-linear trans-
formation function and edge potential based features are proposed. In chapter 4,
we will study the system of separating annotated machine printed documents in
word level. A Markov random field based relabeling method is described in this

chapter. To overcome the imbalanced data set problem, a boosted tree structured
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classifier which is inspired by the Adaboost classifier is proposed in chapter 5. In
chapter 6, a MRF framework is proposed to further separate overlapped text to
machine printed text and handwritings. Finally we conclude the dissertation in

Chapter 7.



Chapter 2

Terminologies and Concepts of

MRF

Markov random fields, MRF, which are used in both binarization algorithms for
camera-captured document image and text separation in our dissertation, are
graphical models in which a set of random variables have a Markov property de-
scribed by an undirected graph and “provides a convenient and consistent way
of modeling context-dependent entities such as image pixels and correlated fea-
tures” [32].

The early use of MRF was the exact inference which is a sharp-P-complete
problem. The proof of the equivalence of MRF and Gibbs field by Hammersley
and Clifford [33] stimulates the widely use of MRF which calculates the optimal

configuration of MRF using different range of energy functions and only by taking

13
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consideration of a simple mathematic form. MRFs are widely used in image pro-
cessing and document analysis field, including image binarization [34, 35, 36],
document restoration and image super-resolution [14, 37, 38, 16, 39, 40], image
and document segmentation [11, 41, 1], noise remove and filtering [17], etc. These
applications can be categorized as the low-level processing. High-level processing
in image processing and vision field includes object detection and recognition.
Li proposed a general framework of using MRF for computer vision problem by
converting the high-level vision problem to a low-level labeling problem [42] and
he used this idea to match object in [43]. To detect objects in the image, Sheikh
designed a two step algorithm which used the probability density to estimate the
object and refined the final result by using MAP-MRF decision framework [44].
From the view of mathematic, the MRF can be considered as a labeling proce-
dure which is a proper model for the purpose of the document image binarization
and the text separation (labeling). In the following sections, we introduce the

basic concepts and terminologies of MRF and inference of MRF.

2.1 Definition

We assume that the pixel/text patch/overlapped text/noise in document image
| is represented by a graph ¢ = (v,£), where v = {91,%5,---,7s} is the set of
vertices which correspond to pixels or patches or aggregations in the image and

£ is the set of edges which connect vertices based on a neighborhood system.



CHAPTER 2. TERMINOLOGIES AND CONCEPTS OF MRF 15

The neighborhood system can be based on 4-neighbors lattice connectivity or any
other non-grid based metric defined by the user.

We denote the random field as x, which is indexed by vertices of graph g. Let
Q be the set of all possible configurations (labels) of x, and 9 be the observations
which are the corresponding features for each pixel/patch/aggregation which are
defined in the following chapters.

Given the graph ¢, the Markov Random Field is used to compute an optimal

configuration of x which maximizes the posterior:
o n
X =argmaxP(x|7) :argmaﬂP(xﬂyi,xq/_{i}) (2.3)
X X =

where y; and x; are the observed feature and hidden configuration respectively for
a given vertex 74, and ¥ —{i} is the set of all vertices in graph ¢ except vertex
7;. This equation shows that the configuration of site 74 is dependent on its
observation and all other vertices in the graph.

By taking the Bayes rule and the Markov property, Equation 2.3 can be rewrit-

ten as:

¥ —argma N PYilXis Xe — iy PG [Xe — i)
x Xg P(YilXy _giy)

n
=arg n)(axg P(Yi %, %o — i3 )P X i)

= arg ﬁ;aﬂP(YiM)P()Q‘XN(i)) (2.4)
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where prior P(x|xy.)) means the configuration of site %; is conditioned by its im-
mediate neighbors N(i) and likelihood P(y;|% ) describes the relation of a configura-
tion and its corresponding observation for a given vertex 7;. Equation 2.4 shows
that the configuration of vertex 7} is dependent on its observation and immediate
neighbors only.

According to Hammersley’s theory which shows the equivalence of Markov
random field and Gibbs random field, the set of random variable x on graph g
is said to be a Gibbs random field with respect to system of neighborhoods A(. A

Gibbs distribution is defined as:

P(x)= %exp{E(x)/T} (2.5)

where Z is a normalizing constant value, T is a constant called the temperature
and E is the energy function. The energy function E(x) = Y.cVc(X) is a sum of
clique potentials V; over all possible cliques c € C. The first order and second
order of the neighborhood system are most frequently used in applications. Fig.
5 and Fig. 6 show the regular lattice 4-neighborhood system and 8-neighborhood
system and their corresponding cliques. In most cases, the energy function of
Gibbs random field is expressed as several terms where each term represents the

energy of cliques of different orders:
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E(x)= Cgcvc(x)

= > Vi) + S Vij(xij)+-- (2.6)
== (i.f)ec,

In this dissertation, we only uses the first order neighborhood system in the
binarization algorithm, which is described in chapter 3 in detail. In text sep-
aration, because patches (words) are not located as the rigid grid, an irregular
neighborhood and cliques system [32] are used for the word level text separation

and the overlapped text separation.

2.2 Inference of MRF

Inference of the MRF model can be achieved using either global or local optimiza-
tion algorithm. The global optimization method calculates the conditional dis-
tribution of each node by summing over all possible configurations which leads
to a minimal solution of energy function. The widely used global minimization
methods include simulated annealing, graph cuts and genetic algorithms.

Simulated annealing (SA) which is inspired from annealing in metallurgy com-
putes an approximation of the global optimum of a given energy function. More
backgrounds of SA can be found in [45, 46] and the use of SA for MRF can be
found in [47].

The graph cut was first used by Greig et al. [48] for MAP (maximum a poste-

riori) estimate of a binary image. In graph theory, given a graph ¢ = (v,%) which
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(@) Regular lattice of 4-

neighborhood system

(b) Cliques for 4-neighborhood system

Figure 5: 4 neighborhood and its clique system

has a set of nodes 7 and weighted edges £, two more special nodes (terminals or
labels) which are called source s and sink t are added into the graph . To two-
label MRF model, such as MRF for binarization, source s and sink t represent the
two labels of the system. All edges which are not connected to terminals represent
the neighborhood system of the graph and all edges connected to two terminals
measures the penalty for assigning the corresponding terminal to the nodes. The
cost associated with all edges corresponds to the energy of the function 2.6. Ac-

cording to the theory from [49], the maximum flow from s to t is corresponding
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to a minimum cut in the graph ¢ which divides the nodes in the graph to two
separate parts. And each part is assigned one of the labels. Thus, the graph cuts
algorithm calculates the minimum energy of function 2.6 of Gibbs random field
using the max-flow/min-cut theorem [50]. In this dissertation, a modified graph
cuts algorithm [51] is used to calculate the optimal binarized document image in
chapter 3 by introducing a source to represent the foreground configuration and
a sink to represent the background configuration.

A typical local optimization method for calculating the minimal energy of MRF
is the belief propagation (BP) method. This method is suitable for unregular lattice
system for MRF which is covered in [32]. We use the topology as shown in Fig.
7 to illustrate the belief propagation and message update procedure for our MRF
model. The messages in a network propagate in two opposite directions [52, 13,
53] which lead to two update rules for vertex 7.

1) The procedure for calculating maximum a posteriori probability (MAP) of be-

lief can be expressed as:

% =argmae(yi[x) [ m.j(x) 2.7)
% JEN(i)

where m, j(x;) is the incoming message to vertex 7; from its neighbor 7} and j runs
over all neighbors of vertex ;. Fig. 7(a) shows the process of computing the belief
of vertex 7.

2) The method to update the message from vertex 7 to vertex 7/ is given by:

mj (%) = maxPOGlx))P(yj[xi) [ mjk(x;) (2.8)
! keN()\
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where k runs over all neighbors of vertex 7 except vertex v;. Fig. 7(b) shows the
procedure for updating messages for m ;.

The prior P(xj|x;) and likelihood P(y;i|x) in Equation 2.7 and 2.8 are defined as a
similarity function Wh(x,xj) and dependency function W,(X,y;) respectively in our
MRF model and are described in detail in section 4.5.2 for module of word level

text separation and section 6.3.2 for module of overlapped text separation.
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(@) Regular lattice of 8-

neighborhood system

(b) Cliques of 8-neighborhood system

Figure 6: 8 neighborhood and its clique system
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(b)

Figure 7: Message update and belief propagation in MRF. Each grey node x; which
is a configuration for a text patch/aggregation connects to its four nearest neigh-
bors. Each observation node y; which is a feature point in the feature space
connects to its hidden label x. Edges between any pair of nodes indicate their

similarity.



Chapter 3

Binarization of Document Images

3.1 Introduction

As discussed in previous chapters, we consider two types of data acquisition
methods in this dissertation: scanner and hand-held camera. As most scanners
have an environment control method which can reduce the noises and provide
efficient illumination, with hardware integrated binarization technique or simple
adaptive binarization software, it is convenient to obtain high quality binarized
document image. On the other hand, the document images captured by using
hand-held suffer from noise, uneven, bad or over illumination, and out of focus
distortion. In this chapter, we focus our research on binarization of hand-held
camera captured document images and propose a MAP-MRF based framework to

restrain noises as well as keep the continuity of the stroke.

23
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3.2 Initial Binarization

Due to uneven or bad illumination, the intensity of background may not be con-
sistent within a camera captured document image. Fig.8(a) shows an example
document image captured under uneven lighting condition whose background is
darker on the left part of image than on the right side. Fig.8(b) shows the ver-
tical profile intensity of this document image and it is apparent that any single
threshold based binarization method will not work since the intensity varies grad-
ually from left to right. Ideally, the thresholding should be an adaptive curve that
tracks the intensity. The mean value of intensity in a window around a given pixel
is a likely threshold which is the basis of many adaptive thresholding binarization
techniques [24, 25]. As shown in Fig. 8(b), the average of profile intensity which
is calculated using a 10x 10 sized window crosses the intensity curve and can be
used as a starting point to estimate an optimal local threshold.

