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Abstract 
In this paper1 we first describe an au­

tomatic technique to efficiently generate a 
large amount of accurate ground truth data 
suitable for the development of document 
layout analysis algorithms. Then we de­
scribe a new word segmentation algorithm 
that is based on the recursive morphological 
closing transform. The algorithm is train­
able for any given document image popula­
tion and is capable of detecting all the words 
on a document image simultaneously. We 
discuss an experimental protocol to train 
and evaluate the word segmentation algo­
rithm. The experimental results demon­
strate that under the optimal algorithm pa­
rameter settings1 the dominant correct word 
detection percentage is about 95% on both 
the training and testing image populations. 

1 Introduction 

Document image analysis decomposes an 
input document image into its various com­
ponents, i.e. its content, layout structure 

and logical structure. The content is the 
informational part of the document, such 
as the text strings. The layout structure 
specifies the physical embodiment of the 
content on the document image, such as 
its appearance and location. The logical 
structure names the content-bearing parts 
of the document and specifies their logi­
cal relationships, such as the reading order. 
The three levels of decomposition are usu­
ally done separately through the processes 
of optical character recognition (OCR), lay­
out analysis, and logical analysis. 

This paper focuses on the document lay­
out analysis process, which identifies vari­
ous objects of interest on a document image 
and describes their spatial relations. In our 
context, an object is defined as a homoge­
neous rectangular region that corresponds 
to one type: character, word, text line, 
paragraph, text column, or non-textual re­
gion. 

Earlier work on document layout anal­
ysis can be categorically divided into two 
groups. One group employs the top-down 



,. 

or model-driven approach [2] [3]. It starts 
at the global image level and successively 
decomposes the image into smaller regions. 
Each region has one type: character, word, 
text line, paragraph, text column, or non­
textual region. Nagy [2] and Srihari [3] 
employ an X-Y tree as the representation 
of a document layout structure. The X-Y 
tree is a nested decomposition of rectangu­
lar blocks into smaller rectangular blocks. 
Each node in the X-Y tree corresponds to 
a rectangular block. The root node is the 
largest rectangular block, i.e. the input 
document image. At each level, the de­
composition is induced by partitions only 
in one direction (horizontal or vertical), but 
a block may have an arbitrary number of 
children. In the process of partitioning, 
a block is segmented into sub-blocks by 
making cuts in the horizontal profile cor­
responding to troughs of depth and width 
greater than some threshold. Each result­
ing sub-block has a vertical projection pro­
file that can be similarly partitioned for ver­
tical segmentation. The segmentation pro­
cess may be carried out recursively to any 
desired depth with alternating horizontal 
and vertical subdivisions. 

The main problems associated with this 
approach are: 1) At each step of the succes­
sive decompositions, the system has to se­
lect the correct decomposition model since 
the models for the text column, paragraph, 
text line, word, or character decomposition 
are inherently different. On the other hand, 
there are occasions when such model se­
lections are not the direct correspondences 
between the object types and the levels of 
decomposition. 2) Some popular top-down 
decomposition schemes, such as the above 
mentioned recursive X-Y cut technique, do 
not work for certain types of document lay­
out topology. This is especially the case 
when there is noise present on the docu­
ment image. 

The other approach is bottom-up or 
data-driven [4] [5]. It starts by syn-

thesizing evidence at the black-and-white 
pixel level and then merges pixels into char­
acters, characters into words, words into 
lines, lines into paragraphs, and paragraphs 
into columns, etc., until the whole docu­
ment is completely labeled [4]. The tech­
nique is based on a connected component 
analysis. A connected component is a set 
of binary one (zero) pixels in a binary 
image which are either 4-connected or 8-
connected. The algorithm assumes that 
each connected component in the image 
corresponds to one text character or one 
non-textual object. It starts by extracting 
all the connected components in the input 
image. A Hough transform is applied to 
the centroid of the enclosing rectangles of 
the connected components to find collinear 
components. Positional relationships be­
tween collinear components, an interchar­
acter gap threshold, and an interword gap 
threshold are then used to group the com­
ponents into text strings. One drawback of 
the method is that it is sensitive to touching 
characters and fragmented characters be­
cause the underlying connectivity assump­
tions are violated. For some types of docu­
ment images where texts are printed in the 
dot matrix form, the algorithm breaks down 
completely. 

Besides the above shortcomings, most 
of the earlier techniques were developed on 
a trial-and-error method. Little effort was 
placed on systematically evaluating the per­
formance of the document layout analysis 
algorithms. The main reason is the lack 
of accurate document layout ground truth 
data to train and test the algorithms. 

Section 2 describes a technique to auto­
matically create a large amount of accurate 
ground truth data suitable for the devel­
opment of document layout analysis algo­
rithms. Section 3 describes a word segmen­
tation algorithm using the recursive mor­
phological closing transform. Section 4 dis­
cusses one experimental protocol to train 
and evaluate the word segmentation algo-
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rithm given a ground-truthed document im­
age population. Finally, Section 5, de­
scribes our experimental results. 

2 Document layout ground 
truth generation 

Document layout analysis algorithms typ­
ically decompose a document image into 
zones. A zone may correspond to a text 
block (usually a paragraph) or a figure. A 
text zone may contain a list of text lines; 
a text line may include a sequence of de­
tached words; and a word may in turn con­
sist of a string of characters. Therefore, the 
document layout ground truth data that 
are used for the training and testing of the 
document layout analysis algorithms should 
specify this hierarchy. 

The "UW English Document Image 
Database (I)" [8] is a data set for OCR 
and document image understanding algo­
rithm development and evaluation. The 
database has software to convert a DVI file 
from the Y.TEX document processing sys­
tem into bitmap images [10]. The database 
provides a population of 168 such synthet­
ically generated bitmap images. These im­
ages are manually segmented into rectan­
gular zones. The row and column coordi­
nates of the zone box corners are recorded. 
The same software also generates a so-called 
character ground truth file for each of the 
document images. The file contains the 
bounding box coordinates, the type and size 
of the font, and the ASCII code for every 
individual character in the image. 

In the following sections, we will de­
scribe a system that takes the character 
ground truth file and the zone box delin­
eations of a synthetic document image and 
creates a tree representation of the layout 
structure of the document image. The root 
node represents the whole document im­
age. The nodes in succeeding levels repre­
sent zones, text lines, words and characters, 

respectively. Each node in the tree is spec­
ified by its bounding box. 

