32

Chapter 5

TABLE STRUCTURE UNDERSTANDING ALGORITHMS

In this chapter, we propose a framework to solve the table structure understand-
ing problem. We present the algorithm details for each step. Among these steps,
the column style labeling algorithm, statistical refinement algorithm, statistical opti-
mization algorithm are probability based, where the probabilities are estimated from
an extensive training set of various kinds of geometric measurements on the various
entities with which the algorithm works. The off-line probabilities estimated in the
training then drive all decisions in the on-line segmentation module. Thus our algo-
rithms have the advantages such as domain independent, easy to extend. We also
propose a statistical adaptive analysis table detection algorithm, which does not need
any training and statistically determines the thresholds on the fly.

Using our random table and its ground truth automatic generation tool, we gen-
erated a total of 560 document images having 482 table entities, associated with each
document image are its generated ground truth. Together with 565 pages of real doc-
ument data, our testing data set included 1,125 document pages with table entities
with a total of 10,934 table cell entities. Our table structure understanding algorithm
identifies and segments of 95.67% of table cells correctly with respect to ground truth
cells and gains 97.05% correct detection rates of table cell entities with respect to
detected cells.

This chapter is organized as follows. We present the details of the statistical
optimization table structure understanding algorithm in Section 5.1. We state the new
statistical adaptive analysis table detection algorithm in Section 5.2. We propose a

table structure understanding performance evaluation protocol in Section 5.3. Finally
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different experimental results are reported in Section 5.4.

5.1 Statistical Optimization Table Understanding Algorithm

Figure 5.1 gives an overview of the table structure understanding algorithm. Input
data to our table structure understanding system are the segmented line and word
entities with roughly separated regions( [62]). Figure 5.2 shows an example of the
input image. A column style labeling part is used to label the column structure.
Assuming the maximum number of columns is two in our data set, we designed a
column style labeling algorithm which can label a given page by one of the three
column styles: double column, single column with marginal note and single or mixed
column style. Using background analysis, we find table candidates by looking for
large horizontal blank block equivalent subsets. For the table candidates we found, a
statistical refinement module was used to refine the table detection results. Consid-
ering the context constraints, we further defined the table detection problem as an
optimization problem. It not only considers the probability of table entities, but also
emphasizes the probability of text block segmentation results. It attempts a proba-
bility optimization on the table and its adjacent text block segmentation results by
an iterative updating method. Our table decomposition algorithm is similar to X-Y
cut technique [27]. We get the cell entities by the analysis of word vertical projection
results. In each step, some parameters are used. To unify the whole approach and
improve the algorithm performance, we present a global optimization scheme which
can optimize the parameter values by using our performance evaluation protocol and
some maximum of function methods.

In this section, we present our global optimization scheme in Section 5.1.1. The
different stages shown in Figure 5.1, column style labeling, large horizontal blank
block equivalent subsets location, statistical refinement, statistical optimization of

table detection results, table decomposition algorithm, are described in Section 5.1.2,
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‘ Line,word segmentation results ‘ ﬁ
¢ [ Text block segmentation }
[Column style labeling & line/word adjus!ment} ‘
l ‘ Updated tablezonesand text blocks ‘
‘ Updated line, word results ‘ L
[ Iterative updating optimization ]
[Large horizontal blank block equivalence subsets Iucalua
L ‘ Detected tablezonesand text blocks ‘
‘ Initial tablezonesand nontableregions ‘
¢ [ Table decomposition J
[ Statistical refinement }

‘ Tablezoneswith their hierarchy text blocks ‘

‘ Updated tablezonesand nontableregions ‘

Figure 5.1: Overview of the table structure understanding algorithm

5.1.3, 5.1.4, 5.1.5, 5.1.6, respectively.

5.1.1 Global Optimization Scheme

As shown in Figure 5.1, several steps, such as column style labeling, large horizontal
blank block equivalent subsets location, statistical refinement, text block segmenta-
tion, iterative updating optimization and table decomposition. Some parameters are
used for each step. Figure 5.3,5.4, 5.5 show the input, output structures and the pa-
rameters used for each step. There are several different methods to determine these
parameters, to use the parameter sets for the local maximum in each single step, to
use the parameter sets for the global maximum in the whole procedure. We used a
global optimization scheme to obtain the parameter sets for the global maximum in
the whole training data sets.

Figure 5.6 shows the diagram of the global optimization scheme. First, the pa-
rameter set is initialized by the initial parameter values. We use the performance
evaluation protocol presented in Section 5.3, to evaluate the function value with the
given parameter set. An independent optimization control module reads the param-
eter set and its performance. Then it uses some function maximization methods to

adjust the parameter values to optimize the performance. The performance criteria
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Figure 5.2: An example of input data to table detection algorithm. The graphic parts
in the image have been filtered. Segmented line entities are shown.
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. [column] [region] [ Tine ] [word] |

Column style labeling

*Width threshold for
blank separator
«Interval bounding for
column style labeling
probability lookup table

______________________
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: column region line word

Figure 5.3: An example of input data to table detection algorithm. The graphic parts
in the image have been filtered. Segmented line entities are shown.

continue

Statistical Refinement

Updated || Updated | |Updated| |Updated| | Updated | !
column region line word tablezone| !