In our work, prior to estimating the adaptive threshold surface, we compute

the mean value:

b= 1(xy)/(mxn) 3.9)
Xy
and standard deviation:
5 = \/za (xy) — )2/ (m> ) (3.10)
Xy

for a given pixel i using a mx n sized window centered on this pixel. The maxi-

mum variance dmax and minimum variance Onyin are also obtained over the entire
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Figure 8: A sample image and its vertical profile
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document image. The adaptive threshold for each pixel is calculated according to

a logistic function as described in Equation 3.11:

1-k
<1 + e‘B(ﬁﬁaf?in?m‘M)) w

where B controls the growth rate of the logistic curve, M and v affect the time

o(i) =H +k (3.11)

for which maximum growth occurs and k is the minimum value the curve can
achieve.

The idea behind Equation 3.11 is that text areas have larger values of variance
and mean value of given pixel i can be a candidate threshold. On the other hand,
the variance of background pixels is small and the threshold should be smaller
than the mean value to avoid noise. Then the free parameters of Equation 3.11
are chosen such that the threshold is close to mean value | if variance & is big
and the threshold is not close to the mean value if variance & is small.

To enlarge the difference between foreground and background, we map the

original document image into a new domain using Eq. 3.12:

128+ 128x (%)“ it (i) > o)

7 (i) = (3.12)

i —_ i a - - -
128 128x (%m’(')) it 1(i)<o()
where 0(i) is the adaptive threshold obtained from Eq. 3.11 for pixel i, 7(i) is the

original gray intensity of the pixel, d fnax is the maximum difference between fore-

ground and segmentation surface and dbyax is the maximum difference between
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background and segmentation surface respectively, o is a parameter that controls
the growth rate of the mapping curve and is set to be 0.1 in our experiment.

Fig. 9(c) shows the adaptive threshold surface calculated using Equation 3.11,
the normalized image using Equation 3.12 and the initial binarization result of
Fig. 8(a) using the normalized image. From Fig. 9(a) we can see that the intensity
of the threshold surface changes gradually along with the intensity of the doc-
ument image and the result of binarized image has consistent text stroke width

which is not affected by the variation in intensities caused by uneven lighting.

3.3 MREF based Relabeling

Normally, noise in the background and holes within text cannot be avoided by
using adaptive threshold based binarization only as shown in Fig. 9(c). In this
chapter, we propose a Markov random fields based relabeling procedure to remove

noise and holes from the initial binarized document image.

3.3.1 MRF and Gibbs Model

In recent years, Markov Random Fields (MRF) based image restoration algorithms
have attracted interest from researchers in document processing. Considering the
ideal machine printed black-white document image to be a binary image which
is down-sampled and blurred to a gray-scale image by adding Gaussian noise,

document binarization can be looked at as a special restoration problem. Lelore
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Figure 9: Adaptive threshold surface, normalized image and initial binarization

result

and Bouchara [34] proposed a MRF model for binarization which can remove
noise and improve the character connectivity. Lettner et al. [35] used a similar
framework but defined the Gibbs distribution in a different form to binarize the
degraded documents. To binarize unevenly illuminated documents, Kuk and Cho
[36] initially segmented the entire document image using mean filter response as

features and relabeled the pixels using a minimization technique which can be
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looked at as a variant of Gibbs model.

The relabeling of the initial binarized document image which assigns one of
two labels (black or white) to each pixel of the document can be modeled as a
maximum a posteriori Markov random field (MAP-MRF) estimation of ideal bina-
rized document image x given only the degraded camera captured image 7. In
our MRF framework, the observed degraded image 9 is the original gray-scale
document image along with its initial binarized image and our task is to calculate

an optimal configuration of x which maximizes the posteriori:
X =argmaX(x|y)
X
n
=arg n;aﬂp(xﬂyi,xN,{i}) (3.13)

where Yy; is the observed feature and X is hidden configuration of pixel i respec-
tively, and N — {i} denotes all pixels in document image except pixel i.

By taking Bayesian rule and considering Markov property, the MAP-MRF esti-
mation can be re-written as:

X —argma 0 P(Yi X, Xn— iy ) PO [ Xn—qiy )
x X.El P(YilXn-1i})

n
=arg rr)(axﬂ Py %, Xn— iy )P XN giy)

=arg rr)(axu P(yi % ) P(%i XN iy )
= argmin [— _ZlOQP(Yi xi) — _Z'OQP(Xi |XN(i))] (3.14)

where likelihood P(y;|x;) represents the dependency of observations on hidden con-

figuration and prior P(x|xy()) shows the influence from immediate neighbors N(i)
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to centered pixel i. In our work, we use a 4-connected lattice system where each
pixel has four neighbors.
Generally, the optimal configuration X of Equation 3.14 can be achieved by
minimizing energy function [51, 54]:
EX) = Uilx)+ > Mjk.X) (3.15)
iev (i,)ez
where 7 is the vertex corresponding to pixels in the image and £ is the edge
connection between pixels, Uj(x) denotes the unary energy which is derived from
—logP(yi|[x)) and pairwise energy V; j(x,X;) is derived from —logP(x;|X;) in Equation
3.14 respectively. The unary energy U;(x) tends to force hidden configuration x;
to have a value which is compatible with its observation y; and pairwise energy

Vi j(xi,xj) forces x to be smoothly connected with its neighbors.

3.3.2 Edge potentials

Unlike other MRF based relabeling algorithms which only use the intensity differ-
ence between neighboring pixels and smooth the entire document image [36, 35],
we explore a stroke width-related feature which preserves the edge of strokes and
removes noise from the document.

For each connected text component of the binarized document image obtained
from section 3.2, we compute the shortest distance from foreground pixels to the
background which is denoted as ey(i) for pixel i in connected component n. The

maximum distance from the foreground pixel within a connected component n to
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the background is represented as &,. To measure the potential of a foreground
pixel to be on the edge, the distance from the foreground pixels to the innermost

pixel within a connected component is calculated as:

Sh(i) =& —en(i) (3.16)

Fig. 10(a) shows the edge potential of an example character a where the
brighter area in the character corresponds to a low edge potential and the darker
area corresponds to higher edge potential. The velocity vectors which indicate
the direction and strength of edge potential for each foreground pixel are shown
in Fig. 10(b), from which we can see that the edge potential decreases gradually
from edge pixels to inner pixels within the character.

Dhrrrrtiuan A
S T
e

e

@ (b)

Figure 10: Edge Potential
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3.3.3 Unary U(x) and Pairwise V j(x;,Xj) Energy Function

The goal of the MRF-based relabeling procedure is to remove noise and smooth
the entire document image. As described in section 3.3.1, —logP(yi|x) can be
represented by an unary energy function U;(x) which forces the label X of pixel i

to be close to its observation y;. We define U;(x) as:

Ui(x) = A/ (Vi —%)? (3.17)

where y; is the gray-scale value for pixel i and x; takes value of 255 for background
and O for foreground.
Pairwise energy function V, j(x,X;) = —logP(x;,X;) is defined in Equation 3.18 us-

ing edge potential features along with the gray-scale value for each pair of pixels,

L lyi—yil oo
aexp(rsirmvzrr) +Bee(Yedl) it xi=x

Vi (%, X)) = (3.18)

aexp( sz T BeR( ) i XA

where X and X; are the hidden configuration (O for foreground and 255 for
background) for pixel i and j, s(i) and s(j) are edge potentials for pixel i and |
using Equation 3.16, swis the mean stroke width within the document image,
and y; and y; are the gray-scale values for two neighboring pixels.

The underlying principle of Equation 3.18 is that if two neighboring pixels are
from the same source, e.g. both of them are from foreground text, they should
have similar edge potentials and gray-scale values which cause the pairwise en-

ergy to be low.
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To achieve the global minimum energy corresponding to the optimal configu-
ration of MRF, the graph cuts algorithm [51] is used in our experiment repeatedly
until the binarized result is stable. The overall procedure of our algorithm is

described in Fig. 11.

3.4 Experimental Results

In our experiment, we use a data set of 28 pages of document images which
were captured using a hand-held cell-phone camera with a resolution of 3.8 mega
pixels. The document pages in our data set are research papers in two column
style and the text occupies at least 95% of the page area. All images were captured
in an indoor office environment and our experiment was carried out using image
portions with insufficient or uneven illumination along with out of focus blur. Fig.
12(a) shows an example image in our data set.

We used both qualitative judgement in the form of visual inspection as well
as a quantitative metric based on OCR performance to evaluate the proposed
binarization algorithm.

Fig. 12 shows an example of visual comparison of the binarization results with
Otsu method, Niblack method, Sauvola method and the proposed MRF based
method. Fig. 12(b) is the binarized result of Otsu method where strokes on the
left portion of the image are thicker than those on the right portion because of

uneven illumination. Although the stroke width is consistent in the result from
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the Niblack method, a lot of noise is introduced in pure background areas as
shown in Fig. 12(c). The Sauvola method has better performance as shown in
Fig. 12(d) where noise is restrained and strokes are retained. The last Fig. 12(e)
shows the result of the proposed MRF based binarization method which not only
removes all isolated noise, but enhances the quality of strokes.

The goal of most binarization algorithms is to provide a reliable binarized image
for further document processing such as Optical Character Recognition (OCR).
Thus, we compared OCR results on the binarized images generated from the four
different binarization methods considered in our experiments. The OCR experi-
ment was carried out using the open source OCR software Tesseract [55] without
deskew or other pre-processing procedures. Normalized mean edit distance be-
tween OCR results and ground truth was calculated and shown in Table. 1.
Edit distance between two strings calculates the number of operations (insertion,
deletion or substitution) to transform one of them into the other. It is obvious
that the greater the edit distance, the more different the two strings are. There
are several different definitions of the edit distance and we used the definition
from Vladimir Levenshtein (Levenshtein distance) [56] which apply the bottom-up
dynamic programming algorithm in our experiments.

