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Abstract In this paper, we present a general model for Arabic bank check processing indicating the major phases of a
check processing system. We then survey the available databases for Arabic bank check processing research. The state of the
art in the different phases of Arabic bank check processing is surveyed (i.e., pre-processing, check analysis and segmentation,
features extraction, and legal and courtesy amounts recognition). The open issues for future research are stated and areas
that need improvements are presented. To the best of our knowledge, it is the first survey of Arabic bank check processing.
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1 Introduction

Bank checks are one of the most widespread docu-
ments. Nearly one hundred billion checks move all over
the world yearly[1]. Most of the checks are still pro-
cessed manually by human operators. Despite its out-
ward simplicity, a check is a complex document. It
integrates images (check layout), pre-printed compo-
nents (logos, labels of data-entry fields, etc.) as well as
handwritten components (legal amount which is also
referred to as literal amount, courtesy amount, signa-
ture, date, issuing place, and so on). These fields do
not have fixed positions and their structure varies ac-
cording to the countries and institutions[2-3]. Due to its
complexity, bank check processing is considered as an
important research field both from economic and scien-
tific viewpoint[4].

Arabic bank check processing, apart from not be-
ing researched as thoroughly as other checks like Latin
and Chinese[1,4-16] has its own challenges[2,17-22] and
hence is less advanced compared with check process-
ing systems of other languages. Arabic language is
very rich and complex and has different writing styles.
Arabic has larger vocabulary for legal amounts than
other popular languages like English and French. Large
amount of variations are possible in writing similar
amount due to complex grammatical rules of Arabic
language. Moreover, the same text can be interpreted
to be different amounts and hence the context is very

important. For more details on these aspects, please
refer to [2]. Arabic bank check processing looks easier
to address than the general Arabic handwritten text
recognition. This may be attributed to the closed vo-
cabulary nature of Arabic bank checks. This enables
a limited dictionary to be used with check process-
ing compared with open dictionary for open-vocabulary
Arabic handwritten text recognition. In addition, dif-
ferent fields (courtesy and legal amounts) may be used
to improve the recognition rates. Moreover, holistic
techniques may be used in the case of Arabic check pro-
cessing, hence segmentation of text may be bypassed.
However, bank check processing has its own comple-
xity. The handwritten text on Arabic bank checks may
be written over pre-printed text, lines, rectangles, etc.
Stamps on checks and text written by other than the
writer for check processing require special and complex
processing. Reference may be made to the survey of
Lorigo and Govindaraju[23] and to a more recent survey
of Parvez and Mahmoud[24] on Arabic offline handwrit-
ten text recognition.

Bank check processing involves several phases. Fig.1
shows a typical Arabic bank check processing system
with major phases. In the following we summarize these
phases.

1) Preprocessing is an important task in bank check
automation. Preprocessing may involve many steps that
can be applied at different levels. For the complete
check image, one of the preprocessing steps can be to
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Fig.1. Major phases of automatic check processing.

convert the colored or greyscale check image to binary
image. Checks may contain stamps covering part of
the legal amount or other areas of interest. Checks
may also contain noise due to a number of reasons like
digitization process, extraction process, manual han-
dling, and presence of stamps. Therefore, smoothing
and noise removal is applied. Skew correction of the
check image may be needed due to the introduction
of skew as a result of scanning process. Check anal-
ysis and zone extraction are applied to extract fields
of interest. Different fields may require different tech-
niques for zone extraction. Legal amount (handwritten
amount in words) and courtesy amount (amount writ-
ten in digits) are normally extracted. Date, signature,
and payee name fields are sometimes needed. Prepro-
cessing may also be applied to individual regions of in-
terest. Legal amount baseline estimation is needed for

feature extraction and recognition. Legal amount may
require slant correction before feature extraction and
recognition. Baseline and slant detection and correc-
tion are necessary to improve recognition rates of legal
amount fields. Courtesy amount may require segmen-
tation and addressing of touching digits if classifiers like
support vector machine (SVM), neural networks, and
nearest neighbor are used. In addition, size and writing
line thickness normalization may be needed.

2) Feature extraction phase is applied to the courtesy
and legal amount and other fields of interest. Different
types of features may be needed for the different types
of fields for better recognition rates. In addition, the
type of classifier to be used may influence the types of
features to be extracted. For example, for using hidden
Markov model (HMM), 2-D image features need to be
serialized to a 1-D feature vector. The general trend is
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to use sliding window that results in 1-D features for
the 2-D window.

3) Recognition of the different field types follows
the feature extraction phase. The courtesy and legal
amount fields are normally addressed separately. The
cases with signature verification, payee name, and date
field processing, etc. are similar. The courtesy and le-
gal amounts represent the amount of the check. One is
based on digit recognition and the other on character or
sub-word recognition. Different classifiers are normally
used for the different fields to improve the recognition
rates. In addition, several classifiers may be used for
the same field.

4) Post processing may include validation of cour-
tesy amount with the legal amount. Legal amount is
processed to generate its amount equivalent in digits.
This amount equivalent is compared with the courtesy
amount recognized. If the legal and courtesy amounts
are equal, the check is accepted; otherwise the check
is passed for manual processing. In addition, textual
information with possibly a language model or a dic-
tionary of possible sub-words may be used to improve
the legal amount recognition. In addition, contextual
information may be useful in the extraction and seg-
mentation of different fields like date, courtesy and legal
amounts.

In this paper we survey the state of the art in Arabic
bank check processing. Based on the survey the open is-
sues and possible future research directions in this area
are presented. Section 2 presents the databases that
are available for Arabic bank check processing research.
Literature review of the research of Arabic bank check
processing is addressed in Section 3. This includes pub-
lished work on preprocessing, recognition of legal and
courtesy amounts and post processing. In Section 4, we
present our conclusions.