2.1 Notation and assumption 

Let a document image be denoted as I. 
Let Z = {z1, z2, · · ·, zk} denote the set of 
zones in the document image I, where k is 
the total number of zones. Let the charac­
ter ground truth file be modeled as a se­
quence of character bounding boxes C = 
{c1,c2, .. ·,en}, where n is the total num­
ber of characters. 

Our assumption on the character 
bounding box sequence C is that it follows 
the same order as the logical reading order 
of the characters on the document image. 
We assume that spacings between two ad­
jacent characters follow different probabil­
ity distributions for the character breaks, 
the word breaks and the text line breaks. 
Normally, the character break spacings are 
smaller than the word break spacings, and 
the word break spacings are smaller than 
the text line break spacings. 

2.2 Algorithm 

The following procedure describes the algo­
rithm for extracting ground truth layout in­
formation from the character ground truth 
files. 

1. Compute spacings between any two 
adjacent characters in the bounding 
box sequence C. The distance measure 
is defined as follows: 

p(ci, Ci+l) = P:x(ci, Ci+l)+wpy(ci, Ci+l) 

where i = 1,2,···,n-l. P:x(ci,Ci+l) 
and py(Ci, Ci+l) are the minimum hor­
izontal and vertical distance between 
the edges of the two bounding boxes, 
respectively. The Px( Ci, Ci+l) is zero 
when Ci, Ci+l overlap horizontally. 
Likewise, the py( ci, Ci+l) is zero when 
ci, Ci+l overlap vertically. w is a 
weight with a typical value of w = 2.0. 
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2. Compute the histogram of the 
p( ci, Ci+l)· Normally, it contains three 
peaks: one for character breaks, one 
for word breaks and the other for text 
line breaks. The first two peaks are 
relatively stronger (more populated). 

3. Text line segmentation: If p( Ci, Ci+l) 

> T2 , then the break between Ci and 
Ci+l is a text line break. T2 = aS, 
where S is the dominant character 
font size and a is a constant with a 
typical value of a = 10.0. The bound­
ing box of a text line is calculated 
by finding the minimum bounding box 
that includes all the character bound­
ing boxes within the two adjacent text 
line breaks. 

4. Word segmentation: If p( ci, Ci+l) ::; 

T1, then the break between Ci and 
Ci+l is a character break. If T1 < 
p(ci, Ci+l) ::; T2, then the break be­
tween Ci and Ci+l is a word break. 
The bounding box of a word is calcu­
lated by finding the minimum bound­
ing box that encloses all the character 
bounding boxes within the two adja­
cent word breaks. All the enclosing 
character bounding boxes constitute 
the descendents of the word bounding 
box. To estimate the threshold T1 on 
the fly, we employ a modified Kittler 
automatic thresholding algorithm [15]. 
Furthermore, the word to text line cor­
respondence is established by finding 
all the word bounding boxes that are 
enclosed between two succeeding text 
line breaks. 

5. Find zone correspondence: Each text 
line and all its descending word and 
character boxes are assigned to a 
unique zone Zj that has the maxi­
mum overlap with the text line bound­
ing boxes. Since in the UW English 
Document Image Database (I), a zone 
bounding box is not necessarily the 

minimum zone bounding box that en­
closes the content of the zone, we mod­
ify the zone bounding box so that it is 
the minimum bounding box that en­
closes all the text lines assigned to the 
zone. D 

2.3 Example document layout 
ground truth data 

We tested our algorithm on the 168 syn­
thetic images from the "UW English Doc­
ument Image Database (I)" [8]. The al­
gorithm performed well on all the images 
except on some of the displayed math for­
mula zones where the placement of subse­
quent symbols violates our underlying as­
sumptions (Section 2.1). In this situation, 
the usual definitions of text lines and words 
are no longer valid. But since it is not our 
purpose to provide accurate layout ground 
truth for displayed math zones, we ignore 
these cases. For the 168 synthetic images, 
there are a total of 1366 text zones and 243 
displayed math zones. There are a total 
about 10,000 text lines and 60,000 words. 

To ensure that the above automatic pro­
cedure works correctly on all the 168 syn­
thetic images, we actually displayed each 
document image overlaid with the zone, 
text line and word bounding boxes and 
checked if there were any errors. On all 
the images, we found 4 or 5locations where 
two adjacent text lines are merged together. 
The scenarios were that the next text line 
started immediately below the end of the 
previous text line. After giving a larger 
weight to the vertical distance parameter, 
the algorithm generated the correct seg­
mentation automatically. 

As an example, Figure 1 illustrates one 
of the synthetic document images. Figure 2 
gives the generated zone, text line, word 
and character layout ground truth data. 

In conclusion, the technique described 
here provides an efficient and automatic 
way of creating a large amount of accu-
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rately ground truthed layout ground truth 
data for the development and evaluation of 
document layout analysis algorithms. The 
rest of this paper will use the ground truth 
generated by this technique to to develop, 
train, and test a word segmentation algo­
rithm that is capable of determining the 
bounding boxes for all words on a document 
image. 

3 Word segmentation 
using recursive closing 
transform 

Our approach to document word segmenta­
tion is based on the recursive closing trans­
form. The recursive closing transform pro­
vides an efficient way of computing the bi­
nary morphological closings with respect 
to all sized structuring elements simulta­
neously. It is a very powerful morphologi­
cal tool for image shape analysis, especially 
when the scale of the shape is a factor. It is 
extremely useful in areas where the choice 
of the size of the structuring element needs 
to be determined after a morphological ex­
amination of the content of the image. Sec­
tion 3.1 contains a short overview of the 
transform. For details, please refer to [12] 
[13]. 

The prominent characteristics of the 
current word segmentation algorithm are 
summarized as follows: 

• Most of the top-down or bottom up 
approaches derive the objects of inter­
est in a recursive fashion. Our word 
segmentation is a one step and simul­
taneous process. 

• The algorithm is not sensitive to text 
skew because only local shape infor­
mation is used. Texts can be laid out 
in both the horizontal and the vertical 
directions at the same time. 

• The algorithm is robust under sub­
tractive noise. Therefore, character 
fragmentation will not affect the per­
formance of the algorithm. The algo­
rithm is also tolerant to some forms of 
additive noise. 

• The algorithm is trainable to any 
given document image population. 

• The same methodology for the word 
segmentation is directly applicable to 
both the text line and the character 
segmentations. 