As can be observed from Table 1, the proposed MRF based binarization algo-

rithm has the shortest Levenshtein distance (Edit distance) to the ground truth
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which means it provides more reliable OCR accuracy than the other three meth-
ods whereas the Niblack method has the worst OCR performance since it intro-

duces more noise into the image.

Table 1: OCR Results from Tesseract on binarized images

Method OCR Result(Levenshtein Distance)
Otsu [19] 0.561
Niblack [24] 1.165
Sauvola [25] 0.485
Proposed method 0.322

3.5 Conclusions

In this chapter, we have presented a binarization algorithm that focused on hand-
held devices captured document images with insufficient or uneven illumination.
The algorithm mainly contains two key parts: initial segmentation/nomalization
and MAP based binarization. Initially, a logistic based non-linear function is pro-
posed to estimate the segmentation surface for entire document image and then
the image is normalized by using segment surface and another non-linear func-
tion. The MAP based binarization procedure uses a MRF framework to segment
the foreground text from background area. In this framework, the normalized

document image is used as the observation, and a novel pairwise energy function
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is defined in this paper to measure the relationship between neighboring pixels
which preserves the stroke edge, removes the noises and smoothes the entire
document image at the same time. Experiment results show that our method

outperforms other approaches.
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MRF Relabeling Algorithm

Input: Gray-scale document image |I.
Initial Binarization:

1: Estimate adaptive threshold surface using Equation 3.11;

2: Segment text from background using adaptive threshold.

3: Initialize difference threshold t and maximum iteration number N.
Relabeling:

4: Extract edge potential feature on binarized document image for each

pixel according to Equation 3.16;

5: Compute the unary energy of each pixel for the entire document im-

age using Equation 3.17;

6: Calculate the pairwise energy of each pixel for the entire document

image using Equation 3.18;

7: Use graph cuts algorithm to get the optimal relabeling of the binarized

image;

8: Calculate the difference (" between the relabeled image and the pre-
vious binarized image:
£ =3/ ({7 X" )2
where x(" is the configuration after relabeling for pixel i and x™V is

the order label for pixel i;
9: If ¢ <t or n> N, go to next step, otherwise, n=n+ 1 and go back to
step 4;

Output: binarized result.

Figure 11: Overall Procedure of Binarization
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Figure 12: Binarization result of uneven illuminated document image using pro-
posed algorithm compared with other methods. (a) The original grayscale doc-
ument image, (b) Otsu binarization result, (c) Niblack binarization result with
k= —-0.3 and s= 11, (d) Sauvola binarization result with k= 0.02 and s= 11, (e)

Proposed MRF based binarization result.



Chapter 4

Word Level Text Separation

4.1 System Structure

In this dissertation, we propose a two-module composite system to separate hand-
written text, machine printed text and overlapped text from annotated documents.

As shown in Fig. 13, the first module (module I) of the system, which is the
word level text separation, takes the entire document as its input and separates
the text into three classes: machine printed text, handwritten text and overlapped
text. This module has three components. The first component is a preprocessing
procedure to extract patches of the document and extract features for each patch
and is covered in section 4.2. Section 4.3 describes the second part of module I
which is a G-means [57] based initial classification component. The last compo-
nent of module I is to relabel the result of initial classification using on MRF based

model. Section 4.5 describes the details of the relabeling. Section 4.6 presents

39
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the experimental results of this module.

The second module (module II) (Fig. 13) which is for overlapped text separa-
tion takes the overlapped text patch as its input which is then further separated
into machine printed text and handwritten text. The first step in module II is
to extract shape-context based features for each pixel. The next step is an ag-
gregation coarsening algorithm which extracts the basic element for the second
module. Section 6.1 and section 6.2 describe these two steps. The last step is the
separation of machine printed text and handwritten text using on MRF model and
is described in section 6.3. Section 6.4 shows the experimental setup and results

of module II. Our conclusions is presented in section 4.7.

4.2 Preprocessing

Our pre-processing consists of two steps: patch extraction and feature extraction.

4.2.1 Patch Extraction

Prior to classification, each binarized document is segmented into patches which
are small snippets of the image as described in [58]. The patches are the basic
units in our MRF based classification system for module I which models each
document as a random field. The extraction of patches is done by using a mxn
sized window based morphology closing operation on the original binarized image

and the original content within the bounding box of each connected component is
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Figure 14: The procedure to extract patches from a binarized document

defined as a single patch. The size of the window is empirically chosen such that
the resultant patch typically represents a handwritten or machine-printed word.
Patches are eliminated as noise if their size is smaller than a threshold t; or larger
than a threshold t;,. The procedure of patch extraction for a binarized document

is shown in Fig 14.

4.2.2 Feature Extraction

Three different categories of features are considered for classification of a given
patch into one of three classes viz., handwritten text, machine-printed text and
overlapped text. These features are briefly listed in Table 2 and are described in

greater detail in the following sections.

e Patch Level Features:

Considering each patch as a single unit in our system, we extract several sets
of features at the patch level. For a given patch, the first feature is its relative

location x and y with respect to the entire document. The relative width w and
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height h of the patch with respect to its nearest neighbor measures the size

of this patch. The foreground density of the patch is measured by Equation:

d — Zx,yl (X7 y)

wxh (4.19)

where | (x,y) is the density of pixel (x,y) which represents black pixel as O and

white pixel as 1 in our binary image.

Generally, machine printed text and handwritten text individually have con-

stant stroke width. Therefore, we calculate the average stroke width using:

s— nyl (X7 y)

i (4.20)

where | is the length of contour for a given patch. The crossing number
within a patch measures the complexity of the stroke [58, 1] which counts
the amount of pixels whose density differs from its direct neighbors in hori-

zontal and vertical direction and is defined as:

 Ywylxy)el(x+1y)
- h

 Sxylxy)el(xy+1)
N w

Cx

cy (4.21)

where & is the exclusive and operator.

The variances of horizontal and vertical projection of a patch and maximum
runlength within the patch in these two directions are also used to measure
the difference between the three different classes. Fig 15 and Fig 16 illustrate

the process of computing these two sets of features.
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e Connected Component (CC) Features:

A set of features is based on the statistical properties of connected com-
ponents within a patch which is extracted from the original (non-dilated)

binarized image.

Assuming n is the number of connected components within a patch, we com-

pute the mean and variance of width and height of each CC:
avey = 1 w(i)
%—nz

ave, = % Z h(i) (4.22)

1 .

var, = \/ﬁ IZ(h(l) —ave,)? (4.23)
where i runs over the number of CCs within a patch, w(i) and h(i) are the
width and height of each CC respectively. Normally, machine printed char-
acter has a constant width and height in a certain range which results in a
small value of variance. On the contrary, the width and height of the con-
nected component within handwritten text are more likely to be scattered in
the feature space and have larger variance value. The maximum width and

height of CCs are also used as features.

For a handwritten text patch, the area of loops within characters is typically

larger than the area of loops for characters in a machine printed patch. So
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the loop area normalized by the size of the patch is computed as a feature to
distinguish handwritten text from the other two kinds of patches. Another
CC feature is the overlap ratio which is the area of overlap between CCs

within the patch divided by the total area of the patch. [58, 1].

e Gabor Features:

Gabor filters can serve as directional band-pass filters which are modula-
tions of a complex sinusoidal and Gaussian function. The 2-D Gabor filter is
defined as Eq.4.24 in the space domain (details of parameters can be found

in [59, 60, 61]):

N oo5y(%Y)

2 2 /
= Kexp<—%> cos(Zn% + ¢> (4.24)

where

X = xcosB+ysin®, Yy = —xsind+ycosd

and A is the wavelength of the cosine factor of the Gabor filter kernel, 6 is the
orientation, ¢ is the phase offset, y is the aspect ratio and 9 is the squared
deviation of the Gaussian function. A set of different 8 and A lead to the 8

gabor filters used in our experiments which are shown in Fig 17.



Table 2: Patch level and connected component level features

Patch Feature

Description

# of Feature

Location

Relative location of patch.

Width and height

Relative width and height of patch.

Foreground density

# of foreground pixels divided by the size of the patch.

Average stroke width

# of foreground pixels divided by the length of the contour.

Crossing number

# of pixels whose intensity differs from its neighbor.

Variance of projection

Variance of horizontal and vertical projection.

Maximum run length

Maximum runlength within the patch in the horizontal and vertical directions.

NN N

N
ROLLVIVAAS ILXAL THAAT afom ¥ dALIVHD

CC Feature Description # of Feature
Components number # of CCs within a patch. 1
Maximum width and height | Maximum width and height of a connected component 2
Mean of width and height Average width and height of components within the patch. 2
Variance of width and height | Width and height variation of components within the patch. 2
Hole ratio Total hole area within patch divided by patch’s size. 1
Overlap ratio Overlap area between CCs divided by the size of the patch. 1

LY
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Figure 17: A set of Gabor filters

4.3 G-means Based Classification

Training on the three different kinds of patches is carried out using a modified
K-means clustering algorithm known as G-means [57].

Unlike normal K-means which is widely used in clustering methods but where
k has to be determined in advance, G-means estimates the number of clusters
based on the distribution of the training data. The underlying principle of G-
Means is to split the training set using K-means with k=2, and if any sub-cluster
dose not have a Gaussian distribution, then K-means with k= 2 is applied again
for this sub-cluster until each cluster has a Gaussian distribution. Further details
of G-means can be found in following figure and [57].

