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Abstract

Recently a formal model for document processing
of business forms has been developed for visualiz-
ing and understanding various types of documents.
In this paper, we extend this approach to allow the
system to visualize and understand the finest gran-
ularity of data written or printed on these docu-
ments. An extended formal model is proposed to
seek specific regions inside a document and perform
appropriate local, instead of global, thresholding
techniques that lead to extracting valuable informa-
tion from the discovered regions with the challenge
of preserving its topological properties. We will in-
troduce the approach, illustrate how the extended
formal model, which uses a new local thresholding
technique to eliminate the background of a given
document, and present the experimental resulés of
both systems to compare their performances.

1 Introduction

Document processing of business forms has at-
tracted considerable interests in recent years ( [4,
9,6,7, 12, 16, 18, 19, 25, 28, 29, 30, 32] ). [7] and
[16] introduced a formal approach to extract infor-
mation from bank cheques and present it to further
processes that are able to recognize the written in-
formation on these scanned bank cheques [16, 23].
According to Figure 1, the process of visualiz-
ing, understanding, and extracting handwritten and
hand-printed data from bank cheques is divided into
the following steps: Image enhancement (average
filtering), image segmentation (background elimina-
tion), object detection (detection and elimination of
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base lines), morphological processing (closing oper-
ation), image enhancement (binarization and me-
dian filtering) topological processing (restoration of
lost information), and finally segmentation of re-
quired information.

In this paper, we present an important exten-
sion to [7] to enable the new system to preserve,
visualize, and understand the finest granularity of
data written or printed on these documents. [7]
can be used in the modeling and the implementa-
tion of many areas of document processing where
the preservation of the printed and the written in-
formation on documents is a very challanging task.
In such systems, the problem of eliminating the
background information from the foreground and
at the same time preserving the topological proper-
ties of the foreground is a non-trivial task to model.
This is true because many document images could
contain different backgrounds with multi-level ob-
jects that form a complex and sometimes dark back-
ground that is very difficult to eliminate using global
thresholding techniques as in [7, 16]. Preserving the
topological properties of the foreground (written or
printed) information will increase the productivity
of the system and will have a direct impact on the
recognition results which is a further step taken in
[16]. :

Thresholding a gray-scale image by a value ¢
means converting the image to a binary one. The
two levels may represent two classes or, more specif-
ically, objects and background in an image. The
process of thresholding will classify pixels that have
values greater than ¢ to one category and the rest to
another category. The threshold value t is global if
the same critical value ¢ is used across the whole
image as in [7]. Many thresholding techniques



have been developed for the purpose of threshold-
ing or segmenting foreground objects from back-
gound objects for a given image (see, for example
[2,3,9,11, 13, 14, 15, 20, 10, 21, 24, 27, 31]). Some
developed techniques simply use the histogram of
an image. That is the numbers of pixels at each
gray-level, whereas other techniques use contextual
information such as gray-level occurrences in adja-
cent pixels.

Despite the benefits that can accrue from using
contextual information techniques and allowing the
threshold ¢ to vary over an image, histogram-based
algorithms are the most commonly used. They are
simple to understand and implement, and computa-
tionally fast once the histogram has been obtained.
However, within this restricted class, a large number
of thresholding techniques have been proposed in
the last decade, which present a potential user with
a bewildering choice. Lee, Chung, and Park[17]
compared three histogram-based algorithms with
two contextual ones.

In this paper, a new local approach is presented
and compared to the global approach presented in
[7] towards a more intelligent system that is able
to model the human perception and understanding
of document images. Section 2 will introduce the
model in brief; Section 3 will present the novelty of
the approach of Section 2 and show the limitations
- of the model; Section 4 will present the new tech-
nique to enhance the productivity of the system;
Section 5 will present the results of the compara-
tive study performed on both approaches; finally,
Section 6 will present the conclusion and highlight
the future direction of our work.

