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20.1 Introduction

Recently, one can observe new trends in bank check processing. Earlier,
the customers (who are banks and other financial institutions) were mainly
interested in automation of reading the check amount. Nowadays, there are
more and more demands on deeper analysis of check content. They origi-
nated from general political and economical situation in the world: banks
try to prevent money laundering, reduce losses from fraud checks, or even
detect potential terrorists among their clients.

When processing a check, a bank is interested to read automatically as
much information from the document as possible. Besides the check
amount, this can include the date of check issue, the beneficiary name, the
payer’s address and signature, code line(s), etc. This poses new tasks for
developers of document analysis systems. They should be able to process
and understand a check as an integral document with many loosely struc-
tured information fields, some of which are mandatory and others are op-
tional.

Many papers on bank-check processing have been published recently
[2,4,6-15]. Most of them are devoted to amount recognition as the most ac-
tual task for check industry. In this paper we also touch it, but mainly con-
centrate attention on new-coming tasks and describe approaches to their
solution by the example of A2iA CheckReader recognition system.

Section 20.2 outlines check processing task definitions and demands to
their automation. Section 20.3 describes in details recognition technologies
for one of the most important check fields: payee name (including results
post-processing with a user defined dictionaries). Location, extraction and



understanding of this field on both cursive handwritten and machine-
printed documents are discussed. Section 20.4 briefly presents recognition
of other check fields, such as date, payee address and name, and a code-
line. It also discusses experimental and exploitation results of the A2iA
CheckReader system achieved on bank checks originated from different
countries.

20.2 Challenges of Check Processing Industry

20.2.1 What to read?

In many countries, the bank check is one of the most popular ways of pay-
ment. The financial institutions receive daily hundreds of millions of paper
checks and other payment documents, from which miscellaneous data
should be read, converted into electronic form and send on for further
analysis. Reading and keying these data to a great extent remains a manual
job performed by human operators. Replacing them by automatic reading
systems is the greatest challenge of check processing industry. An impor-
tant question is what should be read from a bank check?

Traditionally, banks were interested in three pieces of information:
amount to be paid, account to be debited with this amount and account to
be credited.

In most countries, information of debit account is coded in a special
field (so called code line) pre-printed on each check with magnetic ink -
see Fig.20.1. In the USA, the use of code lines on checks was introduced in
1956, being the first step towards automated check processing. Special
MICR scanners can read magnetic code lines with high accuracy, so the in-
formation they contain (e.g. payer account number, issue bank, etc) need
not be manually keyed for a great majority of checks.

The credit account number is normally known from the payee — a per-
son or an organisation who deposits the check at his bank. The payee is
identified by his name indicated in the check (Fig.20.1.), while his account
number is frequently present in a separate document - deposit ticket - asso-
ciated with the check. The credit account number also comes in electronic
form keyed by a clerk of payee’s bank at the moment of depositing.

Thus, the first information to be automatically read from the check is
the amount to be paid. Normally, it exists in two forms: literal (legal
amount) and numeric (courtesy amount), both being subject to read and
cross-validate each other for higher reliability. These amounts can be



handwritten or machine-printed, typical fraction of machine-printed vari-
ants being around 20% of the total number of items in the document flow.
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Fig. 20.1. Most important information fields of a US bank check.

Other important information fields of a check are the date and the payer’s
signature. In some countries (e.g. Canada, Ireland, Italy), a check becomes
payable only from its date, which might be far in future from the current
date. In these countries, reading the check date is a mandatory operation,
which should be automated together with amount reading. As for the
payer’s signature, in practice, banks do verify it only on checks with rela-
tively big amounts, because it is quite costly to accomplish this operation
for all checks. Nevertheless, signature verification remains a good part of
manual work, which needs to be automated.

New trends in check processing originate from realities of our anxious
life. First, financial institutions are highly interested in further reducing the
cost of check processing. Besides automation of traditional manual opera-
tions, this includes reducing of indirect losses, first of all from check
frauds. According to the US National Check Fraud Center, check fraud and
counterfeiting are among the fastest-growing problems affecting the finan-
cial system. They produce estimated annual losses of $10 billion. To detect
frauds, it is necessary to analyze many check fields and features in com-
mon, and this, in turn, demands an ability to read more information than it
was several years ago.

Second, the governments increase efforts in preventing money launder-
ing and reduction threats of terrorist attacks. New laws force banks to con-



trol more closely their transactions, thoroughly check their clients and
trace who pays to whom and how much. The banks can receive lists of per-
sons or companies under investigation whose names should be detected
among payers or beneficiaries. For this, they have to read in checks such
fields as payee name, payer’s address, the name and address of the issuing
bank. So, in this case information from a check should be analyzed in
common with the external data like address books, name dictionaries, etc.

Third, massive automation of check processing raises its own problems,
such as document image quality and usability. Digital copies of paper
originals should be fully consistent and readable to serve as legal subjects
of automatic reading; otherwise, the whole process could become useless.
To prevent this, a check processing system should be able to perform a full
diagnostics of input document flow to detect unusable information fields
(or entire items) and warn its host about detected defects. The later is also
important from the legal point of view. As some check fields are manda-
tory, their absence or poor readability makes the check an invalid docu-
ment.