In our training phase, we run G-means clustering algorithm for machine printed

patches, handwriting patches and overlapped patches individually to get three
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G-Means Procedure

1: Initialize data set as a cluster C; = {x|x € clasgi)}.

2: Project samples within cluster onto an optimal projection direction v to get cor-

responding one-dimensional data set G = {yly = (x,v)/||v||}.

3: Estimate the confidence of statistic A to determine cluster’s distribution using

Anderson-Darling test [62]:
n2k—1

A2=_n— >

k=1
where n is the size of the data set, y is the sorted sample from G and G(x) is the

(ING(yk) +IN(1—G(Yn+1-k))]

normal distribution function.
4: If A<a, where a is a pre-defined threshold, G is regarded as a Gaussian-like dis-

tribution and is stored as a qualified cluster with its center T = x/n. Otherwise,

data set is split into 2 clusters Ciy1 and Ci;» using normal K-Means clustering.

5: For each new cluster, go to step 2, until every cluster has a Gaussian-like distri-

bution.

sets of clusters and corresponding centers Q = {cl,c,--- ,cluc?,c3,--- ,Aucs,c3, -},
where ¢! are the centers for machine printed patches, ¢ are the centers for hand-
writing patches and ¢ represents centers for overlapped patches. The total num-
ber of centers N satisfies N =1+m+n.

For each cluster, we calculate the co-variance:

(Vk—G)(k—c)" (ceQ) (4.25)

Mz

1
5=
M £,

where M is the size of the cluster which indicates the number of feature points
within the cluster, yi is the sample belonging to this cluster and ¢; is the center of

the cluster.
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During the classification phase, for each test feature point y which is an ob-
servation in the MRF framework, we define L(:) to be a function that calculates
the cluster nearest to this feature point using Mahalanobis distance metric and

maps the test feature point to the index of this cluster’s center such that:

L(y) = arg minDm(y, ¢i)

=arg rri]in\/(y— )TZ M y—c) (0<i<N,geQ) (4.26)

This G-means based classification can be looked at as a nearest neighbor
search (NNS) with a reduced search space. The label of the test feature point
can be further mapped to one of the three classes because the class to which
each center belongs (handwritten text, machine printed text or overlapped text) is
already known during the training phase.

From the viewpoint of the MRF, our G-means based initial classification is a
vector quantization (VQ) procedure which constructs the configuration set Q for
the MRF as described in section 2.1.

For convenience, we use the terminology index i of center ¢; and label L; inter-

changeably in the following sections.

4.4 Weighted Features

The individual predictive power of each feature is different and each feature varies
in its influence on classification. Therefore, the features that have better discrimi-

nating ability should have a greater weight than other features. An easy approach
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to evaluate the classification performance of each feature is to use a single feature
with a simple classifier such as a Fisher classifier or a Nearest Neighbor classi-
fier and distinguish them by their individual classification scores. Unfortunately,
feature ranking based on individual classification score ignores any redundancy
amongst the features. A feature selection algorithm based on conditional mutual
information [63] can be used to weight features while accounting for any feature
dependency. In this section, we will explore the method of feature ranking and
modify our Mahalanobis distance measure of Equation 4.26.

Unlike mutual information whose value is an estimate of information shared

between random variables X and Y:

1(X,Y) = H(X) = H(X]Y) (4.27)

where H(X) is the entropy of the random variable X and H(X|Y) is the conditional
entropy of the random variable X when Y is known. Conditional mutual informa-
tion is defined as:

1(X,Y|Z) = H(X|Z) —H(X]Y,Z) (4.28)

and represents the information shared between random variables X and Y when
Z is known.

Then the mutual information gained by a feature f; when a number of features
f" are already selected is:

L(X, TIX™ = 1(T|X™) (4.29)

where X; is the classification test result by using a single feature fj, T is the target
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result (true class label) and X" are classification results using selected features
fn,
So in the feature selection step, a feature which can provide more mutual

information and less dependency on other selected features is the best candidate:
f:argrrfl_in(l(Xi,T]X”)—I(T]X”)) (4.30)

In order to avoid the calculation of joint probability or joint entropy in Eq.4.30,
a pair-wise probability is estimated and the previous feature selection step can
be restated as: a feature whose minimum conditional mutual information gained
with respect to each selected feature maximizes Eq.4.29 is the best candidate
feature:

f:argrrfwin(frréifnnl(xi,ﬂxj)—I(T]Xj)> (4.31)
N

In our experiments, the predictive power or weight of individual feature f; is
denoted as the conditional mutual information gained by the feature and it is
calculated between each pair of classes. Then the overall weight of each feature

over three classes is:
Wi = P(MU )Wy n+ P(MU N)Wmp+ P(hUN)Wh (4.32)

where P(mUh), P(mun) and P(hun) are prior probabilities of machine-printed and
handwriting patches, machine-printed and noise patches, and handwriting and
noise patches respectively. Wmn, Wmn and Wy, are weights of feature f; with respect

to each pair of classes.
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To classify test patches, weighted Mahalanobis distance from a patch feature
point to each cluster center is calculated and this patch feature point is assigned

to the closest center (label):

L(y) = arg ngian(y, Gi)

:argniwin\/[w.(y_ci)ﬂ[ o] 1jwe(y—g) (0<i<N,GecQ) (4.33)

where W = ww' and w is the weight vector of 29 features obtained from section

4.2.2. The experimental result of the using of weighted features is reported in [64]

4.5 MRF Based Relabeling

In practice, misclassification cannot be avoided using a single classifier due to
overlaps in feature space. Therefore, postprocessing or relabeling is needed. The
intuition for relabeling is that a patch surrounded by patches from a single dif-
ferent class has a high probability of belonging to that class. We use a Markov
Random Field that describes the statistical dependency between observed patch
features and their hidden states (labels) to model different patches in an anno-
tated machine printed document and then relabel the patches in our scenario.
In module I of the system where we do patch level text separation, we model
the annotated machine printed document | as the graph ¢ defined in section 2.1.
Each vertex in set 7 represents a patch within the document and the set of edges
£ connect vertices based on a neighbor system described in section 4.5.1. The

random field x defined in section 2.1 is consistent with the graph ¢ and we let
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the set of centers Q which is extracted using G-means from section 4.3 to be the
set of all possible labels of x, and the patch features be the observations o .

As described in the previous section 2.2, the inference of the MRF model is
implemented by using belief propagation algorithm which is shown in Fig. 7.
Each grey node x; in the hidden layer exclusively corresponds to a hidden config-
uration for a document patch and is assigned to a label L;(0 < Lj < N) after initial
classification. Each white node y; is a observed feature point for that patch. In
real documents, the neighbor system of patches is determined by a Gaussian-like
distance metric as defined in section 4.5.1 but may not necessarily be located as

a grid as shown in Fig.7.

4.5.1 Definition of Neighbor System

As shown in Equation 2.7 and 2.8, we need to update the message and belief in
the network based on a neighbor system to compute the optimal configuration
for Markov Random Field x. Normally, the neighbor system of a Markov Random
Field is based on a 4-neighbors lattice connectivity. However, if we consider each
patch in the document as a single vertex in the graph ¢ which may not be rigidly
located as a grid, we need to define a flexible neighbor system to represent the

spatial relationship between patches.
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Firstly, we define a Gaussian-like distance metric to measure the spatial dis-

tance between each pair of patches in a document:

(A% —%? , (dy—9)?

Dn(i, ) = 5 257 (4.34)

where [dX j,dy j| represent the convex-hull distance between patches i and j in
the horizontal and vertical directions, X is the dominant gap between words and y
is the dominant gap between text lines over the entire document. Dominant gaps
X and y can be estimated using histograms. Based on spatial distance, the four
closest neighbors are considered for each patch. The bottom part of Fig.18 shows
the four nearest neighbors (which are represented by the four black rectangles) of
the patch contained in the red rectangle.

By using Gaussian-like distance metric based neighbor system, we can mea-
sure the similarity between patches in spatial space by taking the distance as the
variable of an exponential function used in our MRF model. In other words, the
similarity to a given patch decreases exponentially like a Gaussian function as
the distance increases and only patches which have the greatest similarity are
considered as the neighbors of the center patch. The plot at the top of Fig. 18

shows the decrease of similarity with distance from the center patch.

4.5.2 Prior P(x) and Likelihood P(y|x)

In order to compute an optimal configuration which maximizes the posterior as

described in Equation 2.3, we use belief propagation which calculates the local
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Figure 18: A patch and its nearest neighbors.

maximum messages and beliefs for each vertex to achieve global maximum. To
use belief propagation for a given vertex ¥, the prior P(x|X;) and likelihood P(x|y;)
in Equation 2.7 and 2.8 are loosely replaced by similarity function Wh(x;,X;) (which
measures the similarity of configuration between hidden node x and x;) and de-
pendency function Wy (x,y;) (which describes the influence of the observation y; on
its hidden node x;).

The similarity function is defined as:
Wh(%,%j) = 14 ae Pnl)) 4 geDelbili) (4.35)

where Dy(i, j) is the Gaussian-like distance between two neighboring patches (which

corresponds to vertex 7; and 7 in graph ¢G) calculated from Equation 4.34 and
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De(Lj,L;j) is the Euclidean distance between the configurations of two patches
which represent the assigned centers in the feature space as described in section
4.3. Fig. 19 shows the idea behind Equation 4.35. a and (3 are two parameters
that control the influence from neighbors in the spatial space and the feature
space respectively.

Feature Space Spatial Space

Machine printed Text

i
- - closest [neighborsk—which
T sy X (9)

Y (3, %)) =1+ ae "D 4 e P

Noises Handwritings

Figure 19: Distance in feature space and spatial space.

