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Chapter 7

ZONE CONTENT CLASSIFICATION AND ITS
PERFORMANCE EVALUATION

7.1 Introduction

A document is varied in content. It can contain text, math, figure zones, etc. Each
of these zones has its own characteristic features. For example, a math zone may
contain symbols like =, +, >, [, -, which a text zone may not contain. On the
other hand, figure zones may not contain any symbols or text. Captions and pure
text vary in font size and shape.

Every page contains numerous zones. Each zone is specified by a unique zone
identification number, a rectangular box which encloses the zone and is represented
by the coordinates of the leftmost-top and rightmost-bottom points, and the zone
type. This paper describes an algorithm for determination of the zone type given the
coordinates of the leftmost-top and rightmost-bottom points of the zones, and the
document image.

A complete document image understanding system can transform paper docu-
ments into a hierarchical representation of their structure and content. The trans-
formed document representation enables document interchange, editing, browsing,
indexing, filing and retrieval. The zone classification technique plays the key role
in the success of such a document understanding system. Not only is it useful for
successive applications such as OCR, table understanding, etc, but it can be used to
assist and validate document segmentation.

In the design of a zone classifier, a set of measurements are first done and some
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properties of the zone are calculated along the horizontal, vertical, right-diagonal
and left-diagonal directions of the zone. Some other features are designed to capture
the background and context information. A feature vector that consists of all these
properties as fields is formed for each zone. Statistical pattern recognition is used to
classify each zone on the basis of its feature vector([30, 13, 14]). We employ a decision
tree classifier for the classification. Several methods are used to optimize the decision
tree classifier by eliminating the data over-fitting problem. To enrich our model, we
incorporated the context constraints to classification for some zones. For some zone
set, we modeled their zone class context constraint as a Hidden Markov Model and
used Viterbi algorithm [82] to get optimal classification results.

We specify a performance evaluation protocol for zone content classification ex-
periments. The performance of the classifier is calculated from a contingency table
indicating the number of zones in the document image data base that are identified
in the ground truth as class 7 and assigned by the decision rule to a different class j.

In our zone content classification experiment, the zones are zone groundtruth enti-
ties from UWCDROM III document image database [76]. It includes 1,600 scientific
and technical document images with a total of 24, 177 zones. The zone classes we con-
sider are text with font size < 18pt, text with font size > 19pt, math, table, halftone,
map/drawing, ruling, logo, and others. Our algorithm accuracy rate is 98.45% and
the mean false alarm rate is 0.50%.

The rest of this chapter is divided into 7 parts. In Section 7.2, the literature
review is given. In Section 7.3, a formal zone content classification problem statement
is presented. In Section 7.4, we give a detailed description of the feature vector we
design. In Section 7.5, we present a feature set after feature reduction. In Section 7.6,
the decision tree classifier and our methods to eliminate data over-fitting are described.
Section 7.7 describes how we incorporated content constraint to improve classification
results using HMM model. The performance evaluation protocol and experimental

results are reported in Section 7.8. Our conclusion and statement of future work are
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discussed in Section 7.9.

7.2 Literature Review

The problems of segmenting document pages into homogeneous regions and assigning
functional labels to each region are of importance in automatic document under-
standing systems [29, 71]. The construction of a document hierarchy, given an input
document, consists of two major steps. The first step is the correct detection and
partitioning of entities within the hierarchy, and the second step is the correct classi-
fication of those detected entities [61]. The zone content classification technique plays
the key role in the second step, logical page structure analysis.

By the condition of whether the method considers segmentation, the algorithms
can be classified into two major categories: 1) independent of segmentation; 2) includ-
ing segmentation. The methods belong to the first category concentrate on extracted
regions. The methods in the second category usually employ a bottom-up [61] docu-
ment segmentation method first and first classify the segmented regions in the second
phase. Our algorithm falls into the first category.

By the strategies or methods in which algorithms are used in the zone content
classification, the algorithms can be classified into two major categories: 1) rule-
based /grammar-driven and 2) statistical-based (either parametric and non paramet-
ric.). The rule-based/grammar-driven algorithms use a set of ad hoc rules or pre-
defined syntax rules of the grammars to derive decisions. The ad hoc rules or the syn-
tax of the grammar are fixed and empirically determined. As for the statistical-based
algorithms, the required free parameters that are used in the process are obtained via
off-line training processes. The estimated parameters are used in the decisions which
govern the decision making.

In the literature, some papers present algorithms for document page classifica-

tion [20, 19, 11]. The goal of their work is to classify the whole page into different
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classes, such as “title page”, “index”, “regular page”, etc. [11]. Although they use
the similar technique as our approach, our work focus on the functional labeling of
segmented regions. So the discussion of page classification is out of the scope of this
paper.

It is also interesting to note many logical page structure analyses are task oriented.
For example, table understanding algorithms are aimed at extracting table regions
from non-table regions and the systems to facilitate OCR are only designed to sep-
arate text from nontext. They are attacking partial of zone content classification
problems. Therefore the methods they employ are similar with ours and their results
are comparable with ours. The following are a handful of selected algorithms within
the above defined categories.

Sivaramakrishnan et al. [86] extracted features for each zone such as run length
mean and variance, spatial mean and variance, fraction of the total number of black
pixels in the zone, and the zone width ratio for each zone. The decision tree classifier
was used to assign a zone class to one of nine classes on the basis of its feature vector.
The experiments were conducted on 979 scientific document pages with a total of
13,726 zones drawn from UW-I database[77]. The accuracy rate was 96.67% and
mean false alarm rate was 1.15%.

Fan et al. [21] presented a document block classification algorithm using density
feature and connectivity histogram. The attribute of each segmented block is divided
into three classes: text, graphics, and image. First, they utilized the density feature to
determine whether the considered block is a text or non-text block. If the considered
block is classified as a non-text block, the connectivity histogram is employed to
further classify it into graphics or image block. They conducted their experiments on
30 English and Chinese documents. Their average classification accuracy was 94%.