3.1 Recursive closing transform 

The closing transform of a set I with re­
spect to a structuring element K generates 
a grayscale image where the gray level of 
each pixel X E Z 2 is defined as the smallest 
positive integer n so that x E I • (EBn-tK). 
If no such n exists, where x rf_ I • ( EBn-tK) 
for all n, then the closing transform at 
X E Z 2 is defined to be zero. 

Definition 1 The closing transform of a 
set I ~ Z 2 by a structuring element K ~ 
Z 2 is denoted by CT[ I, K] and is defined 
as: 

CT[I,K](o:) = 

{ 
mo in{n I"' E I. (ffin-lK)} if 3n,"' E I. (ffin-lK) 

if\fn,o: (} Ie (ffin-lK). 

In [13], an efficient recursive closing 
transform (RCT) was developed to com­
pute in constant time per pixel the closing 
transform of a binary image. 

3.2 System overview 

In this section, an algorithm for the word 
segmentation on document images is de­
scribed. The algorithm first sub-samples 
the input document image and then de­
tects the block areas that correspond to 
words. The word block detection is based 
on the recursive closing transform described 
in [12] [13]. Each of the detected word block 
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areas is then modeled as an 8-connected 
connected component. The bounding box 
of each of the connected components is com­
puted. As a final step, the algorithm per­
forms a hypothesis test on the heights of 
the detected word blocks to handle merged 
words from adjacent text lines. The vari­
ous components of the word segmentation 
algorithm are described next: 

Sub-Sampling 

Assume that our input document images 
are scan-digitized at a spatial resolution of 
300dpi. For a standard page, this is equiv­
alent to an input document image size of 
3300 x 2550. To process such an image, it 
will take more memory and processing time. 
Our strategy to overcome this problem is to 
use a 2:1 sub-sampling and process a 150dpi 
image. 

The sub-sampling algorithm that we 
have implemented is as follows: let the hori­
zontal and vertical sub-sampling ratio be H 
and V, respectively. Given an input R X C 
hi-level image, the algorithm generates an 
output hi-level image with a dimension of 
lR/VJ X lC/HJ, where the operation l:z:J 
returns the greatest integral value less than 
or equal to ":z:". Each pixel in the out­
put image corresponds to a non-overlapping 
V X H window in the input image. If the 
number of binary one pixels in the input 
V X H window is greater than or equal to a 
pre-specified threshold T, its corresponding 
output pixel is set to binary one; otherwise, 
it is set to binary zero. To obtain a 150dpi 
sub-sampled image, we select H = 2, V = 2 
and T = 2. Figure 3 (a) illustrates one seg­
ment of the sub-sampled 150dpi image. 

Word Block Detection 

The word block detection is based on the 
recursive closing transform. The recur­
sive closing transform is useful in extracting 
shape information in the image background 

(white-space). Maragos [16] indicated that 
image shapes can be characterized through 
the pattern spectrum. The recursive clos­
ing transform provides an efficient way to 
calculate the pattern spectrum of the image 
background. The pattern spectrum is noth­
ing more than the histogram of the closing 
transform. 

Let K1, K2, · · ·, Kn denote n structur­
ing elements. Let Yt = CT[I, Kt]( :z: ), Y2 = 
CT[I,K2](x), · · ·, Yn = CT[I,Kn](:z:) de­
note the values of the closing transform 
at pixel :z: E I with respect to the struc­
turing elements Kt, K2, · · ·, Kn. Let y = 
(Yt, Y2, · · ·, Yn)· Then each pixel in the im­
age I is modeled as a random observation 
data vector Y = y. Furthermore, each pixel 
has an associated label£ = l. For the word 
block detection, the label could be either 
word (£ = 1) or non-word (£ = 0, white­
space). A pixel is defined to be a word pixel 
if and only if it is on or inside the bounding 
box of a word. A pixel is defined to be a 
non-word pixel if it is outside the bounding 
boxes of all words. 

The word block detection algorithm first 
assigns a posterior probability P(£ = 1 I 
Y = y) to each pixel. The output of this 
step is a posterior probability map image. 
The posterior probability functions are esti­
mated during the initial experimental stage. 
In the experiment, we choose n = 3 and K 1 

to be a horizontal! X 2 structuring element, 
K 2 to be a vertical 2 X 1 structuring element, 
and K3 to be a 2 x 2 square structuring el­
ement. 

To introduce the correlation among the 
neighboring pixels in the probability map 
image, we morphologically close and then 
open the map image by a zero-height flat 
structuring element S. We select S to be a 
2 x 2 square structuring element. Figure 3 
(b) illustrates one segment of the correlated 
posterior probability map image. 

Finally, the correlated probability map 
image is thresholded to output the binary 
word block image. Input pixels that have 
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values greater than or equal to Tp output 
a binary one value. A reasonable range for 
the threshold Tp is between 0.5 and 1.0. A 
low threshold Tp value tends to merge sev­
eral words into one block and a high thresh­
old Tp value tends to split a word into many 
blocks. Figure 3 (c) illustrates one segment 
of the detected word block image, where 
Tp = 0.96. 

Word Bounding Box Extraction 

Each detected word block is modeled as 
an 8-connected connected component. The 
connected component labeling procedure 
described in [15] is performed on the binary 
word block image. The bounding box of 
each of the connected components is calcu­
lated. Figure 3 (d) illustrates one segment 
of the sub-sampled image overlaid with the 
extracted word bounding boxes. 

Hypothesis Test on Word Height 

The presence of the character ascenders and 
descenders sometimes causes the merging 
of word blocks from two or more adjacent 
text lines into one big block. In order to 
automatically detect such cases and conse­
quently split the merged word blocks into 
their corresponding correct words, we de­
veloped a simple post-processing procedure 
to perform hypothesis testing on the height 
of the word blocks and test if further divi­
sions are needed. 