Equation 4.35 illustrates that the influence from the neighbors of a patch
depends not only on their spatial distance but also on the distance of the two
configurations in feature space. So, in our system, belief propagation is encour-
aged for those patches which are close to each other in both the spatial as well as
the feature space.

Similarly, the dependency function Wy(x;,Y;) is defined as:

Wo(x, i) = et/ (Pr(@.a) (4.36)
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where Dy (¢, 0) is the Mahalanobis distance calculated from Equation 4.26, which
measures the distance from the observation o; of vertex 7; to its assigned center
G (corresponding to a configuration) in feature space. Parameter A controls the
influence of observations and their hidden states.

Equation 4.36 shows the relationship between the configuration of a given
patch and its corresponding observed features.

Optimal configuration for MRF is achieved by applying BP algorithm as shown
in Equations 2.7 and 2.8. All messages m ; in these two equations are initially
set to be 1 and updating is terminated when there is no flipping occurring during

belief propagation or when maximum iteration is achieved.

4.6 Experimental Results for Module I - Word Level Text

Separation

We used two different data sets to train and test the proposed word level text
separation system in our experiments. To estimate the performance of MRF based
relabeling system, we use the Precision (P) and recall (R) metric in this chapter to
compare proposed method with other classifiers.

P(i) = # of patches correctly classified as class i
N # of patches classified as class i

(4.37)

RIi) = # of patches correctly classified as class i (4.38)
N #of patches belonging to class i ’
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4.6.1 Tobacco Data Set

The first data set contains 94 binarized documents of the Tobacco industrial lit-
igation archives from which we extracted patches using a 5x 5 window based
morphology closing and segment algorithm as described section 4.2.1.

To this data set, a total number of 19842 machine printed patches, 832 hand-
written patches and 9011 noise patches were extracted. We randomly selected 48
documents which contain 15409 patches for training purpose and the remaining
documents which have 14276 patches for testing.

The G-Means based clustering algorithm described in section 4.3 was used
to extract 117 centers for machine printed patches, 5 centers for handwritten
patches and 53 centers for noise patches on training data set and to construct
our configuration set x.

The initial classification was carried out by assigning each test patch to the
nearest center in the feature space and mapping them to one of three classes
finally. The Markov Random Field based relabeling procedure was used to correct
the misclassification for all patches as described in section 4.5.

In table 3, we compared the precision and recall of using G-Means based clas-
sification and MRF based relabeling algorithm. From this table, we can see that
both precision and recall increased for each class after using MRF based relabel-
ing procedure, especially for handwritten patches. The overall recall increased

around 3% in our system.
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Table 3: The analysis of system performance for tobacco set

G-Means Proposed method

Precision Recall | Precision Recall

Machine-printed | 98.91% 94.11% | 99.20% 96.59%

Handwritten 47.97% 90.91% | 64.99% 96.01%
Noise 92.40% 95.19% | 94.84%  96.40%
Overall N/A 93.40% N/A 96.33%

Fig. 20 shows an example of text identification result from Tobacco data set
where we decomposed the original binarized document (Fig. 20a) into handwritten
document(Fig. 20b), noise document (Fig. 20c) and machine printed document
(Fig. 20d) respectively.

In the Tobacco data set, the misclassification was mainly from around 20
overlapped patches which contained both handwritten and machine printed text
and over 300 patches whose resolution was very low as shown in Fig. 21. The
overlapped patches were excluded from our evaluation since it contained two dif-
ferent classes in the same patch and should be considered as a separated class.
Normally, the low resolution of machine printed patches caused low precision
metric for the handwritten text in our system because they were easily classified
as handwritten patches. Using more such training samples can solve this kind of

problem.
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Re: Dr. Victor Buhler -

Victor Buhler has spent the past several months as .
an examiner of hospital standards for the Joint Commission for
Accreditation of Hospitals. He presently contemplates becoming -
the pathologist at Liberty Hospital located in the metropolitan

Kansas City

For many years, Dr. Buhler was not only the pathologist

t St. Joseph's Hospital in Kansas City but also had his own

private laboratory. His available time was quite limted but 2
we alvays found him of great assistance in connection with

specafic matters.

Dr. Buhler now has time to undertake certain literature ‘

generally to smoking and health and, more particularly, that
publashed by pathologists, such as Dr. Auerbach.

Dr. Buhler has indicated his willingness to spend a
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an examiner of hospital standards for the Joint Commission for
Accreditation of Hospitals. He presently contemplates becoming
the pathologist at Liberty Hospital located in the metropolitan
Kansas City area.

‘or many years, Dr. Buhler was not only the pathologist
at St. Joseph's Hospital in Kansas Caty but also had his own
private laboratory His available time was quite limited but
we alvays found him of great assistance in connection with
specafic matters.
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Figure 20: A Tobacco data set example of text identification results from the

system. (a) The original binarized document, (b) handwritten text, (c) noises, and

(d) machine printed text.



CHAPTER 4. WORD LEVEL TEXT SEPARATION 62

Wla
(@
ASADETr],

(b)

Figure 21: Overlapped text and low resolution text

4.6.2 HP Labs Data Set

We extended our experiment on the HP Labs data set consisting of binarized im-
ages of annotated office documents scanned at a resolution of 300 dpi. Unlike
Tobacco data set which has lots of noises, HP Labs data set has three different
classes (machine printed text, overlapping text and handwritten text). We have
collected 82 documents from the HP Labs data set. This extremely imbalanced
data set contains over 25000 machine printed text patches, around 3200 hand-
written text patches and less than 500 overlapped text patches. We selected 54
documents for training and 28 documents for testing.

Similarly to the previous experiment on Tobacco data set, prior to classifica-
tion, morphology closing operation, patch extraction and feature extraction algo-
rithms were applied as the preprocessing step. Initial classification was carried
out by using G-means which was followed by a MRF based relabeling procedure.

In Table 4, we compared the proposed method to a G-means based classifier
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Table 4: The analysis of system performance for HP set

BP Neural network G-Means Proposed method
Precision (%) Recall (%) Precision (%) Recall (%) Precision (%) Recall (%)
Machine-printed 99.29 95.07 99.67 94.52 99.70 96.07
Handwritten 77.48 89.94 72.17 92.53 80.46 93.98
Overlapped 33.54 77.48 39.85 81.82 42.69 84.09
Overall N/A 87.50 N/A 89.62 N/A 91.38

and a backpropagation Neural Network classifier which used a modified public
ANN tool, FAAN. We see that our MRF based relabeling system had an overall
recall of 91.38% which outperformed backpropagation Neural Network (87.5%) and
G-means based classifier (89.62%) and slightly increased the precision, especially
for two minor classes (handwritten text and overlapped text). Fig. 22 shows
the three decomposed documents (Fig. 22d, Fig. 22c, Fig. 22d) from original
documents (Fig. 22a) using proposed MRF based classification method.

The relative low precision for handwritten text and overlapped text is mainly
due to the imbalanced property of HP Labs data set. The amount of machine
printed text is much more than the handwritten annotations and overlapped text
and dominates in the data set. If even a small proportion of machine printed text
is misclassified as the other two classes, it is still a significant number comparison
to handwritten samples and leads to low precision. To overcome the imbalanced
data set problem, we suggest using a tree-structured initial classifier which is

described in the following chapter.
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Figure 22: A HP data set example of text identification results from the system.

(@) The original binarized document, (b) handwritten text, (c) overlapped text, and

(d) machine printed text.
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4.7 Conclusions

In this chapter, we propose a novel Markov Random Field based algorithm to
classifier three different kinds of text (machine printed text, handwritten text and
overlapped/noise text). A Gaussian-like function is defined to measure the spa-
tial distance which is used to construct the neighborhood system for MRF. Un-
like other relabeling systems only consider the neighboring relationship in spatial
space, our model uses distances from both feature space and spatial space to de-
termine the similarity of two neighbors. The merit of proposed method is that it is
easily to integrate other classifiers which can provide reliable distance measure in
feature space into our system as an initial classifier. From the experiment on two

different data set, it shows our method can improve the accuracy significantly.



Chapter 5

Boost Tree Classifier

5.1 Introduction

In our previous chapter, which separates the word level text into machine printed
text, handwritten text, overlapped text or noises, one of the problem we encoun-
tered is the imbalanced data set problem. In the case of annotated documents, the
imbalance between handwritten and machine printed text is a serious problem.
Generally, the amount of machine printed text is much more than the handwrit-
ten annotations and will dominate in the data set. If even a small proportion of
machine printed text is misclassified as handwritten text, it is still a significant
number in comparison to handwritten samples and leads to relatively low preci-
sion [1] for identification of handwritten annotations. To overcome the imbalanced
data set issue in a form classification problem, a tree-based classification algo-

rithm was introduced in [65], which proposed a hierarchical classification model

66
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to classify different tax forms using binary Regularized Least Square classifiers
and K-nearest-neighbor classifiers in each tree node. Other boost tree classi-
fiers that are attracting research interest in the pattern recognition and computer
vision communities can be extended to the field of document analysis as well
[66, 67].

The imbalanced data set problem is amplified even further when we con-
sider annotations that overlap machine printed text. In order to classify machine
printed text, handwritten text and overlapped text and overcome the imbalanced
data set problem, we describe a tree-structured classifier which consists of binary
weak classifiers. At each node, we convert a multi-class problem to a bi-class
problem by merging all classes except the major class to a single class. Over-
fitting is a potential drawback of a tree-structured classifier because it considers
only a subset of training data at each node and loses the general distribution
of the whole data set [68]. Inspired by the Adaboost algorithm which uses and
updates the distribution of all training data in each round and is less subject to
over-fitting , we propose a new mechanism to train the weak classifier for each
node of the tree-structured classifier which is intended to replace the initial G-
Means based classifier.