Liang et al. [56] developed a feature based zone classifier using only the knowledge
of the widths and the heights of the connected components within a given zone. A

binary decision tree is used to assign a zone class on the basis of its feature vector.
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The training and testing data sets for the algorithms are 979 scientific document pages
with a total of 13,726 zones drawn from UW-I database[77]. The classifier is able to
classify each given scientific and technical document zone into one of the eight classes.
The classifier is able to discriminate text from non-text with an accuracy greater than
97%.

Chetverikov et al. [17] studied zone content classification using their general tool
for texture analysis. Document blocks are labeled as text or non-text using texture
features derived from a feature based interaction map (FBIM). They also tested their
algorithm on UW-I database[77]. Different classification procedures were considered.
The performance ranges from 96% to 98% using 6 FBIM texture features only.

Jain et al. [40] developed a bottom-up method to partition a page into columns
of text, drawings, images, table regions, and rulers. Following the application of a
hierarchical Hough transform to connected components, the estimated skew is ac-
commodated by introducing generalized text lines. Foreground pixels are grouped
into rectangular blocks with adjacent same-length horizontal runs preserved as nodes
in a Block Adjacent Graph(BAG). The BAG nodes are successively grouped into
connected components, text lines, and region blocks. The segmented regions are clas-
sified into text, image, table and drawing classes using empirical rules and thresholds.
Selected results from performance tests on 150 varied page images are illustrated.

Le et al. [53] proposed an automated labeling of zones from scanned images with
labels such as titles, authors, affiliations and abstracts. The labeling is based on
features calculated from optical character recognition(OCR) output, neural network
models, machine learning methods, and a set of rules that is derived from an analysis
of the page layout for each journal and from generic typesetting knowledge for English
text.

Lee et al. [54] present a knowledge-based method for sophisticated geometric struc-
ture analysis of technical journal pages. The knowledge base encodes geometric char-

acteristics that are not only common in technical journals but also publication-specific
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in the form of rules. It takes the hybrid of top-down and bottom-up techniques and
consists of two phases: region segmentation and identification. They used sets of rules
to do region identification. The resulting regions classes include text line, equation,
1mage, drawing, table, and ruler. Their experimental results with 372 images scanned
from the IEEE Transactions on Pattern Analysis and Machine Intelligence show that
the method has performed geometric structure analysis successfully on more than
99% of the test images.

Jain et al. [39] present a hierarchical approach for extracting homogeneous regions
from on-line handwritten documents. Their algorithm identifies and processes ruled
and unruled tables, text and drawings. The on-line document is first segmented into
regions with only text strokes and regions with both text and non-text strokes. The
text region is further classified as unruled table or plain text. Stroke clustering is used
to segment the non-text regions. Each non-text segment is then classified as drawing,
ruled table and underlined keyword using stroke properties. Their experimental data
was collected from 123 different people without any restriction on the style or content
of data. About 99.9% of the text strokes were correctly classified. A classification
accuracy of 85.0% was achieved on a data set containing 105 unruled tables and 35
text regions.

In their newspaper segmentation work [67], Mitchell et al. use a bottom-up ap-
proach to segment the image into patterns. Then each pattern is classified into one
of seven types, namely, text, title, inverse text, photo, graphic/drawing, vertical line,
and horizontal line. The patterns are classified using a series of rules based on the pat-
tern size, shape, black pixel numbers and run-length characteristics. They submitted
their results to the First International Newspaper Segmentation Contest [22].

Harit et al. [31] present a model based document image segmentation scheme that
uses XML _DTDs (eXtensible Mark-up Language- Document Type Definition). Given
a document image, the algorithm has the ability to select the appropriate model. A

wavelet based tool has been designed for distinguishing text from non-text regions
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and characterization of font sizes. The model based analysis scheme makes use of the
wavelet tool for identifying the logical components of a document image. Overall,
they get about 90% correct segmentation and identification results for documents of

different language.

7.3 Problem Statement

Let A be a set of zone entities in a given document page. Let £ be a set of content
labels, such as text, table, math, etc. The function f : A — L associates each element
of A with a label. The function V' : A — A specifies measurements made on each
element of A, where A is the measurement space.

The zone content classification problem can be formulated as follows: Given a
zone set A and a content label set L, find a classification function f : A — L, that
has the mazimum probability:

P(f(A)V(A)) (7.1)
Let 8; and S, be two exclusive and exhaustive subsets of A. We assume the labels
of a zone in set S; contributes no information relative to the label of another zone in
set S; and measurements of a zone in set S; contribute no information relative to the
label of any zone in set S;. We have

P(f(AIV(A) = [] P(£(S)IV(A))

i=1.2 i=1,2

I
)
Pug
2
=
2
=3
2

We have two similar conditions as follows:

1. Conditioned on all the measurements, the label of a zone contributes no infor-

mation relative to the label of another zone;

2. Measurements of a zone contribute no information relative to the label of an-

other zone.
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We assume conditions 1,2 are true for set §; and only condition 2 holds for set

S>. We also assume the elements of set Sy are {Z1, Zs, ..., Z,}, where s is the zone

number in S;. We can have P(f(S1)|V(S1)) = [I P(f(a)|V(a)) and
€Sy

P(f(852)[V(S2)) =
P(f(Z:)IV(Z), f(Zsma), -5 F(20))P(F(Ze) IV (Zamr), f(Za2)s - -5 F(21))
2V ()
The problem in Equation 7.2 can be solved by maximizing each individual probability
for S; and Ss.

In our zone content classification experiment, the elements in set 4 are zone
groundtruth entities from UWCDROM III document image database [76]. The el-
ements of set £ are text with font size < 18pt, text with font size > 19pt, math,
table, halftone, map/drawing, ruling, logo, and others. The examples of each class
are shown in Figure 7.1. V(7) is a feature vector generated for 7, where 7 € A.
Elements of set §; are zones in the live-matter part and elements of set S, are zones
in the header and footer parts in a given page. We used a decision tree classifier to
compute each individual probability in set §; and use a Hidden Markov Model to

model the dependency in set Ss.