Let Wh denote the dominant word 
height of a given document image popula­
tion. Then the procedure hypothesizes that 
all the detected word blocks whose heights 
exceed .6Wh could be split further, where .6 
is a real constant and has a default value 
of .6 = 2.0. For each word block which is 
hypothesized to be divided further, the al­
gorithm will verify it by computing all pos­
sible cut points in the projection profile of 
the posterior probability map image along 
the height direction and within the bound-

ing box of the dubious word block. 
Let H and W denote the height and 

width of the word block. Let P[ h, w] rep­
resent the posterior probability map im­
age inside the word block window, where 
1 ::; h ::; H and 1 ::; w ::; W. Let f(h) 
denote the calculated probability projec­
tion profile. Then f(h) = J, :E~=l P[h, w], 
where 1 ::; h ::; H. The cut points of the 
projection profile f(h) are defined as the 
local minimums of f(h) in a neighborhood 
of size wh and whose values are less than 
or equal to a cut-point threshold Tc, where 
0.0 ::; Tc ::; 1.0 and Tc has a default value 
of 0.5. If the number of such detected cut 
points other than the two end-points (h = 1 
and h = H) is greater than zero, then the 
word block needs to be split further. The 
following algorithm describes the procedure 
to compute the cut points in the projection 
profile f(h): 

Algorithm: 

1. Morphologically open the projection 
profile f(h) by a zero-height fiat struc­
turing element of size Wh/2, denoted 
by k1 . This will remove the narrow up­
shoot spikes in f(h). Let it = f o k1. 

2. Morphologically close it (h) by a zero­
height fiat structuring element of size 
Dm, denoted by k 2 • This will bridge 
the narrow valleys in it (h) and en­
sure that the cut points are at least 
Dm pixels wide. We select the default 
Dm = 5. Let h =it • k2. 

3. Morphologically erode h(h) by a zero­
height fiat structuring element of size 
Wh, denoted by k3. Let h = h 8 k3. 
Then the set of possible cut points 
is defined as {h E [1, H] \ h(h) ::; 
Tc and h(h) = h(h)}, which is the 
set of local minimums of h (h) in a 
neighborhood of size wh and whose 
values are less than or equal to the 
cut-point threshold Tc. D 
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Once the cut points are located, the in­
put word block is split at the cut points and 
the bounding boxes of the sub-word blocks 
are re-computed. 

Figure 4 plots the word height and 
width probability distributions among the 
168 document images described in Sec­
tion 2.3. The document images were sub­
sampled at a spatial resolution of 150dpi. 
From the figure, we observed that the dom­
inant word height is wh = 15, which is 
equivalent to a word height of about 7-8 
points (1 point r:::: 1/72 of an inch). 

4 Experimental protocol 

In the previous section, we outlined a word 
segmentation algorithm. The algorithm re­
quires the posterior probability P(£ = 1 I 
Y = y) to be estimated. Also, to make 
the word segmentation algorithm fully au­
tomatic, we need to develop a procedure to 
estimate the optimal threshold parameter 
Tp on a per image basis. 

4.1 Posterior probability distribu­
tion estimation 

The estimation of the posterior probabil­
ity distribution is based on the 168 syn­
thetic document images. The process to 
create the ground truth layout structures 
for these images is described in Section 2. 
To compute the posterior probability dis­
tribution, we first generate a word mask 
image for each of the 168 document im­
ages. The word mask image is bi-level and 
has a binary one pixel if and only if the 
pixel is a word pixel. Each document im­
age and its corresponding word mask image 
are then rotated at various degrees of 0°, 
±0.2°, ±0.4°, ±0.6°, using a nearest neigh­
bor interpolation algorithm. The range of 
rotation angles is selected because our skew 
estimation algorithm is capable of detecting 
text skew angles on document images which 
are within 0.5° of the true text skew angles 

at a probability of 99% [11]. This generates 
a total input training image population of 
1176 = 168 X 7 images. Each image is of 
size 1650 x 1275. 

We adopt a rather brute-force method 
to estimate the posterior probability P(£ = 
11 y = y): 

P(.C = 1 I y = y) 
P(.C = l,Y = y) 

P(Y = y) 

P(.C = l,Y = y) 
P(.C = o,y = y) + P(.C = l,Y = y) 

The joint probability distributions can 
be substituted with the frequency counts 
#(£ = O,Y = y) and #(£ = 1,Y = 
y). The counting processes are simplified 
in our case because the observation vec­
tors Y = (Yt, Y2, Y3) are integer vectors 
and bounded within the 3-dimensional cube 
[0, N] x [0, N] X [0, N], where N is the al­
lowed maximum output integer value of the 
closing transform [13]. For word segmenta­
tion, we choose N = 63. 

In this paper, we further assume that 
P(£ = 1 I Y = y) is symmetric with re­
spect to the first two coordinates of Y, i.e. 
P[£ = 11 Y = (Yt, Y2, YJ)] = P[£ = 11 Y = 
(y2, Yb Y3)]. This will permit the posterior 
probability distribution to characterize text 
words laid out in both the horizontal and 
the vertical directions. Therefore, we esti­
mate P(£ = 0, Y = y) from the frequency 
count #(£ = O,Y = (Yt,Y2,Y3)) + #(£ = 
O,Y = (y2,Yt,Y3)) and P(£ = 1,Y = y) 
from the frequency count #(£ = 1, Y 
(Yt, Y2, Y3)) + #(£ = 1, Y = (y2, Yt, Y3)). 

4.2 Word segmentation algorithm 
evaluation 

The output of the word segmentation algo­
rithm is a set of word bounding boxes. To 
evaluate its performance, we need to com­
pare the output word bounding boxes with 
the ground truth word bounding boxes pro­
vided through the procedure given in Sec­
tion 2. Let 9 = {Gt, G2, · · ·, GN} represent 

Perfect Document Layout Ground Truth Generation and Simultaneous Word Segmentation 



the total of N ground truth word bounding 
boxes and let 1) = { D1, D2, · · · , D M} de­
note the total of M detected word bound­
ing boxes from the word segmentation al­
gorithm. The evaluation problem can be 
formally stated as follows: 

Given two sets of bounding boxes Q and 
1J. Establish the element mappings be­
tween the two sets and report the numbers of 
miss detections (1-0 mappings), false detec­
tions ( 0-1 mappings), correct detections ( 1-
1 mappings) and splitting detections (1-m 
mappings), merging detections (m-1 map­
pings) and spurious detections (m-m map­
pings). 

To establish the element mappings, 
we first define the similarity between two 
bounding boxes A and B, denoted by 
s(A, B): 

s(A, B)= Area( An B) 
Area( A) 

where An B denotes the region where A 
and B overlap. The similarity defines the 
percentage area coverage of A by B. 