Text Block Segmentation

Updated Updgted Up_dated Updated| | Updated Text block|
column region line word tablezone '

continue

«Height threshold for

Large vertical blank blocks
«Interval bounding for
statistical refinement
probability lookup table
*Probability ratio for decision
making

Figure 5.4: An example of input data to table detection algorithm. The graphic parts
in the image have been filtered. Segmented line entities are shown.
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*Table measurement probabilit - 3 — -
lterative Updating Optimization

*Text block measurement
probability
*Table text separator probabilit
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column region line word tablezone

«Divider for binarization of

The vertical projection result ..

*Morphological closing unit Table DeC0mDOSItI0n

length
Updated || Updated | |Updated| |Updated| | Updated paragraph
column region line word tablezone

Figure 5.5: An example of input data to table detection algorithm. The graphic parts
in the image have been filtered. Segmented line entities are shown.

we used is that with respect to the whole data set, it is the fraction of ground truth
cells that are correctly identified plus the fraction of the detected cells that are cor-
rectly identified. There are various function maximization methods, such as golden
section search in one dimension [81], line search in one dimension, or conjugate gra-
dient methods in multidimensions [81], etc. Below we will give a brief introduction
to the line search in one dimension which is what we used.

The motivation for the line search in one dimension is to verify the current local
maximum point or find a new maximum point. Given an initial point and a direction
in a given dimension, line search method will start searching in single unit steps.
Then the step sizes increase exponentially. If the function values increase or keep
unchanged, we will keep searching in this direction. If the function values decrease,
the direction will be flipped and the new step will be a single unit step. The interval
between the search starting position and the flipping position is a search region. This
procedure repeats until the iteration number exceed some threshold or the search

region length is less than some threshold. Figure 5.7 shows a working example of
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initialize
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A\ 4
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result

Figure 5.6: An example of input data to table detection algorithm. The graphic parts
in the image have been filtered. Segmented line entities are shown.

the algorithm. It starts search at position 1. The initial search direction is right. It
flips the direction at 4, 7, 9, 11. Assume the interval threshold is the basic unit. It
stops at 11. The maximum function value is taken at position 10. The details of the

algorithm are described below.

Algorithm 5.1 Line Search Optimization

1. Given a function f : R™ — R. Given a parameter vector P with n dimension
and index i, we want to find maximum of function f(P) by line search along

7th dimension.

2. Set initial parameter vector as p°, i = 0, direction as D € R", where D(i) = d,
d =1, and D(j) = 0, j # i, maximum function value as mazF = f(p),

parameter vector with maximum function value as mazV = p°, single step
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@ @

Figure 5.7: Example of a line search method. 1 is the starting position, the search

direction is right first. The search direction is flipped at 4. It keeps searching until

unit as m, m € R; search interval bound as ib € R", where ib(i) = co and

ib(j) = p(4), j # 1, search start position as s =0, s € R.

Repeat over all values of ¢, 2 = 0,...n — 1 until termination for all <.
. Set k£ =0.
Rt = pF 4 D x om ox 2069,

. If the distance between p**! and interval bound, ib is too small or the iter-
ation number is larger than the iteration threshold, , terminate the program
and return maxzF and mazV. Specifically, the conditions are ||ib — p**||* <

interval threshold or k + 1 > iteration threshold.

. If the new function value, f(p**!) goes lower, flip the direction, D = —D,

increase the count number, £k = k£ + 1, and record new search interval bound

k+1

and search start position as ib = p**! and s = p**1, then go back to 4.

. If the new function value, f(p**!) is unchanged, set k = k + 1, go back to 4.
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8. If the new function value, f(p*+!)

goes higher, record the maximum function
value, mazF = f(p**1), and parameter vector with maximum function value,

mazV = p**1 k =k + 1, go back to 4.

5.1.2 Column Style Labeling

The motivation of column style labeling is to statistically determine the column type
based on some background measurements. Then by the labels, we update the line
detection results. It serves as a preprocess for our table structure understanding
system.

Let A be a set of pages. Let £ be a set of page column style, such as double
column, single column with marginal note, etc. The function f : A — L associates
each element of A with a page column style. The function V : A — A specifies
measurements made on each element of A, where A is the measurement space.

The page column style classification problem can be formulated as follows: Given
a page set A and a page column style set L, find a classification function f: A — L,

that has the maximum probability:

P(f(A)V(A)) (5.1)

In our current approach, we assume conditional independence between the page
column style classifications, so the probability in Equation 5.1 may be decomposed

as

P(f(AV(A) = [T PU£(n)IV(7) (5-2)

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

in Equation 5.2, where 7 € A.
In our page column style classification, the elements in A are the document pages
in our data set. The elements in £ are double column, single column with marginal

note, and single or mixed column style. Several examples of each class are shown in
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Figure 5.8. We empirically determine the probability in Equation 5.2 from the large
data set.