7.4 Features for Zone Content Classification

Every zone in the document is considered to be rectangular. Properties of each zone
are used by the classifier for the process of classification. For a given zone, we designed
several groups of features such as run length features, spatial features, autocorrelation
features, background features, text glyph feature etc. with a total of 69 features.

In each zone the black pixels are assumed to be foreground pixels and the white
pixels are assumed to be background pixels. For each zone, run length and spatial
features are computed for each line along four different canonical directions: hori-

zontal, vertical, left-diagonal, and right-diagonal. These four directions are shown in
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Figure 7.1: Illustrates examples of nine zone content classes.(a) Text 1 class; (b)Text
2 class; (c¢) Math class; (d) Table class; (e) Halftone class; (f) Map/drawing class; (g)
Ruling class; (h) Logo class; (i) Others class.
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Figure 7.2. In the notations, we use subscript h, v, [ and r to represent four direc-
tions. When discriminating foreground and background features is necessary, we use
superscript 0 and 1 to represent foreground and background features, respectively.

For example, rlmean) represents background run length mean feature computed in

Figure 7.2: Tllustrates the four directions in which we compute run length and spatial
features.(a) horizontal; (b) vertical; (c) left-diagonal; (d) right-diagonal.

horizontal direction.

(a (b)

In the following, we describe each feature in detail.

7.4.1 Run Length Features

A run length is a list of contiguous foreground or background pixels in a given direc-
tion. Our run length features include foreground/background run length mean and

variance in each of the four directions.

1. We denote the 8 sets including all the foreground and background run lengths
on the four directions in a given zone as RL), RLY, RL), RLY, RL;, RLL,
RL; and RL!. The first group of run length features are total foreground
and background run length number on the four directions in a given zone, i.e.
IRLY|, IRLY|, |RLY|, IRLL|, |RLE|, IRLL|, |RL]| and |RL}|. Together we have

8 features.

2. Foreground and background run length mean features on four directions in a
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given zone. Denote them as
0 0 0 0 1 1 1 1
rlmeany, rlmean,, rlmean; , rlmean,., rlmean;,, rlmean,,, rlmean; , rlmean,..

0_ 1 .
e rlmean; = RLT] >oreree T

0 _

1 :
e rlmean, = > rieree Th

0_ _1 )
e rlmean; = RET] ZHERE? rl;

0 _—

1 .
e rlmean, = RLY| ZTZERL:? rl;

1_ 1 .
e rlmean; = L] > rerey Tl
1_ 1 .
e rlmean, = mm > oriereo Th

1 _1 .
e rlmean; = TRLY| > iereo Tl

1_ 1
o rlmean; = TRL7] ZrleRLE rl.

Foreground and background run length variance features on the four directions

in a given zone. Denote them as
0 0 0 0 1 1 1 1
rlvary, rlvar,, rlvar; , rlvar,, rlvary, rlvar,, rlvar; , rlvar,.

They can be obtained by calculating the mean of the squares of all the run
lengths in the zone and subtracting them by the square of the run length mean.

Specifically, they can be computed by the equations below.

2
ETIER[,?L rl

e rlvar) = Rz (rlmean?)?;
o rlvar) = Er%ﬁfﬁﬂz — (rlmean?)?;
e rlvar) = Er%ﬁﬂz — (rlmean?)?;
o rlvar) = Eri%ﬁ)jm — (rlmean?)?;

2
Enena}l rl

e rlvary = —ma (rlmean; )?;
h

?
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2
rl
zrlenc},

o rlvarl = RO~ (rlmeanl)?;
v
z 1 T‘lz
e rlvar! = % — (rlmeant)%;
T
oierct P
e rlvar; = ——=—— — (rlmean;])*.

IRL

7.4.2 Spatial Features

Spatial features are designed to capture the foreground pixel distribution information.
We denote the foreground pixel set in a given zone as F. Spatial mean, u, and spatial
variance, §, can be defined as
1 1 ,
HZWZ% 52@2(%—@
pEF pPEF

where w, is a weight assigned to each 1-pixel. Since we defined four different line
directions, we can have four different definitions for w,. Hence, we get 8 spatial
features including spatial mean and variance on four directions.

As shown in Figure 7.2, we have four different directions to compute run length.
In each direction, we start computation from a point on a zone border and continue at
a given direction until we hit another zone border again. We call such a computation
route as a pass. For every pass the sum of run lengths in the foreground gives the
pass projection. Given one direction, each foreground pixel belongs and only belongs
to one pass. We let the foreground pixel in the same pass have the same weights so
we have four different weight definitions according to each direction. As shown in
Figure 7.3, we denote the starting and ending pixel coordinates of a pass as (z1,%1)
and (za, ya), respectively.

The weights for horizontal, vertical, left-diagonal, and right-diagonal directions

are denoted as wy, w,, w;, w,. Their definitions are shown in the below equations.

Wy = Y1 Wy = 21 w =21+ % Wy = Yo — T2
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(xLy1) (xLy1) (x2y2)
(xLy1)
(x2,y2)
(x2y2) wayN
(a (b) (0 (d)

Figure 7.3: Illustrates the coordinates of starting and ending points for different
passes. (a) horizontal pass; (b) vertical pass; (c) left-diagonal pass; (d) right-diagonal
pass.

Denote the set of passes in four directions as Ly, £,, £; and £,.. For a pass, say,
ln, we denote its pass projection on it as projp,;. In our algorithm, we compute spatial

means and spatial variances as follows.
o spmeany = |T1| Z,eﬁh Wp X Proju;
& spmean, = ﬁ Zleﬁv Wy X Projy i
® spmean; = ﬁ Zlez:, wy X proju;
® spmean, = ﬁ Zlech W X Projn;
e spvary, = ﬁ Yier, [projng x (wi — spmeany,)?;
e spvar, = ﬁ Zleﬁv [projy1 x (w; — spmean,,)?J;
e spvar; = |17| Zleﬁl [pTOjl,l X (wl - spmeanl)z];

o spuar, = 15 Yep [proje x (wi — spmean.)?);
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7.4.3 Autocorrelation Features

Fourier transform has wide range of applications in image processing problems. Con-
volution and correlation are of fundamental importance to an understanding of image
processing techniques based on Fourier transform [23]. We design 32 features com-
puted by the autocorrelation functions of some sequence. Specifically, we define pass
projection, number of foreground runs, spatial mean and run length mean functions
on each given pass. For the whole zone, we get a sequence of these function values.
Then we compute autocorrelation of these sequences and used some statistics as our
autocorrelation features.