2 Arabic Check Processing Databases

Having an adequate Arabic database of bank checks
is crucial for researchers in the area of Arabic bank
check processing. This is not only for research in this
area but also to compare and benchmark techniques
of different researchers. Moreover, real bank checks’
database is preferred than made out checks as it allows
the research techniques to be adapted in real-world en-
vironments as opposed to laboratory environments[2].
It is clear from our review of the Arabic bank check pro-
cessing research databases that only one database was
extracted from real Arabic bank checks, which is avail-
able for a nominal fee[2,19]. The remaining databases
are either bank checks that were written by writers
to support the research (which is termed as laboratory

generated databases), or other databases that use col-
lections of text in the domain of check processing. In
the following paragraphs we present these databases.
Al-Ohali et al.[2,25] of the Center for Pattern Recog-
nition and Machine Intelligence (CENPARMI), develo-
ped an Arabic check database in 2003 for research in the
recognition of Arabic handwritten bank checks. The
database includes 7 000 bank checks of Al-Rajhi Bank,
Saudi Arabia. Apart from the original 7 000 gray scale
images of the original checks, around 3 000 checks were
selected for further tagging. The tagged part contains
2 499 legal amounts, 2 499 courtesy amounts written in
Arabic (Indian) digits, 29 498 Arabic sub-words used
in legal amounts and 15 175 Arabic (Indian) digits ex-
tracted from the courtesy amounts. According to our
survey of the databases for Arabic bank check process-
ing, this database has been used by many researchers of
Arabic check processing. Although it has limitations,
such as uneven distribution of the different classes, the
limited size, tagging and segmentation errors, it is based
on real bank checks written by the customers of the
bank a priori.

Souici-Meslati and Sellami used a database of Arabic
words from the vocabulary of Arabic legal amounts[3].
There are a total of 2 788 Arabic words out of which 576
words were written by four writers (48 words were writ-
ten by each writer, three times each), 532 words were
written by three writers (each writer wrote 48 words,
three times each), 480 words were written by 10 writ-
ers (each wrote 48 words) and 1 200 words were written
by 25 writers (each wrote the 48 Arabic words used in
legal amounts of check). It seems that the writers were
different, however no information was provided regard-
ing this issue. Moreover it is not clear if the database
is open for researchers.

Narima et al. reported their work on a database
of handwritten Arabic words of legal amounts of
checks[17]. Altogether 5 000 words consisting of 48
unique words commonly used in Arabic legal amounts
were used. Farah et al. in [18, 26-28] reported a
database of 4 800 words corresponding to 48 common
Arabic legal amounts used in bank checks. Each of
the legal amounts was written by 100 different writ-
ers. As the data was not extracted from real bank
checks it lacks the naturalness of real legal amounts.
AlMa’adeed et al. in [29] used a database of 4 700 hand-
written words from Arabic legal amount lexicon writ-
ten by 100 writers. No further information is available
about the database. Further the same group of authors
in [30] presented a database of handwritten Arabic text
(AHDB). Part of this database consists of handwritten
words representing numbers and quantities that were
written on checks. Altogether it contains 4 970 words
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corresponding to 50 legal amounts written by 100 dif-
ferent writers. Maddouri and Amiri in [31] used a labo-
ratory database of 5000 bank checks written by 100
writers. Not much information is available. Ziaratban
et al. in [32] reported a database of 2 950 digits from
300 courtesy amounts. Not much information on the
database was presented.

As we can see from the above discussion, CEN-
PARMI database[2] is the only database that was ex-
tracted from real-world bank checks. Table 1 shows a
summary of the databases used by researchers on auto-
matic Arabic bank check processing research.

3 Automatic Arabic Bank Check Processing

The research on automatic Arabic bank check pro-
cessing is surveyed in the following paragraphs. Re-
search work on check preprocessing and analysis, cour-
tesy and legal amounts recognition will be addressed.
To our knowledge, the following represents the phases
and techniques that were addressed by researchers of
Arabic bank check processing.

3.1 Preprocessing and Check Analysis

Researchers of Arabic bank check processing ad-
dressed some aspects of the preprocessing and check
analysis techniques used for other languages. Check
image binarization and smoothing is normally applied
using different techniques. Slant detection and correc-
tion is applied by researchers to improve recognition
rates. In some cases, segmentation of touching digits is

needed. In general, zone extraction is addressed in some
cases as a computer-aided technique and not fully auto-
mated. Mathematical morphology, Hough transforms,
horizontal and vertical projection, connected compo-
nent analysis, and histogram techniques are some of the
most commonly used techniques for extracting check
fields. Some researchers addressed baseline detection
and slant correction of the legal amount. To the best
of our knowledge only one research addressed the seg-
mentation of touching digits of the courtesy amount[33].
In the following paragraphs we present the surveyed
publications followed by Table 2 which summarizes the
addressed publications.

Farah et al. performed check baseline detection uti-
lizing the horizontal projections and selecting the dens-
est region as the baseline[18]. It performs binarization
using the Otsu technique[34] and smoothing is carried
out by looking at proximity pixels (eight direct neigh-
bors of a given pixel).