The elements in V(7), where 7 € A, are length ratio of blank separator, l;;, and
position ratio of blank separator, py,. A vertical blank block VR = b, X b., with
lefttop vertex coordinate (zp1,vp1), is a blank separator if and only if it satisfies the

following conditions:

e Its column number are large enough compared within the given page. Specifi-

n’;;u > 0, where mw is the median width of text glyphs in the whole page.

cally,

Here 0 is empirically determined as 3.

e It has the largest row number among all the blank blocks. If there are more
than one blank blocks that have the largest row number, the one with larger
column number is selected. If the column numbers are still the same, one of

them is randomly selected.
The two features for the page column style classifier are:

1. Length ratio of the blank separator, [;;. For a given blank separator BK =
b, X b, the length ratio is computed as

b,

lv,

where [v, is the row number of the page live-matter part.

2. Position ratio of the blank separator, p,. For a given blank separator B =
b, X b., with lefttop vertex coordinate (zp1, yp1), the position ratio is computed

as
Tp + b./2
T + lvc/2

where z;, is the column coordinate of the lefttop vertex of the page live-matter

part and [v, is the column number of the page live-matter part.
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Bushwhacked Bride

‘Walter Lummety flashed her a sheepish look.

Gruffly, Woody continued. “Now, folks, if'n you'll just
look to the east, you'll spy a natural-like stone dike
known as Reklaw Ridge. And this here valley is called
Reklaw Gorge.”

Her attention at last piqued, Jessica glanced out her
window at the stone ledge zigzagging its way up the spine
of the mountain. Reklaw Ridge. A picturesque-sounding
name. The dikes of Colorado, a natural phenomenon
caused by volcanic activity deep in the earth, never failed
to fascinate her.

“Behind them there dikes is where the old Reklaw Gang
use’ta hide out to ambush the stages coming out from old
Colorado City,” Woody went on. “You best lay low, folks,
cause Reklaw Gorge is known to be haunted. That's right,
genu-wine ghosts. I hear tell some folks can still hear them
outlaw bullets whizzing by. Wouldn’t want for none of
them ghost riders to ambush you. Nossir. Why, them old
Reklaw boys might even rob this here stage. Sheriff Lum-
mety, you'd best keep your eyes peeled, partner.”

Across from Jessica, Walter grinned. Jessica groaned.
‘Would Walter’s idiot cousin never shut up?

As if he'd read her mind, Woody remarked, “Well,
folks, since I know you been missing the old mood music
to accompany our little joy ride, you’ll be right pleased to
know our next selection is Roy Rogers and his Sons of the
Pioncers. Lay back and enjoy the view as we hear “Tum-
bling Tumbleweeds.” I reckon I'll be talkin’ at you again
inaspell”

As Roy and his crooners began, Walter Lummety of-
fered Jessica an apologetic smile. “I do hope you’re hav-
ing a good time, Professor Garrett.”

“Oh, just peachy,” she replied sweetly, wincing as the
stagecoach banged into yet another rut. How had anyone
ever endured travel in these wretched conveyances? she
wondered. Her entire body was already sore from the jolt-
ing she’d taken.

15

(¢) An example of single or mixed (d) An example of single or

column style page mixed column style page

Figure 5.8: Examples of page instances of three page column style



43

After we identified the column style, we make adjustments to line and word seg-

mentation results according to the labeled column style.

5.1.8 Large Horizontal Blank Block Fquivalent Subsets Location

In this section, we define a spatial relation between identified large horizontal blank
blocks. We define an equivalent class relation using the spatial relation. The equiva-
lent subsets make a partition of the whole page. The foreground entities adjacent to
the equivalent subsets are the table candidates.

Let B be a set of given non-overlapping bounding boxes. R is the real number
set. Set £ = {word, large horizontal blank block}. Function top : B — R associates
bounding boxes with their top y coordinate; Function label : B — L, associates

bounding boxes with their labels.

Figure 5.9: Illustrates the spatial relations between two bounding boxes that are (a)
horizontally adjacent (b) vertically adjacent.

For a pair of bounding boxes a and b, where a € B and b € B, the horizontal



distance dj(a,b) and vertical distance d,(a,b) between them are defined as
Tp— Ty — W, If zp >z, + w,
dh(aab) - Ty — Tp — Wy if T, > Xy + Wy
0 otherwise
Yo —Ya— ha i Yo > ya+ ha
d(a,0) =S va—w—hy ifya>uw+h
0 otherwise

Similarly, we can define horizontally adjacent relation.
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(5.4)

The horizontal overlap op(a,b) and vertical overlap o,(a,b) between a and b are

defined as
Tot+we —xp if 2y > 2, x5 < 24+ w,
on(a,b) = T+ wp —x, ifx, > 1, x, < Tp + wp
0 otherwise
Yo+ ha—w U > Vs Yo < Ya+ ha

0u(a,0) = ¢ Yy + by — Yo if Yo > Y, Yo < Yo + hs

0 otherwise

(5.6)

We define a is a low neighbor of b if top(a) > top(b) and Op(a,b) > 0. We define

a is the immediate low neighbor of b if and only if

1. a is a low neighbor of b;

2. top(a) < top(a'), where o' is a low neighbor of b.