Then based on the similarity measure, 
we define two mappings g : Q ---+ 1) and 
d: 1)---+ Q: 

g(Gi) = {D; E 1) I Gi = arg ~~s(D;,X)} 

d(D;) = {Gi E Q I D; = arg maxs(Gi, X)} 
XE'D 

where g(Gi) denotes the set of D; E 1) that 
has the highest percentage area coverage by 
Gi among all other boxes in Q. and d(D;) 
denotes the set of Gi E Q that has the high­
est percentage area coverage by D; among 
all other boxes in 1). Therefore, we estab­
lish links from Gi tog( Gi) and from D; to 
d(D;). 

Based on the two functions g : Q ---+ 1) 

and d : 1J ---+ Q, we can establish mappings 
between the elements of Q and 1). The rules 
are described as follows: 

1. If there exists a Gi such that 
s(Gi,D;) = 0 for all j = 1,2, .. ·,M, 

then the Gi is counted as a miss de­
tection (1-0 mapping). 

2. If there exists a D; such that 
s(D;,Gi) = 0 for all i = 1,2,···,N, 
then the D; is counted as a false de­
tection (0-1 mapping). 

3. There is a correct detection (1-1 map­
ping) between Gi and D; if and only 
if g(Gi) = {D;} and d(D;) = {Gi}· 

4. There is a splitting detection (1-m 
mapping) between Gi and {D;P D;2 , 

· · ·, D;m} if and only if, 1) g(Gi) = 
{Djp D;2 , • • ·, D;m}; 2) there exists 
one Do E g(Gi) such that d(Do) = 
{ Gi} and for all D E g( Gi) but D =/= 
Do, d(D) = 0; 3) for all D rf_ g(Gi), 
Gi rf_ d(D). 

5. There is a merging detection (m-
1 mapping) between { Gi1 , Gi2 , • • ·, 

Gim} and D; if and only if, 1) d(D;) = 
{GipGi2 , .. ·,Gim}; 2) there exists 
one Go E d(D;) such that g(Go) = 
{D;} and for all G E d(D;) but G =/= 
Go, g(G) = 0; 3) for all G rf_ d(D;), 
D;rf_g(G). 

6. Any other detections are counted as 
spurious detections (m-m mappings). 
D 

Once the element mappings between Q 
and 1) has been established, we count the 
numbers of miss, false, correct, splitting, 
merging and spurious detections. Let N10 , 

N01 and Nn be the numbers of miss, false 
and correct detections, respectively. Let 
Nf.m, N!1 and Nf'nm denote the numbers of 
words in the Q that have the 1-m, m-1 and 
m-m mappings with words in the 'D. Sim­
ilarly, let Nfm, N!1 and N!m denote the 
numbers of words in the 1) that have the 
1-m, m-1 and m-m mappings with words in 
the Q. Then the following relations satisfy: 

1) N = N1o + Nn + Nf.m + N!1 + N!nmi 2) 
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M = N01 + Nu + Nfm + N~1 + N~m; 3) 
Nfm ~ Nfm; 4) N!1 2: N~1· 

The performance of the word segmenta­
tion algorithm can be measured through a 
goodness function. Let it be denoted as K,. 
It is defined by: 

K, = min(K,t, K,2) 

where 

"'1 (·noN1o + -ruNu + 
'YlmNfm + 'Yml N./:,1 + 'YmmN!m)/ N 

('Yo1 No1 + 1'11 Nu + 
'YlmNfm + 'Ym1N!1 + 'YmmN!m)/M 

and the 'Ylo, 'Yol, 'Y11 1 'Ylm 1 'Yml and 'Ymm 
are economic gain coefficients for the miss, 
false, correct, splitting, merging and spu­
rious detections. The larger the goodness 
measure K,, the better the performance of 
the word segmentation algorithm. In the 
experiment, we choose the economic gain 
coefficients as in Table 1. 

4.3 Optimal threshold deter­
mination 

In the word segmentation algorithm, there 
is a threshold value Tp that needs to be com­
puted on a per image basis. Therefore, it is 
necessary to develop an automatic proce­
dure to predict the optimal threshold value 
on the fly. Our approach to this problem 
is to first determine the optimal threshold 
values for each of the training document im­
ages and then construct a regression func­
tion to predict the optimal threshold value 
given the histogram of the posterior proba­
bility map image [11]. 

Given an input document image, K, is 
a function of the threshold value Tp, i.e. 
K, = K,( Tp). The optimal Tp is defined as the 
value that produces the best word segmen­
tation goodness measure. Let T;r't denote 
the optimal threshold value. Then, 

T~t = arg [ max K,(Tp)]. 
TpE[O,l] 

Figure 5 illustrates the probability dis­
tributions of the optimal threshold values 
T;r't and the corresponding goodness mea­
sures for the 1176 training document im­
ages. The cumulative probability is defined 
as the Prob[K, 2: K,o], i.e. the probability 
that the goodness measure K, is no less than 
K,o. We observe that the optimal thresh­
old values lie approximately in the range of 
[0.5, 1.0]. 

5 Experimental results 

5.1 Performance on the training 
image population 

To benchmark the optimal performance of 
our word segmentation algorithm, we tested 
the algorithm on the 1176 training docu­
ment images described in Section 4.1 un­
der the optimal threshold setting Tp = T;r't. 
Table 2 and Table 3 illustrate the percent­
ages of miss, false, correct, splitting, merg­
ing and spurious detections with respect to 
the ground truth as well as the algorithm 
output. The word boxes from displayed 
math zones are excluded during the evalu­
ation because the ground truth word boxes 
for mathematical formula (displayed or in­
line) are not accurate (Section 2.3). Of the 
429,338 ground truth words, 95.2026% of 
them are correctly detected. 1.9658% and 
2.5530% of the words are split or merged, 
respectively. The total miss and spurious 
detections account for about 0.3% of the 
total ground truth words. On the other 
hand, of the 434,390 words detected by 
the algorithm, 94.0954% of them are cor­
rectly detected as the ground truth words. 
There are 4.4191% and 1.1372% of the de­
tected words are derived from either split 
or merged ground truth words, respectively. 
The total false and spurious detections ac­
count for about 0.3% of the total algorithm 
output. 
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5.2 Performance on the testing 
image population 

To assess the optimal performance of the al­
gorithm on other document image popula­
tion, we first prepared a new set of 96 :U.T.EX 
document pages, and then created the cor­
responding TIFF images and the ground 
truth word bounding boxes using the pro­
grams described in Section 2. Each of the 
96 document images and its corresponding 
ground truth word bounding boxes are fur­
ther rotated at various degrees of 0°, ±0.2°, 
±0.4°, ±0.6°. This generates a total of 672 
testing document images. 