Samoud et al. used mathematical morphology (MM)
and Hough transformation (HT) for zone extraction of
Arabic checks[35]. To extract the courtesy amount using
MM, the authors used a horizontal filter with structur-
ing elements of one-fourth of the image width and a
vertical filter with structuring elements of one-tenth of
the image height. The combined result was used to ex-
tract the bounding box of the courtesy amount. Two
additional filters were used to extract the legal amount
and date fields using MM. This leads to obtain the con-
nected components in the remaining check image. These
connected components were color labeled and the legal

Table 1. Summary of Databases Used for Arabic Bank Check Processing Research

Database Database Details Remarks

Al-Ohali et al.[2,25] • 7 000 gray scale images of the original checks out of which 3 000 check images
were tagged and the regions of interest (legal amount, courtesy amount and date)
were extracted
• 2 499 legal amounts
• 2 499 courtesy amounts
• 29 498 Arabic sub-words used in legal amounts
• 15 175 Indian/Arabic digits from courtesy amounts

Original Check Images
from Al-Rajhi Bank,
Saudi Arabia

Souici-Meslati and
Sellami[3]

Arabic words from legal amount vocabulary
• 576 words written by four writers
• 532 words written by three writers
• 480 words were written by 10 writers
• 1 200 words written by 25 writers

Each writer wrote 48
words three times

Each writer wrote 48
words

Narima et al.[17] 5 000 words from 48 different classes of Arabic legal amounts

Farah et al.[18,26-28] 4 800 words corresponding to 48 common Arabic legal words. Each written by
100 different writers

AlMa’adeed et al.[29]

AlMa’adeed et al.[30]
4 700 handwritten words from Arabic legal amount lexicon written by 100 writers
4 970 words corresponding to 50 legal amounts written by 100 different writers

The database is part
of a bigger database
on handwritten Arabic
text (AHDB)

Maddouri and
Amiri[31]

5 000 bank checks written by 100 writers Each writer wrote 50
checks

Ziaratban et al.[32] 2 950 digits from 300 courtesy amounts
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Table 2. Summary of Work Related to Arabic Check Pre-Processing

Reference Summary of Work Used Database Reported Results Remarks

Alamri
et al.[33]

Segmentation of touching di-
gits from check courtesy
amounts based on bounding
boxes

Touching digit database
of CENPARMI Arabic
check database[2]

Accuracy of segmentation judged by
recognition accuracy and not by seg-
mentation itself
The segmented touching digits recog-
nition rate of 85.5% and 92.22% after
post-processing

Each amount pro-
duces 25 different
possibilities and the
recognition accuracy
decides the parame-
ter values

Samoud
et al.[35]

Zone extraction from Ara-
bic checks using mathemat-
ical morphology and Hough
transformation

1 775 check images from
CENPARMI Arabic
check database[2]

Using Mathematical Morphology:
• 98% for courtesy amount
• 95% for legal amount
• 97% for date
Using Hough Transformation:
• 98% for courtesy amount
• 95% for legal amount
• 98% for date

Samoud
et al.[36]

Zone extraction from Arabic
checks using a hybrid tech-
nique of mathematical mor-
phology and Hough transfor-
mation

1 775 check images from
CENPARMI Arabic
check database[2]

• 98.27% for courtesy amount
• 91.82% for legal amount
• 99.63% for date

The evaluation met-
ric used here is dif-
ferent than in [35]

Haboubi
and Snoussi
Maddouri[37]

Zone extraction from Arabic
checks using color histogram
and pass band filters

120 Tunisian bank
checks

Extraction rate of 95% overall and
97% after performing improvements
including dilation

Limited number of
checks is used. The
approach may be
closely tied to the
data

Cheriet
et al.[38]

Preprocessing performed on
legal and courtesy amounts.
Main steps include bina-
rization, image enhancement,
baseline detection and slant
correction

CENPARMI Arabic
checks database[2]

N/A Legal and courtesy
amounts are stati-
cally extracted from
the check image

Ahmad and
Mahmoud[16]

Zone extraction from Arabic
checks using connected com-
ponent analysis and projec-
tion techniques

CENPARMI Arabic
checks database[2]

• 99.55% for courtesy amount
• 99.94% for legal amount
• 99.09% for date

Top-down approach
using some prior
knowledge of the
location of different
regions in the bank
check image

amount was identified as the component having maxi-
mum number of pixels in the same color. The prior
knowledge of the position of the legal amount in the
checks was utilized. To extract courtesy amount us-
ing HT technique, the bounding rectangle was identi-
fied and removed. HT was applied on the remaining
image to get the longest printed line associated with
the legal amount. An estimate of the height of writing
script was used to extract the legal amount. The date
field was involved using the first horizontal line identi-
fied on the top of check image. These two techniques
were tested using the CENPARMI database. Extrac-
tion rates of 98%, 95% and 97% for courtesy amount,
legal amount, and date were reported respectively. Us-
ing HT technique, extraction rate of 98%, 95% and 98%
for the courtesy amount, legal amounts, and date were
reported respectively. A hybrid approach of MM and
HT technique is used in [36]. In this work, the bro-
ken lines of the HT technique were joined using MM
by using a separation threshold of 10 pixels. Using this

hybrid technique they reported an extraction rate of
98.27%, 91.82% and 99.63% for courtesy amount, le-
gal amount and date fields respectively. The evalua-
tion metric used by the authors in [36] is different than
the one used in [35]. Although the results from both
techniques look promising and impressive, it should be
pointed out that these two techniques may not work
well for real check images, which normally have noise.
In addition, lines of check boxes (or parts of the lines)
may be missing due to scanning and binarization.

Alamri et al. addressed the problem of segmenta-
tion of touching digits from check courtesy amounts
which cannot be segmented using connected component
analysis[33]. They used the concept of bounding boxes
for each digit. A number of parameters were intro-
duced to define these bounding boxes. Twenty-five dif-
ferent models were produced for each courtesy amount
by varying the parameter values. The model that gives
the highest recognition rate was chosen and based on
this the final parameters were selected. This technique
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seems new but the parameter values may be dependent
on the used data. To the best of our knowledge this
is the only published work that addresses Arabic check
touching digits separation. More work is needed to ad-
dress the touching problems of courtesy amount by the
research community.