We organize the remaining of this chapter as the following: section 5.2 in-
troduces the structure of our tree-structured classifier and the procedure used
for learning and testing. Section 5.3 shows the details of experiments, includ-

ing feature extraction, experimental set up and results. Section 5.4 presents our
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conclusions.

5.2 Tree-Structured Classifier

The merit of the tree-structured classifier is that it balances the positive and
negative samples by merging the classes in the lower level of the tree [65] and its
training error can be made to decrease exponentially [68]. Normally, a divide-and-
conquer strategy is used to build the tree. The underlying principle of this divide-
and-conquer approach is that if current classifier cannot separate the training set
with high accuracy, the set is separated into several smaller clusters and classi-
fiers (may differ from previous classifier) are used for each new cluster. Thus, a
tree-structured classifier recursively focuses locally on the data set as the tree
grows deeper and can achieve high training accuracy. However, a node of a tree-
structured classifier loses distribution information from the entire data set and is

very susceptible to over-fitting.

5.2.1 Structure of the classifier

To preserve the advantage of tree-structured classifier and overcome the over-
fitting problem, we design a boosting algorithm which has a tree structure and
can be also viewed as a combination of cascade classifiers [69].

Assuming that there are n classes and a total number of m samples in the

training data set A\, each sample is associated with a normalized weight w; which
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measures the importance of the sample. Our tree-like classifier’s job is to find a
hypothesis H : x —yi € ' ={1,--- ,n}, which maps sample x to a target label y; in
label set I'.

Firstly, we define the structure of the tree-like classifier. Each node N(i,j) of
the tree corresponds to a weak classifier h; (), where i indicates the level of the
node and j shows the index of the node in this level. Note that even an empty
node is assigned an index number in the tree. Then the left child’s index of a node
N(i, j) is N(i +1,2j) and the right child’s index of node N(i, j) is N(i+1,2j+1). Each

leaf node in the tree corresponds to a target label.

hy (x)] €L | C2 &

ho(x)| c1 €2l €3 | n,(x)clc2| c3

Cl | p,(x)C2 C3 c3 | hslx)er) c2

C3 C2 C2

Figure 23: An example of tree-like classifier. In each node, minority classes are

merged to a single class and represented as a blue rectangle. Majority class is

represented as a white rectangle.
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Unlike other algorithms that handle multi-class classification using multi-
class weak classifiers at each node or each level, we propose to convert our multi-
class classification problem to a two-class classification problem at each node. We
will determine which class is the major class, and all other classes are considered
as the minor class.

For a given node N(i, j), the summation of the sample weights from each class
measures the majority of this node.

m
m(i, j) = argmax Wi (5.39)
tel k:(%k:t

Fig.23 shows an example of the tree structure and how to convert multi-class to

bi-class problem.

5.2.2 Inspired from Adaboost

Adaboost which was formulated by Freund and Schapire [70] uses other classi-
fiers as its weak classifier as a cascade to achieve better performance. One merit
of Adaboost is it can be less susceptible to the overfitting problem than most
learning algorithms.

During the training phase of Adaboost, a weak classifier is called repeatedly in
total of T rounds. On each round, the distribution or weight of training samples
D; is updated according to the classification test. The algorithm of Adaboost for

bi-classification can be briefly described as in Fig. 24 and detailed in [71, 72, 73]:
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Algorithm of Adaboost

Input: Total number of n training samples Xg,x1,---,X, with their targets.
Yo,Y1, -+ ,Yn Where i e Aand y; € ' = {—1,+1}
Distribution initialization: D!(i) = 1/n
During iteration, fort=1,--- ,T:
1: Train weak classifier hy using distribution D!;
: Run classification test on h : A — I' with error & = B.p,[h (%) # Vi];

Calculate weight updated parameter o; = %In <T€l>

L I

Update distribution Dy : D; = D‘(i)exq_zta‘y‘mx‘)), where Z; is a normaliza-

tion factor;

T
Output the final classifier: H(x) = sign ( Zlatht(x)> .
t=

Figure 24: Algorithm of Adaboost

As shown in the third step of Fig.24, the parameter a; measures the impor-
tance of the weak classifier hy where smaller error €& causes larger value of a.
The distribution D; is updated according to the classification test of h; where the
weight Di(x) is increased if x is misclassified by h. It is easy to observe that the
final classifier of Adaboost is a weighted T weak classifiers which focuses more on
harder samples.

It was proved by Freund and Schapire [74, 71] that the training error rate of
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Adaboost is bounded by:

Sl

}Z[ i) # Vil <

n

ZXK yih(
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and the final classifier H(x) can achieve an arbitrarily low error rate by repeatedly
using a weak classifier with sufficient training data. Although it is shown that
boost algorithm will overfit as T becomes large, in real applications, Adaboost
often does not suffer from overfitting even with large T. In [72], Freund and
Schapire show the strong connection between Adaboost and SVM (support vector
machine).

Based on the merits of properties described above, Adaboost gained great suc-
cess in machine learning, pattern recognition and computer vision areas. For
example, Viola and Jones used Adaboost to build a feature extractor and face
detector in [75]. Based on boosted decision stumps, Torralba et al. proposed
an algorithm to detect multiclass and multiview objects [76]. To detect face with
rotation invariant, Huang et al developed a vector boosting algorithm which is
inherited from Adaboost [77, 78].

To extend adaboost from bi-class problem to multi-class problem, Schapire
and Singer converted multi-class problem to several binary problems and then
used the general Adaboost algorithm [71]. In [74], Freund and Schapire pro-
posed a multi-class adaboost method which can be considered as a special case

of Schapire’s method. To improve the classification performance of imbalanced
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data involving multiple classes, Sun et al. developed a cost-sensitive boosting
algorithm in [79].

Considered decision tree as a special boosting mechanism [80], researchers
tend to combine Adaboost with decision tree to overcome the imbalanced data set
problem and over-fitting problem. Grossmann suggested an algorithm to boost a
weak classifier into a tree which is called AdaTree in [68]. In [67], Tu proposed
a decision tree classifier where each node of the tree is adaboost. Similarly, Wu
and Nevatia proposed a tree-structured classifier for multi-class detection where
each path of the tree is a boosted classifier [66].

To inherit the merits from Adaboost which is less susceptible to over-fitting,
we suggest a boosting mechanism to construct a tree-structured classifier which

is described in the following section.

5.2.3 Learning & Testing Procedure

The normal recursive learning procedure is to split the source set of the parent
node into subsets for child nodes based on the parent node’s classification test.

Given the training set ¥ for a parent node N(i, j), each child node has a subset:

N(i+1,2j):xex™ | hij(x) <t

NGi+1,2j+1):xeX | hjx) >t

where t is a threshold for weak classifier h; j(x) and X = X" UX~ is satisfied.
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As mentioned earlier, this splitting method is prone to over-fitting. Since Ad-
aboost is less susceptible to over-fitting, we integrate a cascade decision mech-
anism which is similar to Adaboost’s boosting algorithm into the tree-structured
classifier to overcome the over-fitting problem. As noted in [72], the effect of up-
dating the distribution of training data in Adaboost algorithm is to increase the
weight of examples misclassified by h;, and to decrease the weight of correctly
classified examples. Thus, the weight tends to concentrate on “hard” examples.

So, rather than split the training data set and assign a subset to a child node,
we propose to use all the training data at each node during recursive learning but
assign different weights to them according to their attributes.

For a given parent node N(i, j), we train the weak classifier h; j(-) using weighted
training samples X with their weights W and calculate the threshold t for this node.

The weight of training samples at the left child node N(i +1,2j) is updated as:

Wi | hij(x) <t
W = (5.41)

o exp{— (B2 | ) >t

Omax—hi,j (Xi

Similarly, the weight of training samples for the right child node is updated as:

Wi ] hm‘(Xj) >t
W = (5.42)

A t—hij (%
o exp{— ()2} | (%) <t
where Omax and Omin are maximum and minimum output of h; j(-) of the parent node

given the training samples. The weight for all training samples are initially set to

be % in our experiment.
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Fig.25 shows an example of splitting a parent node to two child nodes. Initially,
a weak classifier is trained using all training samples with the same weights as
shown in the upper figure. The distances of misclassified training samples to
decision boundary are calculated based on the classification test. Both child
nodes inherit all training samples from the parent node but with different weights
associated with them. As shown in the figure on the bottom-left, the misclassified
yellow samples in the left child node gain more weights while all other samples
remain the same weights. These updated samples tend to force decision boundary
to move leftwards. Similarly, the updated green samples in the right node force
the decision boundary to move rightwards as shown in the figure on the bottom-
right.

The purity p of the node is used as our stopping criteria for each node N(i, j)
and updated according to the level of the node to avoid over-fitting as described
in following equation:

m

W > p.e*i‘ (5.43)
k=0,yk=m(i, j)

where i is the level of the node N(i, j), p is a pre-defined constant purity threshold
(may differ for different classes), A is the parameter to control the convergence
of training procedure and m(i,j) is the majority of current node as defined in
Equation 5.39. Equation 5.43 illustrates that if the ratio of majority is higher
than the purity threshold, a leaf is achieved and its majority id is assigned as the

target label of this leaf node.
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Figure 25: An example of splitting a node in the tree.

The testing procedure is similar to the training phase which starts from the
root node and achieves one of the child nodes according to the classification test
at each parent node. The truth label of the test sample is assigned as the label of

the leaf node which is achieved.

5.3 Experiments

The data used for the experiments is a set of 82 annotated office documents from
the HP Labs data set which consists of binarized images scanned at a resolution

of 300 dpi. This extremely imbalanced data set contains over 25000 machine
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printed text patches, about 3200 handwritten text patches and less than 400
overlapped text patches. We used 54 documents for training and the remaining
for testing.