Define G C B x B,

G = {(a,b) € B x Bla and b are vertically adjacent,
label(a) = label(b) = large horizontal blank block};

Define relation

G-H={(a,c)|3,(a,b) € G,(bc) € H},
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where G C B x Band H C B x B.
The transitive closure of G7 is defined as
g7 = Uz, G---G
S—
7 times
It is easy to prove that vertically adjacent relation satisfies symmetric and reflexive
properties. Thus G7 forms a set of equivalent subsets. Two equivalent subsets are

shown in Figure 5.10.

Figure 5.10: Two examples of equivalent subsets of large horizontal blank blocks. The
equivalent subsets are shown by the dash rectangles.

After we identify the large horizontal blank block equivalent subsets, we can group
the words which are horizontally overlapping with the equivalent subsets as table

candidates.

5.1.4 Coarse-Fine Table Detection

For the identified table candidates, we use the idea stated in Section 5.1.6 to decom-
pose the table entities. Clearly, the table candidates have many false alarms among
them. A statistical table refinement algorithm is used to validate each table candidate.

For each table candidate, three features are computed.



46

e Ratio of total large vertical blank block [92] areas over identified table area. Let

t be an identified table and B be the set of large vertical blank blocks in it,

o= 'ra()'
=)

e aximum difference of the cell baselines in a row. Denote the set of the
cells in arow : as R ;, R ; = {¢1,¢ ,..,¢i }. Denote the set of R ;
as R, R = {R ;;i = 1,...,m}, where m is the row number in the ta-
ble. Let baseline(c) be the y coordinate of the cell entity bottom line, me =

maz ( maz (baseline(c; )) — min (baseline(c; )));
€ c € c €

e aximum difference of the justification in a column. Denote the set of cells
in a column, 7, in the table body region ; = {ci1,¢ ,...,c;i }. Denote the
set of ;as ={ . i=1,..,n}, where n is the column number in the
table. Let #; ,vy; ,w; ,h; represent the bounding box of thecelle; € ;. We
estimate the justification of a column, 7,7 = 1,...,n, by computing the vertical
projection of the left, center, and right edge of ¢; ,7 =1, ...,1,,

1 [z] = mazx,. ¢ (ml ) — min. ¢ (x, )
en #lt)=maz. ¢ (2 +w; [2)—min. ¢ (z; +w; [2)
vinll]=maz. ¢ (z; +w; )—min. ¢ (z; +wi )

i:min{ l [z], cn T[i]a rih[i]}

The maximum difference of the justification in a column, mj, is computed as:

mj = maz( ;),t =1,..,n.
Then we can compute the table consistent probability for table ¢ as
P(consistent(t)| a(t), me(t), mj(t))

If P(consistent(t)| a(t), me(t),mj(t)) > 0.5, we label the table candidate as a table

entity. Figure 5.11 shows the detection result of the image shown in Figure 5.2
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Figure 5.11: An example of result of coarse-fine table detection algorithm. Table cell
and table entities are shown.
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5.1.5 terative pdating Optimization

The above algorithms, large horizontal blank block equivalent subsets location and
statistical refinement, can be called as coarse-fine algorithm. The coarse-fine algo-
rithm detects tables by considering the local and intrinsic features of table entities. It
does not take into account the probability of the whole page segmentation results, so
its accuracy was not high enough. Figure 5.12 shows two failed examples of the earlier

algorithm. Figure 5.12(a) is a false alarm example (b) is a misdetection example.

(a) (b)

Figure 5.12: Examples of table detection results of coarse-fine algorithm; (a) a false
alarm example; (b) a misdetection example.

To obtain better table detection results, we argue that not only do we need to get
maximum probability on table entities, but also we have to make the whole page seg-
mentation probability maximum. The whole page segmentation probability includes
the probability of table detection results, the probability of text block segmentation
results and the probability of the adjacent relationships between table entities and
text block entities. Based on this idea, we formulate the table detection problem as
a labeling and partitioning problem. The goal of the problem is to find an optimal
solution to label and partition table and text block entities in a given page. An it-
erative updating method is used to find the labeling and partitioning solution that
maximizes the joint probability.

The remainder of the section is organized as follows. We give the problem state-
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ment in Section 5.1.5. The probability estimation is stated in Section 5.1.5. We

present our algorithm details in Section 5.1.5.

roblem Statement

Let A be a set of segmented zone entities. Let £ be a set of content labels, {table,
text-block}. Function f : A — L assigns each element of A with a label. Function V :

(A) = A computes measurements made on subset of A, where A is the measurement
space.

We define a probability of labeling and measurement function as
PWV(r):te A fl[A)=P(V(r): 7 € Alf,A)P(f|A) (5.7)

By making the assumption of conditional independence that when the label f., 7 €
A is known, no knowledge of other labels will alter the probability of V(7), we can

decompose the probability in Equation 5.7 into

P(V(r):7 € Alf,A) = [[ P(V(7)If, A) P(f|A) (5.8)
IEA . o)

-~

(a)

Expression (a) in Equation 5.8 can be computed by applying different measure-

ment functions V' and V according to f function values, table or text-block,
where V is used for tables and V is used for text-blocks.
TEA TEA
PV(r):reAlf,A)= [[ Pv ILA I PV (0OIfAP(fIA)
= abl = bl ck
(5.9)