2 The Model in Brief

Let N be the set of natural numbers. (i,5) be
the spatial coordinates of a digitized image, and
G ={0,1,...,1—1} be aset of positive integers rep-
' resenting gray-levels!. Then, an image function can
be defined as the mapping f : N x N :— G, where
f(3,7) is the gray-level of a pixel whose coordinates
are (7,j). Also, by convention, the gray-level 0 is
the darkest and the gray-level | — 1 is the lightest.

2.1 Image Enhancement

Given an image f(z,y), the procedure is to gen-
erate a smoothed image g(z,y) whose intensity at
every pixel (i,j) is obtained by averaging the in-
tensity values of the pixels of f contained in a pre-
defined neighborhood S of (z,j). In other words,

1Tn our model we assume [ = 256.
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the smoothed image is formally defined as g(z, j) =
%E e mIes f(n,m), Vi,j € f(z,y), where S is the .
set oé coordinates of points in the neighborhood of
(3,4), including (4, j) itself, and N is the total num-
ber of points in the neighborhood, i.e., N is equal
to the cardinality (number of elements) in S. For-
mally N = Card(S). In our work we used a 3 x 3
neighborhood.

2.2 Image Segmentation

Let t € G be a threshold and B = {bo, b1} be a
pair of binary gray-levels such that bg,b; € G. The
result of thresholding an image f(z,y) at gray-level
t is a binary image function fg : N x N :— B, such
that

bo
by

- if £(i,7) < t.
fB(“)’{ if £(i,5) > t.

In general a thresholding method is one that deter-
mines the value t* of ¢ based on a certain criterion.

2.2.1 Extended Otsu’s approach

In the histogram method for peak selection, the con-
tributions of a small region may be masked by other
larger ones. One solution is to apply thresholding
recursively in the following way: the thresholded re-
gions are considered as new images and the process
of histogramming, peak selection, and thresholding
is repeated until no new peaks can be found or the
remaining regions are too small.

In this sense, effective segmentation can be
achieved in some classes of images by a recursive
method extending Otsu’s approach [7, 8, 20]. In
the first stage of this new approach a gray-level his-
togram is evaluated for the whole image. According
to [20], given a gray-level histogram of an image
f(z,y) the threshold THR, the mean p, the vari-
ance o, and the separability factor SP are calcu-
lated for the whole image. The separability factor
SP, a number between 0 and 1, tells us the possi-
bility of separation between the two classes Cp and
C;. Now, given that the separability factor is less
than 95% we will assume the calculated threshold
value THR for segmenting the two classes or ob-
jects. The result of segmentation is a new image
frie(t + 1) with one class (or object), denoted by
C:(t) is being segmented from the main image call
it ffilt (t) at time t.

At time t+ 1 we will calculate again the gray-level
histogram of fy;1:(t+1) and test Otsu’s approach for
the separability factor. If the separability factor at
time t + 1 is greater than 95% we will terminate our
process since the image fyii:(t + 1) has one and only



one object with the background eliminated. How-
ever, if the separability factor at time t+1 calculated
by the Otsu’s approach on fyi;(t + 1) is less than
95%, then a new histogram is calculated, excluding
all previously found objects, to test the separability
factor if it is greater than 95% to segment another
object Ca(t + 1).

This process will continue until time ¢ + p where
there are no more objects to be segmented. As
a result we will obtain: fri(t) = Cy1(t) A\ Ca(t +
DA ACi(t+i=1)A...ACp(t + p— 1) where
fihr = Cp(t + p — 1). Based on the experiments we
did on 505 real life bank cheques? [8], the number
of iterations was mostly 2 and rarely 3.

2.3 Guide Lines Elimination

Once the background has been eliminated from the
gray-scale image, base lines will be located and ab-
stracted from the gray-scale image f;p, as follows:

S o5l if fonn(,5)% Line
fir (3,9) _{ finr(i,7) otherwise

where, fir(i, ) represents the image after removal
and Line represents a recorded base line. Unfortu-
nately, when we cut the base lines from f;5, there is
aloss in the handwritten information that intersects
with the base lines (Figure 2 (b)). As a remedy to
this problem, we will introduce a formal approach
using morphological processing followed by topolog-
ical processing to restore (fill the gaps) the lost in-
formation because of base lines elimination.