In the following, we describe the four functions first and follow a brief introduction
of correlation computation using Fourier transform. Then we define the total 32

autocorrelation features we used in our experiments.

1. Denote the set of run length in a horizontal pass, [, as RL;;. Similarly we
can define RL,;, RL;;, RL,; for other three direction passes. Among the
four functions, the pass projection function has been defined earlier. They are
denoted by projni, proj,., proji; and proj,;. The function of the number of
foreground runs on each pass are straightforward. The function of run length

spatial mean on each pass can be defined as follows.

rimeany; = PTOIh L , rlmean, ; = PTOJw ) ,
" RL| " RL,

rlmean;; = Projil , rlmean,; = PrOTr .
T RLy| T RL

To define the spatial mean function for a line, we need define pos and leng
functions for a given run length. In Figure 7.4, we show the starting and ending

coordinates of run lengths in different directions. For the run length shown in
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Figure 7.4, the definition of pos and leng functions are

POSpp1 = Th s, lengh i = The — Thys
DPOSyrl = Yh,s, lengv,rl = Yn,e — Ynh,s
(7.4)
DPOSyrl = Tp s, lengr,rl = Tre — Trs
oS = 2y s, lengl,rl =Tye— Tys
(XhsYhs) (Xhe, Yhe) I(x\/avvs) QstrS) /(Xle, Yle
*—o
(XVe, YVe) (Xl'e, Yre) (XlSYlS)
(a) (b) (c) (d)

Figure 7.4: Illustrates the coordinates of starting and ending points for different run
length. (a) horizontal run length; (b) vertical run length; (c) left-diagonal run length;
(d) right-diagonal run length.

The spatial mean function for each line can be defined as follows.

1 1 ;
spmeany; = —( Z POSp 1 X lengp .1 + 5( Z (lengh,,,l)z — Projnat))
PTojhr rIERLR, rl€RL,
1 1 ;
spmean, ; = — ( Z POSy 1 X leng, 1 + 5( Z (lengut)” = projusi))
Projy ri rIER Ly | rl€ERL,
1 1 ;
spmean,; = — Z pos, ;1 X leng, .1 + 5( Z (lengml)z — Projrs))
brojr i rIERL, rlERL,
1 1 :
spmean;; = - Z POSyp; X lengl,rl + 5( Z (lengl,Tl)Q - P”'OJl,rl))
projiri rERLy, rl€ERL;

2. After we compute one function on each pass, we can get a sequence of values,
indexed by the pass number. For example, for spatial mean function, we can
get four sequences, spmeany i, k =0, ..., |Lp| — 1; spmean, i, k =0, ..., |L,| — 1;
spmean, i, k = 0,...,|L,| — 1; spmeanyy, k = 0,...,|£;| — 1. Similarly we can

get all the sequences for the other three functions.
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We define autocorrelation function on any sequence g;, j =0,...,N — 1 as

N-1
Autcor(g,9); = Y gi+kG
k=0

We can use this equation to compute the autocorrelation functions of the func-

tions defined earlier.

The discrete correlation theorem says that this discrete correlation of one real

function g is one member of the discrete Fourier transform pair [73]
Autcor(yg,g); & GG,

where Gy, is the discrete Fourier transform of g; and the asterisk denotes complex

conjugation.

Based on this theorem, we can compute autocorrelations using the FFT as
follows: FFT the data set, multiply the transform by the complex conjugate of
itself, and inverse transform the product [81]. The result, say, ry, will formally
be a complex vector of length N. However, it will turn out to have all its
imaginary parts zero since the original data set was real. The components of
ri are the values of the correlation at different lags, with positive and negative
lags stored in the wrap-around order: The correlation at zero lag is in 7(, the
first component; the correlation at lag 1 is in 7, the second component; the

correlation at lag —1 is in ry_1, the last component; etc.

. Using FFT, we can get a sequence of autocorrelation function values. The
index for which the autocorrelation function goes to 10% of its maximum value
is calculated. Another feature of interest is the slope of the tangent to the
autocorrelation function values whose indexes are close 0. We used the general

linear least squares method [81] to compute the slope of the points near 7.

We define 16 functions and take 2 statistics for each function. Totally autocor-

relation group contributes 32 features to the feature set.
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7.4.4 Background Features

Not only are foreground features important for zone content classification, but back-
ground features give us more information to study a given zone. We have considered
the background run length in run length feature set discussion. In this section, we
introduce two more background oriented features.

The first feature is straightforward: a fraction of the number of black pixels to the

total number of pixels in the zone, br,

_ # of background pixel

b
" # of total pixel

The second feature is defined using our background analysis based technique.
Their definitions can be found at Section 3.4.

The background feature is: The total area of large horizontal and large vertical

blank blocks, A,
A= Z Area(R),

ReB
where B={R|R=HR or VR,HR C Z and VR C Z}.

Figure 7.5 shows two examples with large horizontal and vertical blank blocks.

7.4.5 Text Glyph Feature

Most of zones have some text glyphs. The information that how many text glyphs a
given zone has is also an useful feature. The number of text glyphs in this zone, W,

normalized by the zone area is the text glyph feature.

W
Area(2)

The so-called text glyphs are not from any OCR output. They are outputs of
a statistical glyph filter. The inputs of this filter are the glyphs after finding con-

nected component operation. The statistical glyph filter classifies each connected
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component into one of two classes: text glyph and non-text glyph. The filter uses
a statistical method to classify glyphs and was extensively trained on UWCDROM
ITI document image database. Figure 7.5 illustrates two zone examples showing the

overlayed bounding boxes text glyphs.