To compute expression (b) in Equation 5.8, we consider the discontinuity property
between neighbors to two zone entities with different labels. Let A ={ 1, ,---, }
be the set of document elements extracted from a document page. KEach element

; € A is represented by a bounding box (z,y,w, h), where (z,y) is the coordinate
of the top-left corner, and w and h are the width and height of the bounding box re-

spectively. The spatial relations between two adjacent boxes are shown in Figure 5.9.
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The neighbor set is defined as
= {(va, vp)|vs and v, horizontally or vertically adjacent, v, € V, v, € V}

Assuming the conditional independence between each neighborhood relationship,

expression (b) in Equation 5.8 can be computed as

where P (f, f |p, ) has the property

p bl )
P (f,flp, )= Fotle ) £ #1 (5.11)
0 f=r
Equation 5.9 can be written as
PV(r): 7€ Alf,A)
TEA TEA
IT pv @A JI PV (0If,A H P(f.flp. )
= abl = —bl ck

(5.12)
The table detection problem can be formulated as follows: Given initial set A°,

find a new set A* and a labeling function f*: A* — , that mazimizes the probability:

PV(r):Te A |f A

TEA TEA
I1 v Ay I PV (n)lf, A7) H P(f* f*lp, )
= abl = —bl ck

(5.13)

Our goal is to maximize the probability in Equation 5.12 by iteratively updating

A* and f*. Our table detection system works as follows: we use our coarse-fine
algorithm to get preliminary table detection results and use some existing text block
segmentation algorithm to get text blocks[62]. Then we systematically adjust the

labeling to maximize the probability until no further improvement can be made.
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robability Estimation
1. Table and Text Separator Probability

Given a table, t and its vertically adjacent neighboring text block , we compute
the probability of the separator between them being a table and text separator

as

P(f,f |t, )= P( able ext epa ato |on(t, ),d,(t, ))

where the definitions of d,(¢t, ) and o4(¢, ) can be found at Equation 5.4 and

Equation 5.5.

2. Table easurement Probability

To facilitate table detection, we applied our table decomposition algorithm on
each detected table. Based on the table decomposition results, three features

are computed. These features are given below.

e Ratio of total large vertical blank block [92] and large horizontal blank
block [92] areas over identified table area. Let t be an identified table

and B be the set of large horizontal and vertical blank blocks and in it,

o= ra()_
- roa() ’

e aximum difference of the cell baselines in a row. Denote the set of the
cellsinarowias R ;, R ; = {¢1,¢ ,...,ci; }. Denote the set of R ;
as R , R = {R ;,i = 1,..,m}, where m is the row number in the
table. Let baseline(c) be the y coordinate of the cell entity bottom line,
me = maz (Cmeam (baseline(c; )) —Cn’éin (baseline(c; )));

e Accumulated difference of the justification in all columns. Denote the set
of cells in a column, i, in the table ; = {¢;1,¢ ,...,¢;; }. Denote the

set of ;as ={ ii=1,..,n}, where n is the column number

in the table. Let z; ,vy; ,w; ,h; represent the bounding box of the cell
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¢i € ;. We estimate the justification of a column, 7,7 = 1,...,n, by
computing the vertical projection of the left, center, and right edge of
G ,J=1, .1y,
1 [t =maz, ¢ (zi )—min. ¢ (z;)
en flt)=maz. ¢ (zi +w; [2)—min, ¢ (2 +w; [2)
vib i) =maz. ¢ (z; +w; )—min, ¢ (z; +w; )

i=min{ o [, ca ol win [}

The accumulated difference of the justification in all columns, mj, is com-

puted as: mj =

=1 -
Finally, we can compute the table consistent probability for table ¢ as

P(V  (t)) = P(consistent(t)| a(t), me(t), mj(t))

. Text Block easurement Probability

A text block, in general, has a homogeneous inter-line spacing and a alignment
type (such as left-justisfied, etc.) Given a detected text block , we compute
the probability that has homogeneous inter-line spacing, and a text alignment
type. As in Liang et. al. [60], we compute text block measurement probability
as

PV ( )=PWV ()| eadin ( ), li nment( ))

By making the assumption of conditional independence, we can rewrite the

above equation as

PV ( )=PWV ()| eadin ( )P(V ()| li nment( ))

Let = (l,...,ln) be an extracted block. D = (d(1),d(2),...,d(n — 1)) is a

sequence of inter-line space distances, where d(j) is the space distance between
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[ and ! ;;. We compute the median and the maximum value of the elements

of D . The probability is

P(V ()| eadin ( ))= P(median(D ),maz(D )| eadin ( ))

Given a text block  that consists of a group of text lines = (I3,0,---,1,),
we determine the text alignment of by observing the alignment of the text
line edges. Let ej; be the left edge of the text line /; and let e, and e,; be the
center and right edges of the line box respectively. Let ; be the left edges of
text line 2 to n, such that ; = {e;|2 < i < n}. . is the center edges of text
line 2ton—1,and , is the right edges of text line 1 to n—1. We first estimate
the median of ;, then compute the absolute deviation D; of the elements of

from its median,
Dl = {dl|dl = |eli — median( l)|;2 S 1 S n}

Similarly, we estimate the absolute deviation of the center edges and right edges:
D. and D,. Then, we compute the probability of  being left, center, right, or
both justified by observing the mean absolute deviation of the left, center and

right edges,

PV ()| li nment( ))= (5.14)