Haboubi and Maddouri presented a technique for ex-
traction of handwritten regions from a colored check
image using a hybrid technique[37]. Initially the check
was preprocessed to correct the slant and eliminate the
white spaces surrounding the check image. Slant was
corrected by using the projection technique. To extract
the handwritten regions from the colored check images,
an RGB histogram technique was used where pixels of
each color was counted. This was done separately for
empty and filled checks. The difference between the
histograms of these two images was calculated to iden-
tify the color of handwriting. A band pass filter was
then used to extract the handwritten regions. The ex-
tracted handwritten regions were classified as one of the
regions of interest (like legal and courtesy amounts) us-
ing a priori knowledge. Dilation was performed to join
connected components that were close to each other
to make sure that all components of a region of inter-
est were included during extraction. This approach is
tightly related to the empty check and so all the checks
need to have the same structure and even color. This
technique is expected to have problems if the handwrit-
ing is of the same color as that of the printed regions.

Cheriet et al. presented techniques for preprocessing
and extraction of regions of interest from bank checks
and binarizing them. The legal amount was statically
extracted from the check images. Next filling and thin-
ning operations were performed to enhance the image
quality. Horizontal projections were used to detect the
baseline. Slant correction was performed by comput-
ing the density of the baseline at various angles and
selecting the angle with highest density. Finally, un-
wanted noise pixels/components were removed from
the legal amount by using some heuristics like, inter-
component distances, vertical position of components,
size of component, and the slant of a component. Cour-
tesy amounts were statically extracted and underwent
binarization, thickening of strokes and smoothing of the
image. The amount was normalized based on an algo-
rithm which makes use of the horizontal inertia axis of
the amount image. Vertical inclinations were corrected
using histogram-based method. Digits were segmented
using the run-length of the outer contours.

Ahmad and Mahmoud presented a top-down tech-
nique for Arabic check image analysis and zone extrac-
tion using connected component analysis and horizontal
projections[16]. They initially corrected the skew of the

check image. This was done by removing small com-
ponents (i.e., components smaller than a dynamically
calculated threshold) from the image. The remaining
components were projected horizontally to identify the
printed lines on the image. Next the skew angle was
identified by performing regression on the points iden-
tified as part of the printed lines. The original check
image was then rotated to correct the skew. Once the
skew was corrected, the check image was further pro-
cessed to extract the regions of interest. Vertical and
horizontal projections were performed to identify the
courtesy amount box. Then the amount itself was ex-
tracted from within the box. The legal amount and
the date were extracted using the prior knowledge of
its approximate location (legal amount is adjacent to
the courtesy amount box and the date is located on the
top-right region of the check). They used 1 775 check
images from CENPARMI database of Arabic check for
testing their technique. They reported extraction rates
of 99.55%, 99.94%, and 99.09% for courtesy amount,
legal amount, and date respectively. The high reported
results may be attributed to the use of prior knowle-
dge of the locations of the regions of interest. Table 2
provides summary of work surveyed related to Arabic
bank check preprocessing and analysis.

3.2 Courtesy Amount Recognition

Courtesy amount recognition was addressed by seve-
ral researchers using different techniques. Different
types of features were used. Gradient, contour direc-
tions, curvature, the derivative of the top-, bottom-,
left-, and right-profiles of digits, structural, spatial- and
log-Gabor filters, Bernoulli mixtures, etc. were used
too. To the best of our knowledge, the researchers
applied their techniques to the already segmented di-
gits of the courtesy amount and not to the courtesy
amount field. Hence, it is expected that the real recog-
nition rates will be less. One research work[33] addresses
the recognition of the touching digits. Support vector
machine (SVM), neural networks, k-nearest neighbor
(k-NN), nearest mean (NM), hidden Markov models
(HMM) classifiers were used for Arabic digits recog-
nition. In the following paragraphs we present these
techniques.

Alamri et al. used gradient features with SVM clas-
sifier for touching numeral pairs recognition[33]. The
image was divided into 81 (9×9) blocks. The magnitude
and direction were calculated using the Robert’s cross
operator. The directions were quantized into 32 levels
with an interval of π/16. After extracting the features,
the spatial resolution and the directional resolution
were scaled down. A transformation y = 0.4x was
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applied to make the distribution of the features
Gaussian-like. Finally the feature vectors were scaled
by a constant factor so that the values range from 0
to 1. The radial basis function (RBF) was used as
the kernel for SVM. The touching and non-touching
digits database of CENPARMI[2] was used for training
and testing. For the case of non-touching digits, the
best reported recognition rate is 98.48%. The best re-
ported recognition rate for the touching digit database
is 85.5% before performing post-processing. A post-
processing step was performed which uses the recogni-
tion probability produced by the classifiers to decide
the final digit. The post processing was based on maxi-
mum probability and majority voting schemes. After
post processing, best recognition rate of 92.22% was
reported on the touching digit database.

Cheriet et al. in [38] addressed non-touching di-
gits of the courtesy amount of CENPARMI database[2].
As the first step, digits were extracted from the cour-
tesy amounts. Some heuristics were presented to re-
move undesired user strokes from the courtesy amount.
Thickening of strokes was done to preserve the mor-
phological patterns. This was followed by smoothing.
Baseline correction was done by normalization proce-
dure that searches for the horizontal inertia axis of the
image. Vertical stroke inclinations were corrected by
histogram method where the inclination value that was
most frequent in the histogram was selected. Both sta-
tistical (freeman directions and curvatures of pixel con-
tour strokes) and structural (morphological like moun-
tain region, valley region and hole region) features were
used for recognition as shown in Fig.2. For the struc-
tural features, the image was divided into 4 by 4 mesh
grids. In each of the 16 resulting zones, the number of
pixels pertaining to each of the morphological patterns
was counted. For the statistical features, the contour-
based chain code was calculated by a run-length scan-
ning of the digit image. The contour was smoothened a
priori by averaging the freeman directions with a neigh-
borhood window of 5-pixel length. Five magnitudes for
the curvature sampling were used along the eight stan-
dard freeman directions resulting in a total of 13 en-
tries for each zone of the mesh grid. Thus a total of
17 structural and statistical features were obtained for
each zone. The values were finally normalized by con-
sidering the percentage of the total number of pixels
of the contour in each zone of the grid. Neural net-
work and SVM were used as classifiers. Multilayer per-
ceptron based neural network was used which has one
hidden layer. The weights were randomly initialized
regarding a Gaussian distribution and normalized re-
lating to the fan-in of the neurons. For SVM, different
values for kernel parameters and the trade-off variable

C was tried in order to get the optimum classification.
Best recognition rate of 96.69% was reported for neural
network classifier and 98.18% for SVM. Given that this
result is for non-touching digits, more improvements are
needed for practical applications.