Prior to classification, a morphology closing operation was applied to merge
small characters to patches which approximately represent words. These patches
are the basic unit in our system. At each patch, we extracted patch level features,
connected component features and Gabor features as described in [58]. The tree-
structured classifier was built as described in Section 5.2. A modified public ANN
tool, FANN [81], was used in our experiments using one hidden layer to train
the binary weak learner for each node. The test samples were labeled using this
classifier in the same manner.

We measured the performance of the proposed system using precision and
recall metrics. Precision for machine printed text in our system is the ratio
of patches which are correctly classified as machine printed text to all patches
which are classified as machine print. Recall for machine printed text is the ratio
of patches which are correctly classified as machine printed text to all machine
printed patches in the test set. The same metrics were applied to handwritten
text and overlapped text.

In table 5, we compared the proposed tree-structured classifier to a normal
decision tree classifier which has a similar training phase but without using up-

dated distribution for training samples, and a backpropagation Neural Network
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Table 5: The analysis of performance of tree-structured classifier

BP Neural network Normal DT Proposed method
Precision (%) Recall (%) Precision (%) Recall (%) Precision (%) Recall (%)
Machine-printed 99.29 95.07 99.40 97.84 99.61 98.74
Handwritten 77.48 89.94 91.04 90.66 92.89 93.67
Overlapped 33.54 77.48 40.61 80.30 57.29 83.33
Overall N/A 87.50 N/A 89.60 N/A 91.91

classifier which is implemented using FANN. We see that the Neural Network can-
not identify handwritten text and overlapped text very well on this imbalanced
set because it tends to focus on the majority class (machine printed text) and
loses information about the minority classes (handwritten text and overlapped
text). Normal decision tree can achieve slightly better identification performance
because as the tree grows deeper, the possibility of focusing on minority classes
increases as well. However, our proposed tree-structured classifier had an over-
all recall of 91.91% which outperformed backpropagation neural network (87.5%)
and DT (89.6%) and also significantly increased the precision, especially for over-
lapped text.

The mis-classification in our system is mainly from machine printed symbols
and punctuation marks such as comma and period which are classified as hand-
written dots. The imbalanced data set problem which causes the low precision of
overlapped text can be overcome by adding more such samples into the training

set.
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5.4 Conclusions and future work

In this chapter, we present a tree-structured classifier that can take advantage of
the global distribution of training samples. The distributions (weights) of training
samples are updated based on the classification test at each node during the
training phase. Experiments show that the proposed method is more reliable for
extremely imbalanced data sets when compared to normal decision tree and other
classifiers.

The remaining problem for our proposed boost tree classifier is that although
the classifier divides the entire feature space to several small subsets where each
leaf is corresponding to one of subsets and provides better initial classification
performance than normal decision tree and G-Means based classifier, it only out-
puts the label of each test sample without the probability estimation which is
needed by our MRF based re-labeling framework. Our future work will focus
on developing a method to calculate probability or ranking of the boost tree and

integrating the tree-structured classifier into MRF.



Chapter 6

Overlapped Text Separation

As shown in Fig. 13, the second module of our text separation system takes as
its input the overlapped text from module I. Since the overlapped text is con-
sidered as a single unit in module I, its basic element (patch) and the features
for patches are not suitable to further segment the overlapped text into machine
printed and handwritten text. In this chapter, we propose a method to decompose
the overlapped text image into smaller units using a coarsening procedure which
aggregates foreground pixels of the overlapped text image according to their co-
herence properties [82]. Shape context, a pixel level feature, is used to measure
the coherence or variance between pixels or aggregations. The MRF based seg-
mentation of overlapped text is based on these small aggregations which are the

basic element in module II.

80
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6.1 Shape Context Features

Prior to coarsening pixels to aggregations, we first extract features at each pixel.
We use shape context features to characterize each pixel or aggregation. Shape
context features were first used by Belongie et al. [83] to compare the similarity
between two shapes.

Given a shape which contains a set of points, we can draw vectors from a
given point on this shape to each of the other points and the shape can be exactly
represented by these vectors. Shape context features were inspired by this notion
but instead of using vectors to characterize each point on the shape, shape con-
text features tend to capture the coarse distribution of the rest of the points on a
shape with respect to a given point.

To compute the shape context feature v; for a pixel p;, a polar system is cen-
tered on this pixel to calculate a histogram h; of the remaining pixels on the shape
using Equation 6.44:

hi(k) =#{q # pinq e bin(k) } (6.44)

where h;(k) is the kth element of histogram which counts the number of foreground
pixels falling into the kth bin of the polar system and v; = [hj(0),h;(1),--- ,h(n)], nis
the number of bins in the polar system.

Fig. 26 illustrates two examples of computing histograms for two different
points on the same shape by centering the polar coordinate system on the points.

The bottom part of each sub-figure shows the extracted shape context features
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@ (b)

Figure 26: The polar system and shape context corresponding to two different

points.

where each colored rectangle corresponds to a bin in the polar system and darker
color represents a larger value. In our experiments, we use 3 circles and 8 quad-

rants to divide the overlapped text patch into 24 bins as shown in Fig. 26.

6.2 Aggregation Coarsening

In order to separate overlapped text, we propose a coarsening procedure by which
foreground pixels in the overlapped text are grouped to aggregations which have
coherent attributes and can be used as the basic element for training and classi-

fication.
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We assume an overlapped text image | is modeled by a graph ¢ = (v, %), where
each vertex corresponds to an aggregation which contains a set of foreground
pixels ? = {pi1,Pi2,- -, Pi,} from the image and edges £ connect vertices based on
4-neighbors lattice connectivity.

For each vertex 7;, we measure its coherence by calculating the variance &; of

its corresponding aggregation:

& = E(‘_’H — )2 (6.45)
=1

where m is the size of the aggregation which indicates the number of pixels in it,
Vi.j are the shape context features extracted from section 6.1 for pixel p; j in vertex

v; and | is the average of the features for this vertex:

3

Uj j (6.406)
1

1
H=7

Then the diversity between two adjacent vertices 7; and ¥ is measured by the

difference in their average values:
Nij =M — I (6.47)

By using variance § within a vertex and difference n;; between two adjacent
vertices, we define a criteria as presented in Equation 6.48 to determine whether

to merge two adjacent vertices to a new single vertex (aggregation) or not.

j = arg max Nixe o+ (6.48)
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where j € N(i) represents the neighbors of vertex %, ke N(i)\ j represents all neigh-
bors of the vertex ¥ but excludes vertex 7}, and 9| is the variance of the features
within the new merged vertex (7; merged with vj).

The underlying principle of Equation 6.48, as shown in Fig.27, is that a vertex
v is temporarily merged with its immediate neighbors individually to create a set
of candidate vertices {7} whose variances are {&;;}. Then, the vertex ’l}j whose
average feature value is close to 7}’s average feature value and minimizes the new
merged vertex 7/, ;’s variance is the optimal vertex which should be merged with

V.

‘6
N

Figure 27: Merge two neighbor nodes.

Based on this criterion, we can extract aggregations starting from a single
pixel to produce larger coherent coarsened regions. Fig. 28 shows the procedure

of coarsening. Initially, each aggregation for the vertex 7} contains only one pixel
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and all vertices 7 in graph ¢ are pushed in a queue Q. Prior to executing the
main loop of the coarsening procedure, the size m of all vertices is checked and
the first vertex whose size is smaller than a pre-defined threshold 1 is picked as
the working vertex. The working vertex 7; is merged with an optimal immediate
neighbor according to Equation 6.48 to produce a new vertex which is stored at
the end of queue Q and its neighbors are inherited from its two parent vertices.
The two merging vertices are removed from the queue Q and the neighbor system
for graph ¢ is also updated accordingly. The iteration of coarsening is stopped
when every vertex’s size is bigger than threshold Tt.

Fig. 29 shows an example of coarsening for an overlapped text image where
machine printed text is circled and touched by handwriting. Fig. 29(a) is the
original binarized overlapped text image. Fig. 29(b) shows the coarsening result
after first iteration when every pixel is coarsened with its neighbor at least once.
Fig. 29(c) shows the aggregations after the third round of iteration and Fig. 29(d)
is the final coarsening result. The aggregations are randomly colored in these

figures.

6.3 MRF Based Classification

6.3.1 Modeling Overlapped Text Using MRF

Markov Random Field model is reused in module II to separate handwritten text

from an overlapped text image. As shown in section 2.1, a key step in the usage of
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Figure 28: The coarsening procedure
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Figure 29: Example of coarsening procedure and aggregation

MREF is the definition of the random field x, the hidden configuration set Q and the
observations 9. Unlike the definition of an MRF for the entire document in section
4.5 where each vertex in the MRF corresponds to a text patch, the overlapped text
image is modeled as a random field whose nodes represent aggregations extracted
using the coarsening algorithm from section 6.2. To build the configuration set Q,
G-means clustering algorithm is used as a vector quantization (VQ) procedure to
separate the training set into several small clusters and the center of each cluster
is used to build a codebook to represent the configuration set Q. The observations
o for each vertex is obtained by normalizing each aggregation using a 16 x 16 grid.
The neighbor system for the MRF of module II is inherited from the coarsening
algorithm where the neighbors of each vertex are its direct connected vertices

based on the 4-neighbors lattice connectivity relation.
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6.3.2 Prior P(x) and Likelihood P(y|x)

Similar to module I which uses Belief Propagation (BP) algorithm to obtain the
optimal configuration x for MRF in section 4.5, our MRF based classification for
overlapped text also achieves the optimal configuration based on Equations 2.4
but re-defines the prior P(x|xj) and likelihood P(y;|x;).