P(mean(Dl),mean(Dc),mean(Dr” I nment( ))

terative pdating Optimization Algorithm

Figure 5.13 shows our algorithm diagram. Given a labeled page, first we estimate its
segmentation probability. For each table, we consider several adjustments, which are
to keep it as a table, to grow the table to include its upper and lower neighbors, to

merge the table with its upper and lower neighbors and label it as text block. For
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each adjustment, we compute the new probability. We select the adjustment which
produces the biggest improvement upon the initial page segmentation probability.
This process is repeated until no improvement can be made. The details of the

algorithm are described below.

Preliminary Table
Detection Results

% Updated table

Compute the whole detection results
page probability
|

b v i

For each table, compute thT For each table, compute tT

For each table, compute
the probability to keep it
as a table.

_probability to grow it to probability to grow it to
include upper or lower as include upper or lower
a new table entity. part as new text block

Select the best probabilit;
improvement

Converge ? Adjust labeling function|—

Y

Terminate

Figure 5.13: Overview of the table detection algorithm

Algorithm 5.  terative pdating Optimization

1. The input data to the algorithm are our previous table detection [98] and text

block segmentation results. They are a set of block entities, A and function

O A = L
2. Set k = 0;

3. For each hypothesized table, ¢, 7 = 1,..., , where is the number of tables in

A*. Compute the different probabilities under different adjustments.

e eep the table. Compute the probability F; ) following Equation 5.12;



35

erge table ¢ with its upper text neighbor and label it as a new table.

Compute the new probability P; ) following Equation 5.12;

erge table ¢ with its upper text neighbor and label it as a new text block.

Compute the new probability F; ) following Equation 5.12;

erge table ¢ with its lower text neighbor and label it as a new table.

Compute the new probability P; ) following Equation 5.12;

erge table ¢ with its lower text neighbor and label it as a new text block.

Compute the new probability P; ) following Equation 5.12.

4. Compute Pn, = maz(P; )),i =1,.., ,j = 1,..,5 and get its appropriate

adjustment action.

5. If the action is to keep the table, then, return the labeling result A* as .A* and

stop the algorithm.

6. If the action is not to keep the table, then take the adjustment action and we

get AF+1 and fE+1. AM L

7. Set k =k + 1 and go back to 3.

5.1.  Table Decomposition Algorithm

Similar to recursive X-Y cut in [27], we do a vertical projection on the word level
in each identified table. Because of the table structure, we can expect the projec-
tion result to have peaks and valleys after binarization of projection result. We can
separate each table column which starts from a valley and ends at the next valley.
Figure 5.14 shows the table columns we get on the image shown in Figure 5.2. After
we construct the table columns, we can get cell structures and their attributes such
as starting ending row, starting ending column. In Figure 5.11 , we show an example

output from the table detection algorithm.
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Figure 5.14: An example of located table column entities within the table entities in
image in Figure 5.2. Table column and table entities are shown.
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5.  Statistical Adapti e Anal sis Table etection Algorithm

5.2.1 Qwerall Description

The input to the algorithm is a set of word boxes. The output of the algorithm
is the set of potential table regions. The algorithm consists of the following modules
in the stated order (Figure 5.15): a word-box consolidation and text-line elimina-
tion module, a vertical-range module, a horizontal-range module, and a table-region

extraction module.

word-box reduced set of black computation of
word boxes consolidation and boxes, each black vertical ranges of vertial ranges of
text-line elimination box constituting a potential table potential regions
word group regions

collection of sets of computation of
word boxes in horizontal ranges of horizontal ranges of

potential table potential regions potential table

regions regions

Figure 5.15: The process diagram of the table detection algorithm III

The set, , of word boxes is passed as input to a word-box consolidation and text-
line elimination module, producing a reduced set of (combined) word boxes called
black boxes . This set of black boxes is then passed to a vertical-range module
which, using horizontal projection profiles, produces vertical ranges of potential table
regions. For each vertical range produced, the set of black boxes in it is passed to a
horizontal-range module which, using vertical projection profiles, produces horizontal
ranges of potential table regions. The computed vertical and horizontal ranges are
passed to a table-region extraction module, which produces the final set of potential

table-region bounding boxes.
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5.2.2 ord-Box Consolidation and Text-Line Elimination

The object-process diagram of this module is given in Figure 5.16. Let be the
input set of word boxes. For each b; € that has a right neighbor, compute its right
gap box ;. Let = { ;} be the set of all right gap boxes.

small gap-box
elimination and
word-box merging

word-gap
computation

word boxes word-gap boxes

text-line
identification and
elimination

black boxes of word
groups

reduced set of black
boxes

Figure 5.16: The process diagram of word-box consolidation and text-line elimination
module

Small, inter-word gap boxes are then eliminated as follows. Compute the gap-
width histogram to determine a threshold value for inter-word gap widths. Consider
each word box to be an initial black box . Then, iteratively, delete each ; €
whose width is less than the threshold , and for each deleted gap box ;, horizontally
merge the two adjacent black boxes together with the gap box ; into a longer black
box. Let the resulting set of black boxes be

Black boxes for regular text lines are subsequently eliminated as follows. Compute
a histogram of the widths of black boxes in . Then determine a threshold from the
histogram to eliminate black boxes for regular text lines in so doing, the following
observation may be used: table entries are normally less than half the average width
of text lines. Then eliminate the black boxes in  whose width is greater than the

threshold. (Remark: If a black box has a width not greater than the threshold but
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follows a run of one or more text-line black boxes, it is normally not a table entry.)