7.4.6 Area Feature

The area covered by the zone, Area(Z), is calculated by multiplying the length of
the zone with its width. The length and width of a zone can be obtained from the

coordinates of the zone.

Area(Z)=R x C

7.4.7 Column Width Ratio Feature

It is a common observation that math zones and figure zones have a smaller width
compared to text zones. For every zone, the quotient of the the zone width and the

width of its column is calculated.

C
Widthcolumn

where Width opumn 18 the width of the text column in which the zone is.

7.5 Feature Reduction Study

In the early stage of our research, we used as many features as possible. After we ob-
tained more understanding about the zone content classification problem, we studied
how to reduce the number of features and still retain the original accuracy. We were
able to reduce the feature vector size from 69 to 25 and get comparable results.
After feature reduction, for each zone, run length and spatial features are com-
puted for each line along two different canonical directions: horizontal, diagonal.

These two directions are shown in Figure 7.6. In the notations, we use subscript A
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Figure 7.5: Illustrates the example bounding boxes of large horizontal blank blocks,
large vertical blank blocks, and text glyphs. The so-called text glyphs are labeled by
a statistical glyph filter. (a) a table zone example; (b) a map/drawing zone example.
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and d to represent two directions. We list below the reduced set of 25 features. Their

Figure 7.6: Illustrates the two directions in which we compute run length and spatial
features.(a) horizontal; (b) diagonal.

full definitions can be found in Section 7.4.

(a)

e Run Length Features. A total of 10 run length features are used, they include
foreground /background run length mean and variance in each of the two direc-

tions.

Let RL; and RL} denote the foreground run length sets on the two directions.

|RL}|, and |RLY| constitute the first 2 features.



e Spatial Features
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rlmean)) = ﬁ Z rl

| h| T‘lERL%
1
rlmeangz — Z rl
|R£d| 0
IERL

1
rlmeany = W Z

" rierec)
1 1
rimean,; = R0 Z
| d| rlERLY
Z 0 Tl2
rlvar) = % — (rlmeany)?
[RL|
Z 0 rl?
rlvar) = % — (rlmean))?
Z 1 rl?
rlvar; = % — (rlmean;)?
[RLA]
Z 1 rl?
rlvary = % — (rlmean})?
IRL|
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lE[,h

spmeang = |}_| Z Wq X Projq;

leLy
spvary = | | Z [projn; x (w; — spmeany)?]
lELy
spvary = | | Z[progdl X (wq — spmeang)?]
leﬁd

e Autocorrelation Features For each run segment, we define four functions: run

segment project, number of foreground run lengths, run length mean and spatial
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mean. We get 8 features by computing their autocorrelation functions using

Fourier transform.

The run segment projection functions have been defined earlier. They are projy;

and projq;. The other functions are

rilmeany | = Projn
h,l - |R£

h,l|

] _ proja;

rimeang; = |R,C |

d|l

POShp 1 = Ths
lengnri = The — Ths
POSdyrl = Td,s

lengcl,rl =Tde — Td,s

1
spmeany,; = —( Z Posp 1 X lengy .+
PTOJhrl rIERLy 1
1 .
5( Z (lengh,rl)2 - pm]h,rl))
'I‘lEREhYI
1
spmean,; = —( Z Posgr X lengq i+
projdr rl€RL4,
1 .
5( Z (lengd,rl)2 - PT‘OJd,rl))
rl€ERLy;

After we compute one function on each run segment, we get a sequence of values,
indexed by the run segment number. Using the Fast Fourier Transform [81], we
can get the autocorrelation functions value for every function. Each feature is
the slope of the tangent to the autocorrelation function values whose indexes

are close to 0.

e Background Features. The background feature is: The total area of large hori-
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zontal and large vertical blank blocks, A,
A= Z Area(R),
ReB

where B={R|R=HR or VR, HR C Z and VR C Z}.

e Text Glyph Feature.
w

Area(Z2)

where W is the number of text glyphs in this zone.

o Column Width Ratio Feature.

__ ¢
Widthcolumn

where Width opums 18 the width of the text column in which the zone is.

7.6 Decision Tree Classifier

7.6.1 Classification Process

A decision tree classifier makes the assignment through a hierarchical decision pro-
cedure. The classification process can be described by means of a tree, in which at
least one terminal node is associated with each class and nonterminal nodes represent
various collections of mixed classes [30].

For the construction of a decision tree, we need a training set of feature vectors
with true class labels. Let U = {u; : k = 1,--- , N} be the unit-training set to be
used to design a binary tree classifier. Each unit u; has an associated measurement
X, with known true class. At any non-terminal node, let 2™ be the set of M™ classes
still possible for a unit at node n. Let U™ = {u} : k = 1,--- , N"} be the subset of
N™ training units associated with node n. If the number of units for class ¢ in node

n is denoted by N, we must have N" = Zi\/z NZ.
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Now we describe how the decision rule works at node n. Consider unit uj; which

has measurement vector z}. If the discriminant function f(z}) is less than or equal to
n - . n D . n

a threshold, then uj is assigned to class {Jj, ;;, otherwise it is assigned to class 7, ;-

An assignment to 2., means that a unit descends to the left child node and an

n

right can be understood in a similar way. Given a discriminant function

assignment to {2
f, the units in U™ are sorted in such a way that f(z}) < f(z},,) fork=1,..- ,N"—1.
Let wj, be the true classes associated with the measurement vectors z};. Then a set

of candidate thresholds 7™ for the decision rules is defined by

o (LB S |y ) 79)

For each threshold value, unit u} is classified by using the decision rule specified
above. We count the number of samples nf, assigned to Q. whose true class is ¢
and we count the number of samples n%, assigned to Q7 ,, whose true class is c, that
is,

nh, = #{uf|f(e}) <t and wf =c}

nh = #{uf|f(e}) >t and wf =c)

Let n% be the total number of samples assigned to . s, and n% be the total number

n
right)’

M M"
t _ t t t
ny = E ny, and np = E Npe
c=1 c=1

We define the purity PR! of the assignment made by node n to be

of samples assigned to {2 that is,

Mn
nt

nt
PR! = Z (nic log nj;“c + nky, log nf”) (7.10)
L R

c=1

The discriminant threshold ¢ is chosen such that it maximizes the purity value PR! .
The purity is such that it gives a maximum value when the training samples are

completely separable. The expansion of the tree is stopped if the decision rules used
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at the nodes cannot be applied to smaller training sets or if the number of feature
vectors goes smaller than a predetermined value.