2.4 Morphological Processing

Given fi;, we will use morphological processing
to restore the lost handwritten information that in-
tersects with the eliminated base lines. To restore
this lost information we will perform a morphologi-
cal closing operation as in [1, 26] on fy;1;, threshold
the base lines from the morphological image, and
extract the information within the line’s region to
be "ANDed” (/) with fi.. In this section, we will
present the morphological closing operation and its
important property as in [1] before we deal with the
other processes we mentioned in this paragraph.

The gray-scale closing is defined as feV = f@Vo
V, where (& V)(i, j) = min{f(i-+k,j+1) | (k,1) €
Va} is the erosion of image f by the structuring
element V and (f @ V)(¢,j) = maz{f(i + k,j+1) |
(k,1) € Va} is the dilation of the image f by the
same structuring element V.

2These cheques are obtained in colaboration with Bell
Québec.
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Closing has an interesting property: it is an
idempotent transform; once it has been applied,
it is useless to apply it again. This is defined as
feVeV ="FeV.

According to [1], every nonlinear transformation
results in some loss of information; but if a transfor-
mation is idempotent, the amount of information it
would lose is self-controlled which is an important
property to be considered in our case. The resulting
image is named fei,, (Figure 2 (c)).

2.5 Restoring Lost Information

Knowing the base line’s positions and lengths, we
can process now the morphological image f.;,, by

thresholding base line pixel values according to their
MEAN as follows

f (2 -)_ fclos(iaj) iffclos(iaj) SMEAN
clos\t, 1) = 255 otherwise

if feios(i,7) € Line
otherwise

fanp(4,4) = { 21(1 ,(33)1')

Figures 2 (d), (e), and (f) illustrate this approach.

2.6 Topological Processing

The purpose of the morphological closing operation
is to reduce the intensity of base lines and increase
the intensity of the handwritten data in order to
reduce the loss of useful data after thresholding
base lines in f,,. Unfortunately, this morphologi-
cal approach, sometimes, does not completely pre-
serve the handwritten data that intersect with the
base lines to be eliminated. The reason behind this
is that sometimes the intensity of the base lines is
very close to the intensity of the handwritten data
in the original gray-scale image fy;;;. In such cases,
thresholding the base lines as in fi, will result in a
loss in the topological property of the handwritten
information.

Three possible configurations of gaps have been
considered according to the information loss with
diagonal handwriting or perfect superposition. The
four extremities that delimit gaps are labeled: L+,
L-, R+, and R- as illustrated by Figure 3 (b). Iden-
tification of gaps is achieved by performing an edge
detection algorithm, as in Section 2.7 on the image
fanp, whose purpose is to find the edges of the
handwritten data that were lost due to the elimina-
tion of guide lines in the image fi» and not restored
in fe0s using the morphological closing operation.



2.7 Edge Detection

For digital images, the gradient magnitude D(3, j)
and the gradient direction 6(, j) of f at (i,j) are
D(i,5) = (Dzf(i,5))? + (Dy f(3,5))%,6(i,5) =
tan~(Ay f(3,4))/(Dc f(i, 7)), where Azf(i,j) =
fG+Lij+D)+2fG+ L)+ fGE+1,5—-1)+
f@i— 1,j+1)—2f(i—-l,j)—f(i—l,j— 1), and
Ay f(i,7) = f—1, 5+ D) +2f(¢, i+ 1)+ f(i+1,5+
i LDy S R = 1)

2.8 Gaps Identification and Filling

As a second step after calculating the magnitude
and the digital gradient of each pixel, the algorithm
is able to go through the image searching for dif-
ferent extremities that delimits gaps (Figure 2 (g));
the algorithm uses different rules to identify the four
possible extremities. Having identified all possible
extremities, gaps are filled according to the follow-
ing rules in the order: (L+, L-), (R+, R-), and (L+,
R+) as in Figure 3 (a). (Figure 2 (h)) shows the re-
sults.