Fig.2. Structural features used in [38]. (a) Valley region. (b)

Mountain region. (c) Hole region.

Mahmoud and Al-Khatib in [39] and Mahmoud in
[40] presented techniques using Log-Gabor and Spatial-
Gabor filters to recognize the isolated digits of check
courtesy amounts. Digit images were initially normali-
zed to a height of 64 pixels maintaining the aspect ra-
tio of the original images. Gabor filters with several
scales and orientations were used as features. To ex-
tract the features, the filtered image was segmented
into a number of segments. The mean and variance
of each segment were taken as the features of the seg-
ment. This process was repeated for all the filtered ima-
ges at different scales and orientations. Sliding window
technique was used for HMM classifier for feature ex-
traction as shown in Fig.3. Four classifiers viz. K-NN,
NM, HMM and SVM were used in [39] and 1-NN, K-
NN, and NM were used in [40]. The non-touching digit
database of CENPARMI[2] was used for training and
testing. Recognition rates of 98.95%, 98.75%, 98.62%,
97.21% and 94.43% were achieved with SVM, 1-NN, 3-
NN, HMM and NM classifiers, respectively using Log-
Gabor filters and 97.99%, 97.37%, and 92.76% were re-
ported using 1-NN, 3-NN, and NM classifiers, respecti-

Fig.3. Sliding window technique for feature extraction as used in

[39].
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vely, using Spatial-Gabor filters. The misclassified di-
gits were evaluated subjectively and results indicate
that human subjects misclassified one-third of the mis-
classified digits.

Juan et al. used multivariate Bernoulli mixtures
for recognition of isolated digits of check courtesy
amounts[41-42]. A total of six expectation maximization
(EM) initialization techniques were described. The ex-
pectation step (E-step) computes the expected value of
the missing data given the incomplete data and the cur-
rent parameters; whereas the maximization step finds
the parameter values which maximize the log likelihood
function, on the basis of the missing data which is es-
timated in the E-step. In [41], three of the six ini-
tialization techniques were described namely random,
random prototypes, and max-min. In [42] an addi-
tional three are presented namely “hypercube center”
(where all prototypes are slightly perturbed), “data
mean” (where all prototypes are slightly perturbed ver-
sions of the data mean), and the “class mean” (where
all prototypes of the mixture for class c are perturbed
versions of the class c data mean). For each initial-
ization technique and each selected number of clusters,
I{1; 2; 5; 10; 15; 20; 25}, the standard experimen-
tal procedure was run 50 times, each of which entail-
ing an I-component Bernoulli mixture classifier trained
from a different random seed. They pointed out that
max-min initialization was less attractive since it was
more computationally demanding and difficult to im-
plement whereas the recognition rate was almost the
same as other EM techniques. On the other hand they
stated that the “hypercube center” EM technique was
the most effective. They used 10 425 non-touching di-
gits from CENPARMI database of Arabic check[2]. The
digit images were initially normalized by superimpos-
ing them on a white background of a large enough fixed
size. Next the images were scaled to a desired size (same
for all the images). Fig.4 shows Bernoulli prototypes of
digit 2 after different number of iterations. They re-
ported a best recognition rate close to 98%.

Fig.4. Bernoulli prototypes of digit 2 after different number of

iterations[41].

Sadri et al. proposed a feature extraction technique
for Arabic/Persian isolated digits recognition[43]. A set

of 64 features were extracted for each digit. These
features were based on calculating the distance of the
digit boundary from four different views, i.e., top, bot-
tom, right and left. The number of white pixels was
counted from the edge towards the boundary of the
digit (the digit initially being normalized to 64 by 64
pixels). These were represented as curves. Each curve
was further smoothed and its derivative was computed
and sampled. The feature extraction process is depicted
in Fig.5. SVM was used as the classifier. Ten SVM clas-
sifiers, each of which represents a digit from 0 to 9 were
used. For each digit during testing, the classifier that
gave the maximum output determined the class of the
digit. CENPARMI database of isolated digits[2] was
used for training and testing. Best recognition rate of
94.14% was reported.

Ziaratban et al. presented an approach for improv-
ing the recognition results by using information on legal
amount to confirm or correct the courtesy amounts on
Farsi bank checks[32]. Initially the digits of the cour-
tesy amount were recognized using two nearest neigh-
bor multi-layer perceptron (NN-MLP) networks. Sta-
tistical and structural features were used whose details
were not given. As the second step the legal amount
sub-words (a total of 40 words), which were heuristi-
cally grouped into 12 classes were classified into one of
these classes using an MLP-based neural network clas-
sifier. Finally each recognized digit was matched to the
recognized sub-words representing the digits. The cor-
responding sub-word was compared with the digit value
and if they were same it confirmed the digit recogni-
tion otherwise it was rejected. Using this approach, the
authors reported an improvement in the average digit
recognition rate from 85.33% to 95.67% (a 10.34% im-
provement) with a rejection of 3.67%.

Table 3 presents summary of research work reported
in this paper related to Arabic bank check courtesy
amount recognition.

3.3 Legal Amount Recognition

Legal amount recognition is one of the most diffi-
cult tasks in automatic check processing. Writing found
on checks covers most of the possible and conceivable
writing styles. Moreover, these entries are far from be-
ing the best writing samples that their authors could
produce. For these reasons, researchers try to use all
available contextual knowledge and to combine several
complementary approaches to achieve reliable results
in legal amount recognition[3]. Researchers used statis-
tical and syntactical features in the recognition of the
legal amount words/sub-words. Loops, diacritic marks,
Fourier descriptors, contour profiles, ascenders, descen-
ders, etc. are normally used. Although HMM is more
suited to cursive text recognition, other classifiers are
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Fig.5. Direction features used in [43]. (a) Original image. (b) Normalized image. (c) Top view. (d) Right view. (e) Bottom view. (f)

Left view.