In the simplest form of a linear decision rule (f is linear), one of the components of
the measurement vector is taken and a set of candidate thresholds, 7T°, are calculated
for that component. The one that gives the maximum purity is chosen. This process
is repeated for all the components in the measurement vector. From the thresholds
computed for all the components in the measurement vector, the one that yields
maximum purity is chosen.

When a feature vector is input to a decision tree, a decision is made at every non-
terminal node as to what path the feature vector will take. This process is continued
until the feature vector reaches a terminal node of the tree, where a class is assigned

to it.

7.6.2  Eliminating Data Over-fitting in Decision Tree Classifier

In building a decision tree classifier, there is a risk of memorizing the training data, in
the sense that nodes near the bottom of the tree represent the noise in the sample. As
mentioned in [8], some methods were employed to make better class probability, such
as building multiple trees and use the benefits of averaging, approximate significance
tests, etc. We used two simple methods to reduce the data over-fitting in the trained
decision tree.

In Figure 7.7, there is a node with its two child nodes. N,, N, are the number of
class A vectors and class B vectors which arrive at this node. Similarly, N, and Ny,
N, and Ny are the number of class A vectors and class B vectors which arrive at its
left child node and its right node, respectively. We can compute two different error

probabilities associated with this node.

e [nherent Error Rate. It is the error probability of setting this node as a leaf
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node,
min(Ng, Np)
N, + N, '

e FEffective error rate. It is the error probability of expanding this node with two
children nodes,

min(Nala Nbl) + min(NaZ) NbQ)

Na+Nb

Figure 7.7: Illustrates a decision tree node with its child nodes

The probability ratio is

min(Na1, Np1) + min(Naz, Ni2)
min(N,, Np)

€; =

The condition is that if e; > 6, where 6 is a given threshold, we will make this
node as a leaf node, otherwise, we keep its two child nodes.

Another constraint condition is that we will stop expanding this node if the prob-
ability of an arbitrary separation of vector numbers is less than a threshold. The
probability can be computed as

OOy Oy’

€2 = Na1+Ny: — CNa2+Nb2
No.+N, No.+N,

where Cﬁ;l is the combination number of the elements of N, taken N,; at a time. If
eg < 6, where ¢ is a given threshold, we will stop expanding this node and make it as

a leaf node.
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7.7 Finding the Optimal Sequence in S; by HMM

To further improve the zone classification result, we want to make use of context
constraint in some zone set, S;. We model context constraint as a Markov Chain.
Let s be element number in Sy. Let Z = (Z1, Za, ..., Z,), where Z; € Sa,t = 1,...,s,

be a zone sequence. We have

P(f(Z)|V(Z4), f(Z1-1), -, F(Z1)) = P(f(2e)|V(Zy), f(Zi-1)) (7.11)

Therefore, the zone content classification probability is modeled as a hidden Markov

model as shown in Figure 7.8.

Ctey o= = — i@y O

STz — ey

Figure 7.8: Illustrates defined hidden Markov model.

Because of the biased data, we applied HMM on header and footer regions instead
of the whole page. Of a total of 24,177 zones, there are 21,512 text 1 class zones.
The zone numbers of table class, halftone class and map/drawing class are 215, 388
and 710, respectively. Most table, halftone and map/drawing zones are followed
by a text zones. When we apply HMM on the whole page, it tends to recognize
table zones as map/drawing zones since in the HMM training data set the number
of map/drawing zones is far larger than that of table zones. In the header/footer
regions, there are only text 1 class zones, text 2 class zones, rule class zones and
others class zones. HMM solution gives us about 0.48% improvement in 2,274 zones
of header and footer regions. Although the improvement is very limited, we claim

HMM would give us more improvement if the data were less biased.
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We can use Viterbi algorithm( [82]) to find the most likely state sequence Z*,

which can be used as the optimal solution to Equation 7.11.

Algorithm 7.1 Viterbi algorithm

1. Initialization:

61(1) = mbi(01),1<i<N (7.12)
(i) = o. (7.13)
2. Recursion:
5(7) = 1121‘a<a](v[5t_1(i)ai]-]bj(Ot),2 <t<T,1<j<N (7.14)
Pi(j) = arg 1121%}](\7[5t_1(i)ai]-],2 <t<T,1<j7<N. (7.15)
3. Termination:
pro= max [or(i)]
g = arg 1122}](\][%(@')]. (7.16)

4. Path (label sequence) backtracking:

G =Y41(gyq),t =T7-1,T—-2,--- L. (7.17)

To apply Viterbi algorithm([82]), we have to know the probability that each zone
belongs to each class. This probability is readily estimated from the training data
set by decision tree structure. Suppose example z falls to leaf [ in the tree structure
T. We have (' mutually exclusive and exhaustive classes, di,...,d¢. A vector ¢; is
associated with the leaf node [. Its elements are the proportion of the number of class
d; training samples over the number of total training samples falling to leaf [. We can

compute probability that x belongs to each class by

P(C = d]|CC,T) = (]51,]',]' = 1, ,C



123

7.8 Experiments and Results

7.8.1 Performance Evaluation Protocol

A hold-out method is used for the error estimation in our experiment. We divided
the data set into 9 parts. We trained the decision tree on the first 4 parts, pruned the
tree using another 4 parts. and then tested on the last 1 part. To train the Markov
model, we trained on the first 8 parts and tested it on the last 1 part. Continue this
procedure, each time omitting one part from the training data and then testing on
the omitted part. Then the combined 9 part results are put together to estimate the
total error rate [30].