Under the optimal threshold settings 
(Tp = T;t't), Table 4 and Table 5 illus­
trate the percentages of miss, false, correct, 
splitting, merging and spurious detections 
with respect to the ground truth as well 
as the algorithm output. Of the 258,328 
ground truth words, 95.0667% of them are 
correctly detected. There are 1.6015% and 
2.7573% of the words are split or merged, 
respectively. The total miss and spurious 
detections account for less than 0.6% of the 
total ground truth words. On the other 
hand, of the 258,802 words detected by 
the algorithm, 94.8926% of them are cor­
rectly detected as the ground truth words. 
There are 3.5896% and 1.1441% of the de­
tected words are derived from either split 
or merged ground truth words, respectively. 
The total false and spurious detections ac­
count for less than 0.4% of the total al­
gorithm output. The evaluation does not 
exclude the word boxes from the displayed 
mathematical formula. This explains the 
slight changes in the percentages for the 
split, merged and spurious detections. But 
otherwise, the performance of the word seg­
mentation algorithm on the testing docu­
ment images is not significantly different 
from that on the training document images 
because the training set is sufficiently large. 

Figure 6 and Figure 7 illustrate two ex­
amples of the word segmentation results. 

From the images, we observe that the word 
segmentation algorithm performs almost 
equally well on synthetic and real document 
images. The whole process takes about 30 
seconds per image on a Sun Spare 10 work­
station. 

6 Conclusions and 
future work 

We presented an automatic method for gen­
erating a large amount of accurate docu­
ment layout ground truth data from :U.TEX 
files. The generated layout ground truth 
data is then used to train and evaluate a 
word segmentation algorithm which is ca­
pable of simultaneously detecting all the 
words on a document image and is trainable 
to any given document image population. 
We described an experimental protocol on 
how to train and evaluate the word segmen­
tation algorithm. The experimental results 
demonstrate that under the optimal algo­
rithm parameter settings, the correct word 
detection percentage is about 95% on both 
training and testing document images (a to­
tal of about 600,000 words). We achieve 
this performance even with the presence of 
some small amount of skews. 

We are currently developing procedures 
to make the word segmentation algorithm 
fully automatic so that it is capable of pre­
dicting the optimal threshold parameter Tp 
on a per image basis. A regression tree 
function can be constructed to predict the 
T;t't given the histogram of the posterior 
probability map image, similar to the pro­
cess described in [11]. Our future work will 
also include extending the current word seg­
mentation technique to the text line and 
zone segmentation. 
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Abstract 

n. •re~ ,,..N/.,....tioa oaN-.._.,.,.., lUI­

crete 'JIOtt z• u lifo:u•N. ne ""'''"" il e~ 
deal W t.l)m.,Ue lle 6-.r, o,e'"-1 {elo..,} wUluJ 
ri.ld .ar.etan., tlmle~tf. n abo""""" • pKJi .. , 
ip tde.,.,t 1M,~,.. ~- ,, •• ..... p. n. 
poUnoot qcdrnt .. ,,. "' ............ _,., ,. ... 
~Ill oftl• opnaftg tN'IU/flrm. A~t •ffieW~tt '-­
,... ,....,..,._ opnai.tf fNN/Prm &l,r~ridim U find­
opel -.1 inlplnna.W. n~ eM'M:,......, ,, il.r .,._ 

ritlnt il '""'"' .... Moe ft:)lfriMt:.W,...,-~ 
Ill. 71. PI!IJ!It.l&ft ~- f.lilt ..... 1nnm.m. tiM tt/ 
tU U,..rif.l• V • lir.eM jnctift •I n, Mlere n il tU 
pnotlad o{f.l.r ~tURkr of n..,., o11..r pi.d. PI U. iapa 
aiao,., W.,e .... f.le aanthr ofpoiT4U ilt. tM lhcla,._ 
a, .rltmnl. W.ln loW M,U m..,., il>l.~~ge .V. V lSI 
X JSiod~ o/f.le i~M~IV tntrt4 tr f.le &t.e­
.., 0111 ,W•l., il '-'•• qproaiwl•"" JSD mUJU.......U 
to ~- ,.,.....,., •• mw ....... _.it to,N, .,. 
ptvaimott, 500 millU_.., tG flo .,. •"""-ry Mil 
He~ oa ..W s-;s,_ 11-~" (vjl/& C 
compiler•ptillliu.IWaftlf11#). 

1 Introduction 

The mathem.tK.! mowphology h.u druro nmcb at­
'eo'ioa ia ihe compv.iu vaiwa ~ib oince the 
initio! wmk h,. ~. [1). The tedmiqoe ill proven to 
be a very powerful tool ia tlupe ana~,.-. There ill 
a lorp body of ll~ure Mid~~~~ "• Uworetieal 
upeet. of ibe morplaolockeJ opera,on (2] u well u 
UwU: -nou. applie&t.i-{S]. 

Howe-n:r, oue ullhe cb&U.=osiac problm. remai. 
lq Ia lU. ., .. k to dt~velop d!kkat .Jpriihml t.o 
perform the morpho~ operaliona. Tbk kind of 
d1nlopmta~ wW ll•n • SAM im))Kt 011 1MDJ I'MI­
tlme vii». ept- where the morpholosic.ol oper .. 
\tor. ue eompu\Uion&Uy bllta1in, ftPedally wbn. 
tiM me m the •Uuct.urilli elememl become~ lute. 

One way out oldlil dilemm.il t.o dll'tllop rec:~~nive 
morpholot:ical6lhn. Til• n~nive morphoJockal op­
erator U OD.e type of morph~AI. operator whoM: 
output depend• Dot oub OR tbe input pixela which 
ue corered. by tbe dom.in ohbe ~ elm.=ot, 
but IIlio on nn~ or mon: ptevioul)' c:omputal output 
vahea. The recunive fihen ue pnmtl1y compu~ 
tian&Uy JnDf1l efticien& Ulan tleir non-rec:Uf'lin COUJI.­

terpe.N. Har.Jkk [5-] ead Bertrand [6] deoaibed one 
IUdl type of• Mer, the ~JeDera.llsed dl1t&Dce tr&n&­
form (GDT) whlcb ill a ~tDerAlilatioo. of the dilltaru:e 
bollftlform fin\ d'IYiloped by R-nf~klud Pfalb (4]. 
The GDT U YeT)' dflcieot i11 pt!lfom:~iq the bioa:ry 
ero.ian wi\h a.o arbi.bary Wed .macturins rlm.=ot. 
For a N-paillt rnuduring eH:tneut, th~ require:~ mu:­
iulum gllJIIbon ofg,_.aliuno pq pi:uli. N + 2. 