Table 3. Summary of Work Related to Arabic Bank Check Courtesy Amount Recognition

Reference Features Database Used Classifier Used Reported Results

Alamri
et al.[33]

Gradient features CENPARMI
database of touc-
hing and non-touc-
hing digits[2]

SVM with radial basis function
(RBF) as the kernel

• 98.48% for non-
touching digits
• 92.22% for touch-
ing digits

Cheriet
et al.[38]

Statistical and structural fea-
tures

CENPARMI
database of
isolated digits[2]

Neural network
SVM

• 96.69% for NN
• 98.18% for SVM

Mahmoud and
Al-Khatib[39]

Log Gabor filters with several
scales and orientations

CENPARMI
database of
isolated digits[2]

K-nearest neighbor (K-NN)
HMM
SVM

• 98.95% for SVM
• 98.75% for 1-NN
• 94.43% for NM
• 97.21% for HMM

Mahmoud[40] Spatial Gabor filters with seve-
ral scales and orientations

1-NN neighbor
3-NN
Nearest mean classifier

• 97.99% for 1-NN
• 97.37% for 3-NN
• 92.76% for NM

Juan and
Vidal[41-42]

Multivariate Bernoulli mix-
tures

CENPARMI
database of
isolated digits[2]

EM-based learning Close to 98%

Sadri
et al.[43]

Features are based on calculat-
ing the distance of the digit
boundary from four different
views

CENPARMI
database of
isolated digits[2]

SVM 94.14%

also used for legal word recognition like NN, K-NN,
fuzzy K-NN, transparent NN to name a few. We are
not aware of any system that addresses Arabic bank
check legal amount recognition as such. The presented
work is addressing the segmented Arabic words or sub-
word used in bank checks. Hence, the real application

of the presented technique may result in lower recog-
nition rates of legal amount recognition than reported.
In the following paragraphs we present concise details
of the surveyed work.

Souici-Meslati and Sellami used a hybrid neuro-
symbolic classifier to recognize words of Arabic le-
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gal amounts[3]. The word images were initially pre-
processed where they were binarized, smoothed, and
normalized. The baseline was, then, detected using the
projection technique. Contour tracing was performed
to extract features such as loops, diacritical dots, num-
ber of connected components, ascenders, and descen-
ders as shown in Fig.6. When extracting the diacritical
dots, a heuristic-based approach was applied to decide
the number of dots based on the X and Y dimensions of
the diacritical mark along with the stroke thickness. A
knowledge base (symbolic) was constructed describing
the words with their features. Later these rules were
translated into neural network and finally the neural
network model was fine-tuned using back propagation
algorithm. They reported a recognition rate of 93% on
a database of 1 200 words written by 25 writers by us-
ing the hybrid system. The system was trained on 480
words written by 10 writers.

Fig.6. (a) Contour tracing using freeman codes. (b) Contour

features used in [3].

Narima et al. used a hybrid recognition system
for the recognition of handwritten words from the vo-
cabulary of legal amounts in Arabic bank checks[17].
The system uses neural networks and HMM. The word
images were transformed into graphemes and further
coded into observations using their Fourier descriptors
and contour profiles. The graphemes (segments) were
grouped into five classes, namely group for points de-
fined as isolated segments with a very small length,
group for Hamza defined as a small isolated zigzag,
group for segments with loops, group for segments with-
out loops which terminate with connections or inter-
sections, and group for segments without loops which
terminate with end point. Three separate neural net-

works were used, each having two hidden layers and
different output units based on the grapheme group it
recognizes. A database of 5 000 words using 48 unique
words of Arabic legal amounts was used for training and
testing. A recognition rate close to 95% at grapheme
level was reported using HMM. Recognition at word
level was not reported.

Farah et al.[18,26-28] used structural (ascenders, de-
scenders, loops, etc.) as well as statistical features (e.g.,
density of pixels) with neural network classifier to recog-
nize the words from lexicon of Arabic bank check legal
amounts. They tested the structural and statistical fea-
tures individually and in combination. They reported
that the best results were achieved using a combination
of statistical and structural features (89.17%). Addi-
tionally when they used separate NN classifiers to clas-
sify the words using structural and statistical features
separately and used various combination schemes to
make the final decision on classification, they reported
an improvement of about four percent. However, the
database used in the experiments is not a real-world
check database. It is composed of laboratory genera-
ted words from check legal amount lexicon written by
100 different writers. Out of the total 4800 words in
the database, they used half for training and the other
half for testing. The results were reported in [26]. The
authors, in [18, 27-28], used three different classifiers
(multi-layer neural network, K-NN and fuzzy K-NN)
for the recognition of the words of Arabic bank check
legal amounts. Holistic structural features (such as
ascenders, descenders, loops) as shown in Fig.7 were
used. Additionally they performed a syntactic post-
classification process to further improve the classifica-
tion results by combining results from individual clas-
sifiers using different statistical combination schemes.
Best results of 92.16% were reported using fuzzy K-NN
classifier. An improvement to 96% was reported when
using syntactic post-classification combination. The re-
sult seems to be encouraging. However, the used data
is not the legal amount field extracted from real bank
checks.