The output of the decision tree is compared with the zone labels from the ground
truth in order to evaluate the performance of the algorithm. A contingency table is
computed to indicate the number of zones of a particular class label that are identified
as members of one of nine classes. The rows of the contingency table represent the true
classes and the columns represent the assigned classes. The cell at row r and column

¢ is the number of zones whose true class is r while its assigned class is ¢. We also

Table 7.1: Possible true- and detected-state combination for two classes

True Assigned Class
Class a b

a Pua Py

b Prq Py

compute four rates here: Correct Recognition Rate(CR), Mis-recognition Rate(MR),
False Alarm Rate(FR), Accuracy Rate(AR). Suppose we only have two classes: a and

b. The possible true- and detected-state combination is shown in Table 7.1. We
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compute four rates for class a as follows:

-Paa Pab
CR= ——— MR=—""—"—
Paa+Pab’ Paa+Pab
P, P, P
FR:$, AR — aa 1 L'bb
Py + Py, Poo + Pup + Pop + P

Using this performance evaluation protocol, we did extensive experiments with dif-
ferent conditions. In our experiment, the training and testing data set was drawn
from the scientific document pages in the University of Washington document image
database III [76]. It has 1,600 scientific and technical document pages with a total of
24,177 zones. The class labels for each of the zones are obtained from the database.
The header and footer parts are obtained from the database while they are readily au-
tomatically segmented. These zones belonged to nine different classes. 2 text classes
of font size 4 — 18pt and font size 19 — 32pt), math, table, halftone, map/drawing,

ruling, logo and others. Below are the results of these experiments.

7.8.2  Ezxperimental Results with 69 Features without Optimized Decision Tree and
HMM

If we assume conditional independence between the zone classifications, the probabil-

ity in Equation 7.1 may be decomposed as

P(f(A)IV(A)) = [] P(F(n)IV(r)) (7.19)

TEA
The problem can be solved by maximizing each individual probability P(f(7)|V(7))

in Equation 7.19, where 7 € A.

Based on this idea, we compute a feature vector with 69 features for each zone.
Then we applied decision tree classifier in the data. Using our performance evaluation
protocol, the experimental result are shown in Table 7.2. For a total of 24,177 zones,

the accuracy rate was 97.53% and the mean false alarm rate was 1.26% [92].
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Table 7.2: Contingency table showing the number of zones of a particular class that
are assigned as members of each possible zone class in UWCDROM III. The algorithm
used 69 features and assumed conditional independence between the zone classifica-
tions. The decision tree classifier was not optimized. In the table, T, 75, M, T, H,
MD, R, L, O represent text with font size < 18pt., text with font size > 19pt., math,
table, halftone, map/drawing zone, ruling, logo, others, respectively.

T1 T2 M T H M/D R L O CR MR
T1 21416 18 55 7 3 6 1 0 3 99.57% 0.43%
T2 16 99 3 0 5 1 2 0 1 77.95% | 22.05%
M 174 0 564 3 0 15 2 0 0 74.41% | 25.59%
T 17 0 2 151 0 37 2 0 0 72.25% | 27.75%
H 5 0 0 0 289 32 0 1 11 85.50% | 14.50%
M/D 30 0 19 17 19 632 0 0 3 87.78% | 12.22%

9 0 0 0 0 2 421 0 1 97.23% 2.77%

5 1 2 1 2 1 0 1 0 7.69% 92.31%
O 11 0 0 0 32 21 0 0 6 8.57% 91.43%
FR 10.01% | 0.08% | 0.35% | 0.12% | 0.26% | 0.49% | 0.03% | 0.00% | 0.08%

7.8.3 Ezperimental Results with 69 Features with Optimized Decision Tree and HMM

In this experiment, we used the problem statement as Equation 7.2. With 69 features
and optimized decision tree and Hidden Markov Model in set S,. For a total of 24,177
zones, the accuracy rate was 98.52% and mean false alarm rate was 0.53% [93], as

shown in Table 7.3.

7.8.4 Ezperimental Results with Feature Reduction

In this experiment, the feature set only had 25 features with optimized decision tree
and Hidden Markov Model in set S;. For a total of 24,177 zones, the accuracy rate
was 98.45% and mean false alarm rate was 0.50% [100, 101], as shown in Table 7.4.
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Table 7.3: Contingency table showing the number of zones of a particular class that
are assigned as members of each possible zone class in UWCDROM III. The algorithm
used 69 features and modeled context constraints with HMM in some zone set. It
used an optimized decision tree classifier. In the table, 11, 75, M, T, H, M D, R,
L, O represent text with font size < 18pt., text with font size > 19pt., math, table,
halftone, map/drawing zone, ruling, logo, others, respectively.

T1 T2 M T H M/D R L O CR MR

T1 21446 13 34 10 2 3 2 1 1 99.69% 0.31%
T2 16 106 1 0 2 1 1 0 1 82.81% 17.19%
M 49 2 683 3 0 17 1 2 1 90.11% 9.89%
T 9 0 4 159 1 38 1 1 2 73.95% 26.05%
H 1 2 0 1 369 12 0 1 2 95.10% 4.90%
M/D 8 0 20 30 18 630 1 1 2 88.73% 11.27%

6 0 2 0 1 3 419 0 0 97.22% 2.78%
L 5 5 0 1 0 1 1 0 0 0.00% 100.00%

3 2 1 2 4 3 0 0 7 31.82% 68.18%
FR 3.64% | 0.10% | 0.26% | 0.20% | 0.12% | 0.33% | 0.03% | 0.02% | 0.04%

Table 7.4: Contingency table showing the number of zones of a particular class that
are assigned as members of each possible zone class in UWCDROM III. The algorithm
used 25 features and modeled context constraints with HMM in some zone set. It
used an optimized decision tree classifier. In the table, Ty, 7o, M, T, H, M D, R,
L, O represent text with font size < 18pt., text with font size > 19pt., math, table,
halftone, map/drawing zone, ruling, logo, others, respectively.