Iothi.paper,W'I!w:illfirst.revinr...mroftMmm­
pbalocical opaatiou uad tbe GDT. Tben we wW iD­
trodu~ the ec.~:ept of the openiog traDdonn (OT) 
.00 ol.ow how it UD ba -=d. to caku.bt.\o:l the bio.l:y 
opellinc .Uh u a.rbfuuy 1iaed ruuduriq; elemta­
l. Tile <lpi!Diq tra.o.tona aDo )UOVida a quidr. wa.y 
to compuW th• pat,era IIH•dnm oC au imop. It ill 
found \bat the peilera tpeeirum k Dothi•K IDI)te tUn 
• blttopam of tM opealng traufonn (3}. AD efti. 
deot. two-pMO recursive ope~~lq trauform alpldtbm 
requirinc about 14N opemliou per pixel fa: u N­
point Hrudllfiq eJrment k delcribed. iD ~- The 
thnordi~.:l praol oC the alogrithm U 11ot sinm. d..., to 
t.he lack ot space. Fia&IJ.,-, - uperimq.ial retuh.l 
~ ............ 

2 Deflnitioas and Notations 

Io thill .ectio11, ..me of the morpbalosital oper .. 
tio111 a.od the seoer.JUed diot.aoc:e trauiorm on re­
viewed. LetA,KueMt&inZN. 

De/irlitin J: Tbe dilatioa or A by a 1huduria1 ele­
meulKitdet~.o\ed by AeK a.odiodefbaedhy A !IlK= 

Figure 1: Illustrates an example document page. 
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Figure 2: Illustrates the hierarchical layout representation of the example 
document page. (a) Zone bounding boxes; (b) Line bounding boxes; (c) Word 
bounding boxes; (d) Character bounding boxes. 
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Figure 3: Illustrates the word segmentation process. (a) sub-sampled 150dpi 
image; (b) correlated posterior probability map image; (c) thresholded word 
block image; (d) word bounding boxes. 
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Figure 4: Illustrates the word height and width probability distributions. (a) 
word height; (b) word width. The image resolution is 150dpi. 
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Figure 5: Illustrates the probability distributions of the optimal threshold 
values T?'t and the corresponding goodness measures for the training document 
images. 
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Table 1: Economic Gain Coefficients 

Table 2: Algorithm performance with respect to the ground truth on the train­
ing image set. 

Total Ground Truth Words Correct Splitting Merging Miss Spurious 
429338 408741 8440 10961 376 820 

(95.2026%) (1.9658%) (2.5530%) (0.0876%) (0.1910%) 

Table 3: Algorithm performance with respect to the algorithm output on the 
training image set. 

Total Detected Words Correct Splitting Merging False Spurious 
434390 408741 19196 4940 763 750 

(94.0954%) (4.4191%) (1.1372%) (0.1756%) (0.1727%) 

Table 4: Algorithm performance with respect to the ground truth on the testing 
image set. 

Total Ground Truth Words Correct Splitting Merging Miss Spurious 
258328 245584 4137 7123 846 638 

(95.0667%) (1.6015%) (2.7573%) (0.3275%) (0.2470%) 

Table 5: Algorithm performance with respect to the algorithm output on the 
testing image set. 

Total Detected Words Correct Splitting Merging False Spurious 
258802 245584 9290 2961 313 654 

(94.8926%) (3.5896%) (1.1441%) (0.1209%) (0.2527%) 

Su Chen, Robert M. Haralick and Ihsin T. Phillips 



fiiiiiiil E!nvuonment I 
o iii ~ @iiiiiiWi Ui&ll lliil iLWiil IIIEtllll neeas til 

Iii! IIZ:l:lmltm Dl IJiil iiynthes••O<! ili9i BiWi filii <mm> 

~ tn IJiil piirbopant'ii IWia iii2n2iiiJ ~ 
ruiil iii fuevttable 1411811 tinrularlyl End-iiifiidaii iiiiiill 
Iii! ~ ~ ili fJiil Envnonmentl 1Jiei1 iiiJ:W 
iiiilliiil iiilllliil iliiiiCilll ili!Jiil iiiiEi&l teiiresentatioll811lll 
~nd;;eHedori 8d mm iiiiii:H ~ ~ [riiil !!Q!!Jl 
~ em Eliim liil ~ Ei.iiiiM [JD f.limili!!Pill3 

[liCJ iiliiil ~ a e!lllll gener8J Eonstra.mtil @;&] 
pomt:to-pomtl t>OmWo-pjanel liiiia IJiil maJiiiilii tn 
liiiiiil flimil ~ UiiillprovtdesjiL!IZ!D bf bebaVJoil l'iiiijg 

fiilliii rml liiiiii&il iiiiilel8 [IDJ [riiil l"ieliiiOOil liiiia.iOii8 
!!!!!!!B!J aliial6llfonsfnnnfi BiiiJ BuhOOmade!S ~ 1JW 
llpme! IWiiil ~ llii!Jiil liiiiii&il IWiiliill Wil mm 
OOIJi llll f.li5il !eatures! constrruntii ana IJiil 'EWiiiiW5i! 
~ fii ~ miiiiill ii.iiJ1ieil iiilii liWiiiiil P08tures! 

Sensoll II nterfiicFl 
!!J Eliil l)arttctpant., cente:D lllllm!!!!!l irul am .liilliiiil 
~ iWiilaJ Wlillil fliiil ~ !.!!!.ll iUill iiiMCii Ui&ll 9 
llll £liil b&rftctjiaJl!i'a iiJI !::!!!lJ ftomtl IJiil llii&I ~ 
iiilllliil ~ Fml!!!!!!!! fuhealtonal fliiil ~ 
llll~iii~ 

Wil ""' ~ £liil lffiWil liill Hmlil Wiiii ~ 
IOOii [lechriolog:yJ Ilia liiil poinbon/onent&ttoil w;a;;! 
[g) Willi 11J1. ~ ~ ll'l"angmJttiOji ~ !!IB 
=<1m em UIIIlZil ii.liiiiill iii HD R;ID l'iiiill beDJIBPhereJ 
Elii:l( llliiJ Belllllllt iii ~ til II Siliiiiil ~ 
[i]]['llill!J il.ii a ffiUal RS232 fonner!mii blnmnii mJ 
~Daiial 