5.2.8 Computation of ertical and Horizontal anges of otential Table egions

The object-process diagram of these modules is given in Figure 5.17. The funda-

mental idea behind the following two modules is to compute vertical and horizontal

projection profiles of the black boxes, and then detect patterns of profiles suggesting
potential table regions (PTRs) using finite automata.

hoise-cleaning of
horizontal
projection profile
(eliminate short
black boxes)

computation of
horizontal
projection profile

reduced set of black

horizontal projection
boxes

profile

computation of

finite automaton for
vertical-range
detection

vertical ranges of
potential table
regions

finite automaton for
horizontal-range
detection

l

horizontal ranges of
potential table
regions

parameters for the
finite automaton

for each vertical
range, compute
vertical projection
profile

parameters for the
finite automaton

parameters for
vertical-range
detection finite
automaton

profiles

vertical projection |

computation of
parameters for
horizontal-range
detection finite
automaton

cleaned-up
projection profile

noise-cleaning of
the vertical
projection profiles

l

cleaned-up vertical
projection profiles

Figure 5.17: The process diagram of vertical and horizontal ranges of potential table
regions module

ertical

ange odules

Compute a horizontal projection profile, HP, of the black boxes in
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Then do the following preprocessing to clean up the horizontal profile by eliminat-
ing short, noisy black boxes: Compute a histogram of lengths of runs of 1 s (here and
subsequently 1 symbolically denotes any positive number). Compute a threshold, ,
such that those runs of 1 s of length less than should be eliminated. Eliminate those
short runs of 1 s by turning the 1 s to 0s. Let the resulting, cleaned up, horizontal
profile be P'.

In the next step, parameters for a finite automaton to detect vertical ranges of
potential table regions (PTRs) are computed: Compute a histogram of runs of 1s
from P’, and determine the parameter values pertaining to heights of black boxes,
to be used in the finite automaton to detect PTRs. Compute a histogram of runs of
0 s from P’ and determine the parameter values pertaining to heights of inter-line,
inter-row, and inter-table white gaps, to be used in the finite automaton to detect
PTRs.

Construct the finite automaton using the computed parameters, and then apply

the finite automaton to detect the vertical ranges of PTRs.

Horizontal ange odules

For each vertical range of a PTR detected, do the following:

Compute a vertical projection profile, P, for the black boxes in . Do a clean-
up processing on P similar to that done in the vertical-range detection module.
Compute histograms of lengths of runs of 0 s and 1 s, and obtain thresholds. Apply a

non-maximum suppression technique using the thresholds to obtain an accentuated
vertical profile. Apply a finite automaton technique to detect columns and column

boundaries of the PTR.

5.2.4 Table egion Extraction

Using the vertical and horizontal PTR ranges computed, return the set of word boxes

falling within the intersection of the two ranges.
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5. Table Str ct re Understanding er ormance al ation

Based on the table structure in Figure 3.3, We can define three sets of rectangle areas

on three levels.
1 = {RLS rectangle areas whose  value is table}
= {RLS rectangle areas whose values are row header,
column header or table body}

= {RLS rectangle areas whose  value is cell }

We can view table detection evaluation problem as three correspondence problems
between the detection results and ground truth in the three different sets, i,
Suppose we are given two sets G = { 1, ..., } for ground-truthed foreground
table related entities, e.g. cell entities in , and = {Dy,D ,...,D } for detected
table related entities. The algorithm performance evaluation can be done by solving
the correspondence problem between the two sets. Performance metrics developed in
[55] can be directly computed in each rectangular layout structure set. Any detection
errors such as table cell misdetections, false alarms, splitting errors and merging errors
can be reported by studying the metrics. In particular, the correspondence problem
in set ; is the evaluation of the table identification algorithm, and those in sets
and are the evaluation of table decomposition algorithm. The total cost of the
table structure understanding process can be calculated by the linear combination of

the costs in three sets:
ost = ost + ost + ost

where , and are weights for the three evaluation costs.
For our table structure understanding algorithm, our final goal is to extract tables
from document pages and decompose different cell entities. So our table structure

understanding performance evaluation is done in . ost of the published table
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structure understanding algorithms focused on table detection problem. To compare

our algorithms with these algorithms, we also did performance evaluation on ; level.

5. perimental es Its

Our testing data set has 1,125 document pages. All of them are machine printed, noise
free data. Among them, 565 pages are real data from different business and law books.
Another 550 pages are synthetic data generated using the method stated in Chapter 4.
From the real document images, we used our software package to estimate the table
parameters from 7 types of tables. The parameter files we used in this experiment can
be obtained at [91]. A hold-out cross validation experiment [30] was conducted on all
the data with = 9. Discrete lookup tables were used to represent the estimated
joint and conditional probabilities used at each of the algorithm decision steps. The

performance evaluation was done using the protocol in Section 5.3.