T1 T2 M T H M/D R L O CR MR

T1 21426 23 40 7 1 7 1 3 3 99.60% 0.40%
T2 19 104 1 0 1 2 0 0 1 81.25% | 18.75%
M 47 1 686 2 0 18 1 1 2 90.50% 9.50%
T 6 0 4 162 0 35 0 1 2 77.14% | 22.86%
H 1 0 1 1 345 27 0 0 0 92.00% 8.00%
M/D 2 3 20 20 28 648 1 1 5 89.01% | 10.99%
R 3 0 2 0 0 2 424 0 1 98.15% 1.85%
L 7 3 1 0 0 0 0 2 0 15.38% | 84.62%
O 4 0 2 0 2 7 1 0 6 27.27% | 72.73%
FR 3.34% | 0.12% | 0.30% | 0.13% | 0.13% | 0.42% | 0.02% | 0.02% | 0.06%




127

7.8.5 Feature Reduction Analysis

In our early work [92, 93], we used a feature vector consisting of 69 features and got
very good results. In our recent work, we tried to reduce the unnecessary features from
the feature vector while keeping a good performance. By analysis and experiments,
a total of 44 features were eliminated.

As shown in Figure 7.2, there were four feature computation directions. Since the
images in UWCDROMIII are all deskewed already, there are not strong variations in
different directions. We changed the four directions to the current two directions 7.6.
It directly removed 32 features from the feature vector.

Some features are redundant. For example, there were four background features,
background run length number in the two given directions, a fraction of black pixels
to the total number of pixels and total area of large horizontal and large vertical
blank blocks. Since the feature, total area of large horizontal and large vertical blank
blocks, is computed using the other three feature information, we eliminated the other
three features. There were two zone area related features, zone bounding box area
and a fraction of the number of text glyphs to the zone bounding box area. There
are dependent features so we eliminated the first of them.

There were 16 features computed by autocorrelation function. We defined four
functions which are computed in two different directions. The features are the slope
of the tangent to the autocorrelation function values whose indexes are close 0 and,
the index for which the autocorrelation function goes to 10% of its maximum value.
By the experiments, we eliminated 8 of them. From the experimental results, we

believe our feature deduction was successful.

7.8.6 Failed Cases Study

In Figure 7.9, we show some failed cases of our experiment in Section7.8.3. Fig-

ure 7.9(a) is a Table zone misclassified as Math zone due to the presence of many
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numericals and operators. Figure 7.9(b) is a Map/Drawing zone misclassified as Ta-
ble zone in that the content of the figure is just a table. Figure 7.9(c) is another
Map/Drawing zone misclassified as Table case. The reason is that the subfigures are
put in a two dimensional grid which looks like a table. Figure 7.9(d), (e) show two
examples in which a Map/Drawing zone was classified as Halftone zone(d), a Halftone
zone was classified as Map/Drawing zone(e). The reason for these two errors is that a
Map/Drawing zone sometimes contains halftone-like part and a Halftone zone some-
times contains drawing-like part. Figure 7.9(f) is an example in which an Others
zone was misclassified as Halftone zone. It is actually an advertisement part in the
technical paper and it contains halftone-like parts. Figure 7.9(g) shows a most fre-
quent error of our current system. Our system classified a Math zone into Text 1
zone class. Sometimes our system still lacks a good ability to detect such a single line
math equation zone which, even worse sometimes, includes some description words.
Figure 7.9(h) shows an error example in which a Math zone was misclassified as a

table zone because of its sparse nature.

7.9 Summary

Given the segmented document zones, correctly determining the zone content type
is very important for the subsequent processes within any document image under-
standing system. This chapter describes an algorithm for the determination of zone
type of a given zone within an input document image. In our zone classification al-
gorithm, zones are represented as feature vectors. Each feature vector consists of a
set of measurements of pre-defined properties. We considered two different feature
vectors. One was with 69 features and the other had only 25 features. A probabilistic
model, decision tree, is used to classify each zone on the basis of its feature vector
[30]. Two methods are used to optimize the decision tree classifier to eliminate the

data over-fitting problem. To enrich our probabilistic model, we incorporate context
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(1)

Figure 7.9: Illustrates some failed examples. (a). Table zone misclassifed as Math

zone; (b).

Map/drawing zone misclassifed as Table zone; (c). Map/drawing zone

misclassifed as Table zone; (d). Map/drawing zone misclassifed as Halftone zone; (e).

Halftone zone misclassifed as Map/Drawing zone; (f).

Others zone misclassifed as

Halftone zone; (g). Math zone misclassifed as Text 1 zone; (f). Math zone misclassifed
as Table zone.
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constraints for certain zones within their neighboring zones. We also model zone
class context constraints as a Hidden Markov Model and used Viterbi algorithm [82]
to obtain optimal classification results.

In this chapter, the features we designed included run length features, spatial
features, autocorrelation features, background features, etc. We used a decision tree
classifier to classify each zone into one of the nine classes, 2 text classes (of font
size 4 — 18pt and font size 19 — 32 pt), math, table, halftone, map/drawing, rul-
ing, logo, and others. To compare the performance of this algorithm with our two
previous algorithms [92, 93], in term of the accuracy rate and the false alarm rate,
the identical data set was used in the experiment. The data set consists of 1,600
UWCDROM-IIT images with a total of 24,177 zones. The cross-validation method
was used in the performance evaluation of the three algorithms. Table 7.5 shows the
result. The accuracy rate and the false alarm rate are similar for the current and
the last algorithms. However, since the features used in the current algorithm was
reduced from 69 features to 25, the classification speed of the current algorithm was

reduced proportionally.

Table 7.5: Illustrates the performance evaluation results of three experiments.

Section | Accuracy Rate | False Alarm Rate
7.8.2 97.53% 1.26%
7.8.3 98.52% 0.53%
7.8.4 98.53% 0.50%

We also showed some failed cases. Many errors are due to the difficult discrim-
ination between single line math and text 1 class. Our future work include the de-
velopment of math zone identification technique, modeling zone content dependency

feature in a more general zone set.