Ill lliill BilDUI&tiOnl ..., 1m! FODSidennli l!iil hAiiili tn 
Iii! IJiil ~ iind-Pifirliiiil ii.ii.iilililil tn Eliil j)&Iftctj)&hll 
tThereforeJ 1!1[8 nem rmiilllelllllliB (Q]m w lnforrnibod 
~ fii BDiiil IJWitmtliilmnl ~ Blll ~ [JD 

Eiai i>!!ill)!Jiil ~ irul IJiil liiiiiill ~]'!!] OJ 
[rli'ii ~ lnfnrmaliliri 12111 fJWl 1111 fiiM ffi 11 

~llll~ 

IJiiil llll Eliil iiiiiiiil ~ liill.ll IJWI ~ """' 
~ llii!Jiil iiiiliilllillOi iiWi fii IJiil ensm:!D [riiil 
m:rxJ ~~~a iinbitiinljal i0 

• ~ l)arl!etpan41a iDiilliiii ~:&~~ !iii uea fii ~ ~ lieiWWi iiiWl BJWil ~ iiJ1 a I2Q!ll irul iiiWl 
BiEii! a ~ liWiiiiil [ii a 1iiiiiWiJ Eii:iilliiiiJ ill l:liJI !iii~ II'Iiii jWililem ll!llll fjrrnmvenU 
mm1tJ II'Iii9 em m=J1 [ii ~ irul Bi!ilil r.iJ ~ ~ EiiiiUiiJ ll!I!Jiil EJilCil fii B ~ 
~1onall\l iillOWii 1'iii1 interadmd limB @Ji£il liiiliii! llm1l!ll ~ II'Iiii III!Il!l!ll iiilll ~ IJiil Eiiial 
liiiiii&i'iii Uil a ~ Environment I til liiiill B Elieiillla ~ ffiii provtdg!Jiil EJieiill liiiiR 

• rTiiii in formAttfiri em iiSa 1ifl Uiea IOi mm 

~~irul~~~ 
1:&11 liil ~ irul Wieill:i:UIEiiilliiiiniii ~ 
D11 B:iiWW ~ lD B:iiWW ii!nv•ronmentsl ~ 
ifza.mi>!elll Ia ~ ~··~llll 
fiiOiiOiiii em liil ~ Wffil a ii5!?J berceniD<l 
~ 

• lil em !iii Wieil 1111 BD iiiiiiliiliil !!!!ll £iiil Eiiiifiiill 
ffi!iij Dll iiOStttomnli ~ iil a (radtltonall mm1 

~ Envtronmentl Eim Bl!Jiil ~ ~ 
EiiiiWiUM iii IIIIll II ffiUal tepresenfa£ton ll!l £!iil 
~ Ui a iiii:Eiiil iinvtronment! fliiil ~ 
~ 111 ~ l!mll Pf mpuUirili 111iiiiiiail1!!!!3 
!Jm! £iiil B ~ Bijjjjjjiljjijj 

~ Wliett ~ [riiil"""""" fii:Uii ~ 
rmm lliilllliilii iiJIIliil iiiiiiiiliilll ~ ~ aru~ ..,. 
~ tn EUmill ~ !!il ~ lliil miWI m.=ll 
~ rmm lliili<pproprmtij llliill II'Iiii j]Dplementa:! 
WiD iiJiilJiil liB fii - rn IITOCil ~mm !!!Ill iiiliaiii1ii 
liD am ~ irul iiiiQWil rn EJieiill fii lliii liillli iiliii=l 
iiiUiJ i)eriormane!l fjegractat101j iiWi tn IJiil ~ llll 
~ IJiil ensm:!D IWil I1ID!I ~ iiliiiiill IZlblll !!I1J 
Eliiei ~ ~ liD Eiai llii!Jiil GllllllW llll iiJiial ..., 
IDII!~ii!iiiiiliBtllliD IWiiii:Ciiiiiiiila~mtl!llll 

liili<iiill R;ID l'iiiiieil ~ ~ nn 1m l:iGI ~ 
WitH a ~ FnVJtonmenJ Dll BliQiill I21BlD ~ 
[riiil liiillil lllllliil ~omputat@( iieil Uil £liil Uilimiilli:i:iie;) 
EiliiiC8 ~ limi£11 miJJI iii IJiil iilWfiiiiiiil ~ 
til iiiiiiilliiii! p08tboij ~ Wiiiiiiiill ~ = 
I"Wii mtl!:i 

rosturm,llJ fliFl OJ D "ll IF•gurij 
~ 1IIII:3 llll ~ kinemabcll ~ trJ iiQ1if1 
~ ~ 611 fonsframtij £lii]l r:zn fia ~ 110. 

l4ll am liiiiUI iii iil IJiil Elliilfill llll ~, a iiiiill 
~ ~ £iiil !nteractiVe!jj ~ ~ 1!1 
~ iiiiJ ~ ijrbcu!Ated ~ briDClpall)1 
biiiiiii.il ~ [Til [lAd!~~ Bll EiiliW 
tiim:illll[!.&!!l ~ ~ !!il~ lliill !.!!!.ll 
lim~~ on tTanslational ~ @l 

~ [riiil Uiiiiel lllllliilliiiiiiiiil ~ Ui&ll w.e mm 
l'iiillliil ~ limlliiii f!ll bomtij liiiOJJi 11 Eiiliilllll f!ll 
~ lliii"Wil2ffil ~ IJiil liiDWI irul !!!jgill 

li\dicl!latllld ~ ~ EonilrNnfi ijeneralljt 1:19 

§ill!g ~ p<!rameterolilliil ~ "~ ~ 
\)omWO:pomtl ~ tn blane)J BD Eiiil 8fiiWiil ~ 
rn ~ Eliiiiii lliill iiiilllli ~ aru~ 111 ~ 
!!!!!l1!!!l DIIiiiil IWii EOJiWiJ IJiil ~ ~ IJiil 
~ tu:ii&Ii<iiiil ~ Willlliiiiii&il ~ ili 

Ill 0 liiiii a tofia ~onststmiij llll [JI ~ irul Ill 
~~ 

Figure 6: Illustrates a synthetic document image overlaid with the extracted 
word bounding boxes. 
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Figure 7: Illustrates a real document image overlaid with the extracted word 
bounding boxes. 
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