The prior P(xj|x;) which is replaced by a similarity function W(x,X;) in our MRF

based overlapped text separation module is defined as:

"

Wh(X :c’,xj =c)

=1+ m{cx £(c,¢') + pethic <) } (6.49)

where c,c’ € Q are two configurations assigned to vertex 74 and ¥ respectively,
m is the size of vertex 7 which indicates the number of pixels contained in the
corresponding aggregation represented by the vertex #;. f(c,c') and dn(c,c’) are
two functions that count the pairwise occurrence frequency of configurations in
the training set (defined in Equation 6.50) and measure the distance between
two configurations (corresponding cluster centers) in the feature space (defined
in Equation 6.51) respectively. Parameters a and (3 control the strength of the
influence from these two terms on vertex 7.

The pairwise frequency is defined as:

&)= #{i e N(j)lg(yi) =c,g(y;) =¢'}

f(c,c #0eNG) (6.50)




CHAPTER 6. OVERLAPPED TEXT SEPARATION 89

where j runs over all vertices in the graph ¢, function g(y;) calculates the corre-
sponding center for vertex 7 given its observation y;. The numerator of Equation
6.50 represents the number of neighboring aggregations whose corresponding
centers are ¢ and ¢ in the training set, and the denominator represents the total
number of pairwise neighboring aggregations for the MRF model in the training
set.

The definition of distance between two configurations in the feature space is:

1T -1/2
dn(c,c) = {? Zl(c/(t) —c”(t))z} (6.51)
t=

where T is the dimension of features (normalized grid for aggregation) which is
256 in our experiment.

Equation 6.49 indicates that for two neighboring vertices 7; and 7}, two aggre-
gations which co-occur frequently in the training set and whose configurations
are close to each other in the feature space are encouraged by our criterion. The
size min this equation shows that a larger vertex has more influence on its neigh-
bors.

The likelihood P(y;|x) in Equation 2.4 is re-defined as a dependency function:

1

1+ do(ey) (6.52)

l'IJO(X| = C>yi) =

where c € Q is a configuration assigned to vertex ¥}, dy(C,yi) is an Euclidean dis-
tance function to measure the distance from an observation to a configuration
c for vertex 7;. This equation represents the probability of a configuration for a

vertex given its observation y;.
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The same belief propagation algorithm as described in section 2.1 is used again
for module II to get the optimal configuration x. The final classification result is
obtained by mapping the optimal configuration to two classes (machine printed
text and handwritten text) as their relationship is already known during the G-

means clustering procedure.

6.4 Experimental Results for Module II - Overlapped Text

Separation

To estimate the performance of MRF based classification algorithm for overlapped
text separation, we used the same morphology closing operation as module I to
collect a total of 331 overlapped patches (including crosses, edit marks and other
annotations within a single patch) from the HP Labs data set. The set of over-
lapped patches was randomly split into a training set of 204 patches and a test
set of 127 patches.

In the training phase, the coarsening method described in section 6.2 was
used to extract aggregations for training data followed by a vector quantization
procedure based on G-means clustering to construct the configuration set Q with
42 centers from machine printed text and 35 centers from handwritten text.

A similar coarsening procedure was applied on the test data samples to extract
aggregations for each vertex 7} to build the MRF to model the overlapped text

patch.
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Prior to MRF based classification, isolated characters were filtered out based
on an estimation of their size. The MRF classification described in section 6.3.2
was implemented to segment overlapped text patch into machine printed and
handwritten text.

We measured the performance of the MRF classification algorithm for module
IT using the recall metric. Recall for machine printed text is defined as the ratio
of the amount of pixels which are correctly classified as machine printed text
to all machine printed pixels in the test set. The same metric was applied to
handwritten text.

Fig. 30 shows the recall curves of machine printed text and handwritten text
during BP iteration of classification. The recall for handwritten text increased
11.57% and the overall recall increased 4.72% from the start of BP.

We compared the proposed MRF based segmentation algorithm with an artifi-
cial neural network classifier which was implemented using FANN. Table 6 shows
that our MRF based method achieved higher overall accuracy as well as higher
accuracy on handwritten text than FANN.

Fig. 31 shows sample segmentation results from module II. Red strokes repre-
sent handwriting and black strokes represent machine printed text. We see that
characters which touch the handwritten brackets or cross, such as character y in
(a), character e a n in b) and characters m and a in (c) are correctly classified as
machine printed. Fig. 31 (d) shows the overlapped patch which is shown in Fig.

29 is also correctly segmented. The broken machine printed text can be restored
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Figure 30: Recall curves during BP iteration

using the method reported in [16].
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The main reason for the misclassification of overlapped text in module II is

that although the coarsened aggregations have coherent attributes, their sizes are

determined by a predefined threshold 1 which causes them to not be strictly along

the edges of areas where the machine printed text and handwriting intersect.

Using a heuristic method to calculate an optimal threshold for each overlapped

text segment and applying a shape-driven coarsening algorithm to restrict the

growth of aggregates along certain directions should improve performance.



CHAPTER 6. OVERLAPPED TEXT SEPARATION 93

Th n, wi

does wear
fGCllli)D

(@) (b)

loads. Customers
vefits including:
iccomplished > June
(c) (d)
Figure 31: Examples with the labeled results for overlapped text from the system.

6.5 Conclusions

In this chapter, we present a novel aggregation procedure to obtain a basic el-

ement from overlapped text to separate machine printed text and handwriting.

Table 6: Performance of module II (separation of overlapped text into handwritten

and machine printed text) on HP data set (Recall)

ANN MREF (Proposed method)

Machine-printed | 96.53% 91.44%
Handwriting 61.20% 87.97%
Overall 84.54% 90.26%
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We use a MRF based model which inherits its neighbor system from the aggre-
gation algorithm for classification. Experiments show that our method is reliable
in segmenting overlapped handwriting from machine printed text. We propose to
investigate knowledge-driven aggregation and classification techniques to further

improve classification performance.



Chapter 7

Contributions and Conclusions

7.1 Summary

Preprocessing and text separation from mixed documents is one of the key and
most challenging tasks in the document analysis and retrieval areas, especially
for the situation where handwritten text is surrounded by machine printed text
or they are touched together. As most text separation approaches rely on the
binarized image, the pre-processing step, document image binarization also plays
an important role for the document processing and analysis. These two research
topics attract great interests from researchers.

In this dissertation, we have presented a system that has two main compo-
nents: document image binarization and text separation for annotated machine
printed document. We summarize the major design problems by listing their main

objectives and approaches as follows:

95
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e Document image binarization:

We focus our document binarization research on those images captured by
using hand-held devices, such as cell-phone camera, in in-door office envi-

ronments.

1. To overcome the uneven or bad illumination problem, and remove noise
from document images as well as keep the text stroke, two non-linear
transformation functions are proposed in this dissertation. The first
non-linear function defines an adaptive segment surface according to
the local information from each single pixels and the second non-linear
function maps the original image into a new domain based on the adap-

tive surface. Initial binarization is done on the mapped document image.

2. A MAP-MREF based framework is applied to relabel the initial binarized
document image where a novel edge potential features are proposed and
used. The method of graph cut is used to calculate the optimal labels

(configurations) for all the pixels.

e Text separation:

The proposed text separation algorithm aims to separate word level text to
machine printed text, handwritten text and noise or overlapped text initially

and separate the overlapped text further.

1. The entire document image is initially separated using a G-means based
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NNS (nearest neighbor search) classifier. The G-means based classifier
can also be considered as a vector quantization (VQ) procedure in the
framework of MRF.

2. A Markov random field based relabeling procedure is implemented to
relabel the initial separation result.

3. To overlapped text, extract shape context features for each single pixel
and merge them according to their properties. The merged aggregations
compose the basic elements for the module II of the proposed text sep-
aration system.

4. A G-means VQ procedure is carried out followed by a MRF based relabel

approach.

7.2 Major contributions

In this dissertation, various novel features, classifiers, and algorithms were pro-
posed and studied to provide reliable performance of binarization and text sepa-

ration.

1. In chapter 3, two non-linear transformation functions were proposed to pro-
vide an initial binarization result for uneven or bad illumination document

images which were captured by cheap hand-held cell-phone camera.

2. To relabel the initial binarization result, we proposed a new edge potential

feature which computes the probability of any single pixel be on the stroke
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and we used this feature in a novel energy function of MRF. Experimental
results show this feature along with the new designed MRF energy function

effectively removes the noises and preserves the stroke of the text.

3. In chapter 4, we proposed a novel Markov Random Field based framework
to classify three different kinds of text (machine printed text, handwritten
text and overlapped text/noises). A Gaussian-like function was defined to
measure the spatial distance between patches which is used to construct
the irregular neighbor system for MRF. Unlike other relabeling systems that
only consider the neighboring relationship in spatial space, our model used
distances from both feature space and spatial space to determine the simi-

larity of two neighbors.

4. In order to overcome the imbalanced data set problem for test separation,
and intend to replace G-means based initial classification in our framework,
we proposed a boost tree classifier which was inspired from Adaboost in
chapter 5. During the training phase of the tree-structured classifier, unlike
the traditional scheme of the decision tree which uses only a subset of all
training samples, we suggested to use all training samples with different

weight for each node of the tree.

5. In the module II of our text separation system, which is for the overlapped

text separation, a similar MRF framework as previous chapter 4 was used to
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further separate the overlapped text into machine printed text and handwrit-
ten text in chapter 6. In this chapter, we proposed a coarsening procedure
to extract the basic element for classification. A novel posterior probabil-
ity which considers the relationship of neighboring elements both in fea-
ture space and spatial space was designed. The experimental results show
that the proposed method significantly improves upon the accuracy of other

methods.

6. One merit of the proposed MRF framework is that it is easy to integrate
other classifiers which can provide a reliable distance measure in feature

space into our system as an initial classifier.

7.3 Future work

Our future research includes the integration of tree-structured classifier to over-
come the issue of imbalanced data sets, and development of shape-driven or

knowledge-driven coarsening algorithms for overlapped text separation.
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