AlMa’adeed et al. addressed Arabic legal word re-
cognition using multiple classifiers[29]. The word images

Fig.7. Holistic features used in [28].
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were initially preprocessed. The heights of the ima-
ges were normalized, the stroke width was made one
pixel wide, and the slant and slope of the word were
corrected. As a next step, the words were classified
into eight groups by using a global rule based classi-
fier with three structural features (the number of up-
per dots, the number of lower dots, and the number
of segments). Thus each of the words belongs to one
of the eight resulting groups depending on the pres-
ence or absence of these three structural features. Fi-
nally a separate HMM classifier for each group classified
the word using a number of local features. A total of
seven structural features (number of loops, ascenders,
descenders, dots and their positions, alef and the num-
ber of segments) were used. The HMM classifier for
each group had different configurations with respect to
its number of states, codebook size and the stopping
criteria. A database of 4 700 handwritten words, writ-
ten by 100 writers, from Arabic legal amount lexicon
was used for training and testing. Ten percent of the
data was excluded because of baseline detection and
preprocessing errors. An overall recognition result of
60% was reported. Although the result seems to be too
low for practical purposes, recognition rates for words
in some groups (out of the eight groups) were high
enough. Classifying the groups based on the number of
upper dots and the number of segments is problematic
as writers may join dots which results in wrong number
of dots and the number of segments may change due to
the different writing styles of writers and possible seg-
ment cuts.

Maddouri and Amiri described an Arabic legal word
recognition system based on a transparent neural net-
work (TNN)[31]. The technique proceeds by a global
vision of structural descriptors during propagation step
and local vision by normalized Fourier descriptors dur-
ing back-propagation step. They trained and tested
their system using word images from 5 000 bank check
images written by 100 writers. The best reported recog-
nition rate using both the global structural features
and Fourier descriptors, are 95% at sub-word level and
97% at word level. They reported recognition rates of
97.36% at the sub-word level and 100% at the word level
using manual global features. A 100% recognition rate
needs more elaboration on the experimentation, data,
and the manual global features used.

Cheriet et al. presented a system for recognition of
bank checks[38]. The system has the phases needed for
bank check recognition but it seems that the phases
are not integrated. Pen trajectory was used as features
for the HMM classifier. An example of pen trajectory
features used in this work is shown in Fig.8. They pro-
posed a two-step approach, i.e., local level and global

levels. At the local level, the words were recognized by
combining the sub-words. At the global level it tried
to find the correct legal amount from a list of all possi-
ble recognized words from the first step. The technique
includes the construction of the legal amount from sub-
words. HMM models were used for each sub-word and
each model was trained only on feature vectors that
belong to it. The recognition rates of the sub-words of
the legal amount of the combined recognition system is
73.53%, 88.19%, 94.36% for the top 1, top 5, top 10, re-
spectively. This rate is not enough for practical applica-
tions given that segmentation errors were not included.
Further, their technique assumes the input to be the
skeleton of the sub-words. Skeletonization of hand-
written text is imperfect and sometimes produces extra
lines, circles, etc. Reference may be made to [44] for
discussion on the problems of skeletonization of Arabic
characters. The technique also suffers from problems in
the linear approximation process, noise, and errors due
to the selection of wrong starting points, etc. In [45-46],
the same authors presented a recognition system based
on HMM classifier. Again, pen trajectory estimates
were used as features to recognize sub words. Addi-
tionally they used dynamic termination states where
HMM can terminate in any state and not necessarily
in the last state. They reported improvement of the
recognition rate as compared to using HMM without
dynamic termination states. They conducted experi-
ments for sub-word recognition for check legal amounts.
The non-touching sub-word database of [2] was used for
training and testing. They reported recognition results
of 81.13% for the sub-words and 98.68% of the time the
top 10 recognized sub-words were the actual sub-words
choices of the system.

Fig.8. Pen trajectory features used in [45].

El-Melegy and Abdelbaset proposed a system for
recognition of words from the vocabulary of legal bank
amounts in Arabic[47]. They tested the holistic struc-
tural features on four different classifiers namely K-
NN classifier, Bayesian classifier, decision tree classifier
and neural network classifier. A total of 39 holistic
structural features along with their position informa-
tion were used. The features were a combination of
primary features (viz. the number of primary parts of
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words, ascenders, descenders, and loop) and secondary
features like the number of dots and their position
(above or below) and Hamza. They trained and tested
their system on 4 970 words from the legal amount lexi-
con of the database of [30]. The authors reported recog-
nition rates for different techniques, which ranged from
88.8% for the three dots to 100% for the loops. The best
overall recognition rate of 86.5% was reported using
neural network classifier. The authors attributed 4% of
the error rates to bad data; classes with only primary
features had the best recognition rate. Worst recogni-
tion rate of 50% was obtained for the class “ ”
which were attributed to the samples, errors in feature
extraction, and errors due to missing loops. Errors due
to confusion of some classes and position of the feature

with respect to the baseline were also reported.
Table 4 presents the summary of the work reported

in this paper related to Arabic bank check legal amount
recognition.

4 Conclusions

In this paper, we presented the state of the art
of Arabic bank check processing. There are a number
of systems that are in use for other languages①,②,③

(English, French, German, Italian, Portuguese and
Spanish)[1,4−15,48−51]. To the best of our knowledge
there is no fully integrated system for Arabic bank
check processing that may be applied to practical prob-
lems. On comparing Arabic check processing with other

Table 4. Summary of Work Related to Arabic Bank Check Legal Amount Recognition

Reference Features Database Used Classifier Used Reported Results Remarks

Souici-Meslati
and Sellami[3]

• Knowledge base
describing the
words

• Holistic structural
features

• Trained on 480 words
written by 10 writers

• Tested on 1 200 words
written by 25 writers

Hybrid neuro-symbolic
classifier

93% Word level recog-
nition results repo-
rted

Narima
et al.[17]

Fourier descriptors
and contour profiles

5 000 words from 48
different classes

Hybrid of neural net-
works and HMM

95% at grapheme level Recognition rate at
word level was not
reported

Farah
et al.[18,27-28]