2.9 Information Extraction

Pursuing our formalism, if ay = {ay,,ay,,...,a;,.}
is a finite set of filled data and L, =
{Ls,,Ls,,...,Ls,} is the finite set of base lines,
then we will define a finite set of relations denoted
by ' = {I'1,Ts,...,Tx} between the two sets oy
and L, represented by a matrix M:

M= I; if(af'.,L,j)EI‘
el Uit Al (afnLSj) gr

which satisfies the following condition: VI(I'; =
(af,RLs;)),R = {R,L,A, B, I}, where R,L, A, B,
and I represent Right, Left, Above, Below, and In-
tersect respectively.

It is clear that the filled data ay,Vi € {1,...,m}
could be easily located using the matrix M. We de-
fine the location description of ay,; as a tuple whose
components are: (a) the filled data ay, (b) any ele-
ment of the set R, and (c) a line L,;. Formally, we
have: (ay,,r,Ls;), aj, €ay, TE€R, L,; €L,.
An item description may have close relations with
several graphs, so several location description tuples
can be associated with each oy;.

Now given the matrix M and the location of all
base lines L, € L,, the system is able to extract ay,
Vi € {1,...,m}. The extracted set ay could further
be presented to a recognition system. Referring to
Figure 2, the matrix M is represented as follows:

Ly, Ls; Ls,
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oy, A A A
M= aj Be RaAs |-
afa B B I

In fact, we can express the location descrip-
tion of each ay, as follows: For ay,: (ay,,I,Ls,);
(ag,,4,L,,); (ag,, A, Lyy,); (g, A, Ly,). Thisis in-
terpreted as ay, intersects with L,, and is located
above L,,,L,,, and L,,. For ay,: (ay,, B, L,,);
(ag,, R,Ls,); (ay,, A, Ls,); (af,, A, L,,). This is in-
terpreted as ay, is located above L, , on the right of
Ls,, and above L,,, and L,,. For ay,: (ay,, B, Ls, );
(agy, B, Ls,); (ays, I, Lyy); (ag,, A, Ls,). This is in-
terpreted as ay, is below L,, and L,,, intersects
L,,, and above L,,.

3 Discussion

Section 2 introduced a very efficient and novel ap-
proach for processing the gray-scale images of bank
cheques towards the extraction of specific fields lo-
cated inside these documents. Readers are advised .
to refer to [7, 8] and [16] for more details. In fact,
according to [7] and [8] when the handwritten infor-
mation is darker than the background, background
elimination becomes less complicated to threshold
and the resulting image will contain less noise as
well as the topological properties of the handwrit-
ten information is preserved. Figure 2 illustrates
this point. Unfortunately, having a dark handwrit-
ing and a light background is not always the case.
When the handwritten information is lighter than
or is about to be the same as that of the background,
background elimination using a global thresholding
technique on the whole gray-scale cheque image will
cause a significant loss in the luminance and topo-
logical properties of the handwritten information as
illustrated in Figure 4. To overcome this difficulty,
a new approach will be presented in Section 4 to
increase the productivity of [7] and [8]. The new
approach will seek specific and dynamically located
regions inside the gray-scale documents and perform
a local thresholding technique to better preserve the
finest granularity of extracted information. This
will result in a more robust system that is able to
visualize, understand, and extract handwritten in-
formation from different types of document images
that have various intensities of handwriting against
a simple or a complex background.

4 The Extended Approach

As stated earlier the intention in this new approach
is to enable the system to preserve and visualize the



finest granularity of data written or printed on the
cheque images. In pursuing this line, we will use
a local segmentation technique as opposed to the
global segmentation technique of Section 2.2. This
will enhance the quality of the extracted informa-
tion and further increase the visibility and under-
standability of the system. This is a very important
contribution towards improving the recognition re-
sults of the extracted information. Figures 5 and 6
illustrate the new approach.

In what follows a detailed Algorithm of the new
approach is presented taking as an application only
the extraction of date courtesy amount and legal
amount written on bank cheques:

STEP 1: Given a gray-scale cheque image f,
an enhanced image fyi;: is produced as follows:
ffilt(i; ]) = T{f Z n,m)es f(n, m)! Vi, j € f(:c,y)
STEP 2: Use the thresholding technique of Sec-
tion 2.2.1 on ffe(i,j) to produce the image fip,:
ffm(i) = C4(2) A = /\ Cp(t +p-— 1), where fi,
Cy(t+ p — 1). Figure 2 (a,b) illustrates.