5.4.1 Statistical Optimization Algorithm Exrperimental esults on  level

The input of statistical optimization algorithm is the output of the coarse-fine table
detection algorithm. The numbers and percentages of miss, false, correct, splitting,
merging and spurious detections on real data set and on the whole data set are shown
in Table 5.1. Here the parameter are local maximum values before we apply the global
optimization scheme. The performance on the real data set was 0.9676 + 0.9386 =
1.9062 and the performance on the whole data set was 0.9600 4 0.9695 = 1.9295.
Figure 5.18 shows a few table detection examples. Figure 5.18(a), (b) are the
correct detection results of Figure 5.12(a), (b), respectively. In Figure 5.18(a), our
algorithm grows the original table and include its lower neighbor and construct a
new table entity. In Figure 5.18(b), our algorithm eliminates the originally detected
table and merge it with its lower neighbor and construct a new text block entity.

Figure 5.18(c), (d) illustrate some failed examples. Figure 5.18(c) shows a false alarm
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Table 5.1: Cell level performance of the statistical optimization table detection algo-
rithm on real data set and whole data set.

otal orrect plitting erging is alse purious
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ata et etected

round ruth

hole (. ) e Hp c Hpoc o

ata et etected

example. Some texts in a figure are detected as a table entity. Figure 5.18(d) shows

an error example where our table decomposition algorithm failed.

5.4.2 Statistical Optimization Algorithm with Local azimum Line Search Ezperi-

mental esults on level

To verify if the parameter value used in the previous section is on the local maximum
point, we applied the global optimization scheme (Section 5.1.1) to do the line search
on the parameter values. Using our cross validation method, each time, eight ninth
partitions are used as a training data set. Given a training data set, we sequentially
used the global optimization scheme to do the line search on each dimension to find
a new local maximum point. Then we used this parameter set to test on the last one
ninth data set. The whole experimental results are shown in Table 5.2. Comparing
Table 5.1 and Table 5.2, we will see the line search results are a little better but
there is not significant difference. For example, in the whole data set, the line search
results have a little less mis-detection rate but a little more false alarm rate. The

performance on the real data set was 0.9676 +0.9413 = 1.9089 and on the whole data
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(c) (d)

Figure 5.18: Illustrates the table detection results; (a), (b) Correct table detection
results; (c), (d) failed table detection results.

set was 0.9567 4 0.9705 = 1.9272.

The line search of course resulted in an improvement of performance on the train-
ing set side. The numbers reported in the results are on the testing set side. So
although these was an overall improvement on the training side, there was not an
overall improvement on the testing side ( 1.9295 before line search and 1.9272 after
line search ). This suggests that the initial parameter set values were most probably

set close to the optimal values.

5.4.3 Table Detection esult Comparison

ost of table structure understanding research focused on table detection prob-
lem [33, 50, 45]. The output of their algorithms are detected table regions. To
compare our table detection algorithm, we also did table detection performance eval-

uation on table level ( ; level in Figure 4.1 ). We implemented the algorithm of
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Table 5.2: Cell level performance of the statistical optimization table detection algo-
rithm with line search on real data set and whole data set.
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Hu et.al [33]. Their performance evaluation results on our data set are shown in Ta-
ble 5.3. The performance evaluation results of the automaton algorithm (Section 5.2)
are reported in Table 5.4. Both algorithms take detected column and word structure
as the input. We manually generated the column ground truth in our dataset. The
column and detected word structures are used as the input of their algorithms. The
performance evaluation results of our statistical optimization algorithm are reported
in Table 5.5. Since our performance evaluation is very strict, the result is counted as
correct detection only when the detected result is totally matched the ground truth
data. From the results, we can see our algorithm results are better than other two
algorithm because our algorithm has more statistical validation modules.

Another observation is that the performance on the synthetic data set and on the
real data set are different. The reason is that although the synthetic data set has
a similar table structure as in the real data set, the non-table parts are still a little
different. Figure 5.19 and 5.20 show two failed cases. In Figure 5.19, the false alarm
is due to the text on the graphics. In Figure 5.20, the merging error is due to two

adjacent table entities. These cases are not simulated in the synthetic data set. It can
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partially explain why there is a small difference between the results from synthetic

data set and real data set.

Table 5.3: The dynamic programming based table extraction algorithm [33] per-
formance results on whole image dataset Performance evaluation result on the table
level.
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Table 5.4: The automaton based table extraction algorithm performance results on
whole image dataset Performance evaluation result on the table level.

otal
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Table 5.5: The optimization based table extraction algorithm performance results on
whole image dataset Performance evaluation result on the table level.
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PDABch16_06.dt.Table

Figure 5.19: An example of statistical optimization table detection algorithm result.
The detected tables, which are text in the graphics, are shown.
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[IT_chapl0_08.dt.Table

Figure 5.20: An example of statistical optimization table detection algorithm result.
The detected tables, which are two adjacent tables, are shown.