Holistic structural
features

4 800 words written by
100 different writers

• Neural network
• K-NN
• Fuzzy K-NN

• 92.16% using fuzzy
K-nearest neighbor
• 96% using syntac-
tic post-classification
combination

Word level recog-
nition results repo-
rted

Farah
et al.[26]

Structural and sta-
tistical features

Neural network classi-
fiers

• 89.17%

AlMa’adeed et
al.[29]

Structural features 4 700 words from Ara-
bic legal amount lex-
icon written by 100
writers

Global rule based clas-
sifier followed by HMM
classifier for each group

60% Word level recog-
nition results
reported

Maddouri and
Amiri[31]

Structural features
along with Fourier
descriptors

5 000 bank check ima-
ges written by 100
scribes

Transparent neural ne-
twork (TNN)

• 95% at sub-word level
• 97% at word level
• 97.36% at sub-word
level and 100% at word
level when manual glo-
bal features are used

Results reported at
sub-word level as
well as word level

Cheriet
et al.[38]

Al-Ohali
et al.[45-46]

Pen trajectory esti-
mates are used as
features

Non-touching sub-wo-
rd CENPARMI data-
base[2]

HMM classifier

HMM classifier using
dynamic termination
states

• 73.53% top 1
• 94.36% top 10
• 81.13% top 1
• 98.68% top 10

Recognition results
at sub-word level
reported. Techni-
ques to combine
sub-words to form
legal amount was
proposed but no re-
sults reported

El-Melegy and
Abdelbaset[47]

Holistic structural
features

4 970 words from the
legal amount lexicon
from the database pre-
sented in [30]

• K-NN
• Bayesian classifier
• Decision tree
• Neural network

Best recognition rate of
86.5% for neural net-
work classifier

Word level recog-
nition results re-
ported

①Parascriptr CheckUltrar. http://www.parascript.com/recognition-products, Jan. 2013.
②A2iA. http://www.a2ia.com, Jan. 2013.
③Mitek Systemsr. http://www.miteksystems.com/MobileDeposit.asp, Jan. 2013.
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languages, we found that the gap is large. In the fol-
lowing we present our observations and conclusions.

Researchers of Arabic bank check processing used a
number of datasets as there is no benchmarking dataset
for Arabic bank check processing research. Hence, the
comparison of the recognition rates of the different tech-
niques using different databases is not justifiable. Most
of the available Arabic check databases are not natural
check databases. They are databases that were pre-
pared in laboratory settings thereby lacking natural-
ness and some have repetition of writers. CENPARMI
Arabic bank check database is an exception. How-
ever, a more comprehensive database is needed. Due
to the above there is a need for a real and practical
benchmarking database for Arabic bank check process-
ing with enough tagged data for all fields of interest.

In the area of check pre-processing and zone extrac-
tion, some studies have been reported. Two of the most
commonly used techniques for zone identification and
extraction being mathematical morphology and Hough
transformation. There is a need to address the auto-
matic check analysis and segmentation including pre-
processing at the check level. Hence, all possible fields
of interest are to be addressed including date, payee,
etc. The emphasis is currently is on legal and cour-
tesy amounts’ fields and not on the whole check. Al-
though addressing these fields embeds the whole check,
it is done in limited scope. More techniques are needed
to address stamp imprints removal from fields of inter-
est, extraction of handwritten text when it over-runs
with bounding boxes and pre-printed text. More ro-
bust skew detection and correction techniques and bet-
ter de-noising techniques to handle practical checks are
needed. We suggest the use of context to segment the
different fields to improve correct segmentation rates.
There is a need to address the splitting of digits and
characters and the different styles of some writers who
may write some characters/digits by splitting some
strokes. These models of the characters/digits need to
be taken into account or the parts that are split need
to be joined before the features extraction and recogni-
tion phases. Text normalization and writing line thick-
ness normalization may be needed for some technique.
Hence, more work is needed in check analysis and ex-
traction of the fields of interest.

Good amount of work has been done on isolated digit
recognition. Researchers have reached high recognition
rates for isolated digits of check courtesy amounts using
different classifiers like K-NN, SVM, NN, HMM. Bet-
ter results are achieved using non-HMM classifiers for
isolated digits. Hence, to use these classifiers, the cour-
tesy amount needs to be segmented into digits and the
touching digits problem needs to be addressed. This

problem is nearly untouched for Arabic bank check
courtesy amount segmentation. In addition, more tech-
niques and features need to be used to address cour-
tesy amount recognition using HMM and TNN classi-
fiers. HMM does not require the prior segmentation
of the courtesy amount. Hence, more research work is
needed to address the courtesy amount recognition us-
ing HMM.

Comparatively many researches were published on
legal amount sub-word and word recognition. How-
ever, the recognition rates are not at the level of prac-
tical applications. Hence, some more improvements are
needed. We are not aware of any research work that
addresses the recognition of the legal amount field as
a unit. More robust tilt estimation and correction and
base line detection techniques are needed to improve the
recognition rates of the legal amounts. HMM is suited
for the legal amount recognition as pre-segmentation is
not needed. We expect that the use of HMM with a
dictionary and language models to result in high recog-
nition rates. In addition, additional features and tech-
niques may be needed to address the legal amount field.
Other classifiers may be investigated at the word and
sub-word levels where the segmentation problem is of
less effect, although the issue of touching words/sub-
words will need to be addressed.

The areas of feature combination and selection and
the use of multi-classifier systems need to be explored
more. The use of different features and classifiers for
different fields is expected to result in practical recog-
nition rates.

Finally there is a need, due to limited resources for
Arabic bank check processing, to combine efforts of dif-
ferent researchers and research groups to address the
above issues. Sharing of resources can help in develo-
ping an automatic Arabic bank check processing sys-
tem faster. There is a need to develop features and
techniques that take advantage of the characteristics of
Arabic languages. Hence, researchers of different back-
grounds like pattern recognition and natural language
processing can, in combination, address the particular-
ities of Arabic language.
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