STEP 3: Determine L, = {L,,,Ls,,L,,} the fi-
nite set of base lines. Determine the matrix M that
represents the understanding of the structure of the
Image as in Section 2.9. Figure 2 (a) illustrates. Ex-
tract ay = {fp, fc, fr} the finite set of filled data
as shown in Figure 7. fp represents the gray-scale
image of the extracted date, fc represents the gray-
‘scale image of the extracted courtesy amount, and
fL represents the gray-scale image of the extracted
legal amount.

STEP 4: Enhance fi, Vk € {D,C, L} as follows:

fkf”t(i)j) = -]%f Z fk(nam)1 VZ,] € fk(zay)-

(n,m)eS

STEP 5: Locally use the extended Otsu’s Ap-
proach for background elimination of the gray-scale
images fi ;1 Yk € {D,C, L} as follows: fepin(t) =
M)A ... \kp(t+p—1), where fi,p, = kp(t+p—1).
Figure 8 (b,d,e) illustrate.

In fp,;,, determine the location description of
asp, the filled in date, as the tuple (aj,, A4, Ls,)
and eliminate the lines as in Equation 1 to produce
the gray-scale image fp,.. In fc,,,, determine the
location description of @y, the filled in courtesy
amount, as the tuple (ay,, A, L,.) and eliminate
the lines as in Equation 1 to produce the gray-scale
image fc;,. Similarly, in fr,,,, determine the loca-
tion description of ay,, the filled in legal amount,
as the tuple (o, , A, L,, ) and eliminate the lines as
in Equation 1 to produce the gray-scale image fr,,..
STEP 6: Perform the morphological closing op-
eration on frsy, Yk € {D,C,L} freos ®V
(e @ V) O V.
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STEP 7: Restore the lost information from the
morphological images f,, Yk € {D,C, L}

fkclos(i’j) if fkclos(i7j) < MEAN

Jeres(i,5) = {

255 otherwise
N fkres(ivj) if fkres(iij) S LSk
feann (i) = { frir(3,§)  otherwise

STEP 8: Within the lines region determine the
edges of the images fi,,, Vk € {D,C, L}, where
D fom, and fi,, are the images after performing
a median filtering operation on the images fp snp,
feanp, and fLanp.

ka (Z)J) = \/(A-‘L‘fkm(iaj))2 & (Ayfkm(ivj))2

01 (i, 5) = tan™H(By fipm (i, §)) /(D fem (3, 5))

The result after detecting the edges and filling the
gaps are the following images fp gapes € gapss-aud
ngaps
STEP 9: Use the rules of figure 3 to fill in the
gaps to restore all the lost information that were not
completely restored by the morphological operation.
STEP 10: As a final step produce the binarized .
images after performing a median filtering on the

following images fp gapss fC gaps> a0 fL gqps-

5 Experimental Results

Four hundred and twenty two bank cheques were
used for training and 203 cheques were used for
testing the performance of both approaches (the ap-
proach that uses the global thresholding technique
to eliminate the background and the approach that
uses a local thresholding after segmenting the doc-
ument into various regions of interest). In TABLE
I we used the following convention to compare and
summarize the experimental results performed us-
ing the testing set: D: dark background or dark
handwritten, D+: wvery dark background or very
dark handwritten information, S: simple and ho-
mogeneous background with no figures, C: complex
background with homogeneous figures considered as
one object (refer to Section 2.2.1), C+: complex
background with non-homogeneous figures consid-
ered as multi-objects (refer to Section 2.2.1), t: thin
handwritten information, T: thick handwritten in-
formation, L: very light handwritten information,
L+: light but not dark handwritten information,
E: completely eliminated background, E+: elimi-
nated background with some noise left, 1: luminance
property of handwritten data is preserved, 1-: lumi-
nance property of handwritten data is not preserved,
O: topological property of handwritten data is pre-
served, O-: topological property of handwritten data
s not preserved.
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