Thus, there are obvious needs to read more information fields than ear-
lier and analyze these data in common, to provide high reliability of final
decisions.

20.2.2 How to automate?

From above, one can see three different types of processes in automatic
check reading: recognition, detection and verification.

The recognition process targets the content of an information field. Tra-
ditional check fields to be recognized are the courtesy- and legal amounts;
in certain countries it is also the check date. New demands include recog-
nition of the payee name, payer’s name and address, the issue bank name.
Sometimes, a code line also needs to be recognized, because not every
check scanner is supplied with a MICR reader. This is true, for instance,
for ATMs and cash machines, which are able to automatically deposit
checks and dispense banknotes.

Automated recognition process should replace manual information key-
ing. In reality, this is true only to a certain extent, because automatic read-
ing systems still have lower reading abilities than human beings. However,
it is possible to reduce a part of manual work by processing automatically
those items (documents, fields, etc.), which the system reads with the same
error level as an operator. Suppose, an operator keys items with 1% errors
(a typical value for keying check amounts). Then the system, which reads
80% of items and makes among read items the same 1% errors, will do ex-




actly 80% of operator’s job. So, two principal characteristics of a recogni-
tion process are the Reed rate (READ) and the Substitution rate (SUBS):

READ = 100% * ( # of automatically read items / total # of items )
SUBS =100% * ( # of incorrectly read items / # of read items )

Note, that substitution is related to the number of items read by the system,
and not to the total number of items. When a human operator is replaced
with an automatic reading system, it is the SUBS adjusted equal to that of
an operator. Then the READ value reflects a labour economy. Sometimes,
it is also called the “killing rate” of a system, as it shows a percentage of
documents processed fully automatically and never seen by humans.

Another characteristic similar to the read rate, but measured only on the
correctly read items, is the Recognition rate (REC):

REC =100% * (# of correctly read items / total # of items )

READ and REC have a close meaning, but different domain of use: com-
mercial people prefer to speak about READ (as it is connected with labour
saving), while the scientific community more often uses REC, as it pre-
sents recognition ability of an algorithm or a system.

The detection process targets an item with a certain property or of a cer-
tain type (for example, checks of a particular payee). Typically, such items
are very rare, their fraction being much lower than the total number of
items in the flow. Traditional detection task is finding checks without
payer’s signature — these checks are not valid. New demands include de-
tection of absence of any mandatory check fields; detection of payee-
and/or payer names belonging to certain people; detection of fraud checks
in the check flow, etc.

While recognition-type processes usually have well-organized but non-
automated prototypes in check processing industry, detection processes are
somewhat new and frequently do not have manual analogues. So, their im-
plementation supposes creation of new industrial procedures, rather than
replacing existing human operators by computers. As much work as possi-
ble should be performed automatically, and only a very small part de-
manded be done manually. In such a process, all items are analysed by an
automatic system, which selects a set of suspicious items — potential detec-
tion targets. Only these items are subjects of human inspection. For exam-
ple, 1% of checks can be selected as potentially invalid items. After man-
ual verification, half of them can be found as valid; the other half being
really invalid should be rejected as non-payable checks.




Efficiency of a detection process can be characterized by two comple-
mentary values: the Detection rate (DET) and the Suspect rate (SUSP):

DET = 100% * (# of detected target items / total # of target items)
SUSP = 100% * (# of suspicious items (potential targets) / total # of items)

The lower the suspect rate, the lower is the cost of the detection process,
because the volume of a manual work decreases. The higher is detection
rate, the higher is the revenue from the process implementation. The proc-
ess is profitable when its revenue from detected targets is greater than its
cost determined by the suspect rate. So, the process might be efficient even
if it has not a very high detection rate, which can be achieved, for instance,
by selective processing of items in the flow. For example, DET=50% of
check frauds might bring higher savings than the cost of manual inspection
of suspicious items at SUSP=1%.

The verification process is complementary to that of detection: while
detection process finds “bad” items, verification targets at “good” ones.
Again, the fraction of “bad” items is supposed to be tiny in the item flow.
Verification is somehow similar to a quality control: all items are investi-
gated, most of them are accepted, but some are rejected. An example of a
traditional verification process is the payee name verification while check
depositing. New demands include verification of payer’s signature and
document image quality verification.

As detection, verification processes frequently do not have manual ana-
logues and their implementation supposes creation of new automated proc-
essing where most of the work should be done automatically, and the rest
needs manual processing. An automated system should analyse all items
and pass only the good ones. Items rejected by the system are potential in-
valids — they are verified manually. Typical goal of a verification process
is to pass only “good” items with a guaranteed (and very low) level of
“bad” items among them. This needs total processing of every item in the
flow, which might be very expensive. Totality of the process and de-
manded very low level of missed “bad” items are two important differ-
ences of a verification process from a detection one.

For example, all checks go to automatic image quality control. In this
process 98% passes the control, and 2% are rejected as suspicious. After
manual inspection, most of suspicious checks are also verified, however
some documents with unreadable or corrupted information fields are con-
sidered non-payable.

Efficiency of a verification process can be measured by the same pa-
rameters as for detection one: the detection rate (DET) and the suspect rate




(SUSP). The cost of a verification process is proportional to the fraction of
suspicious items (SUSP), which have to be processed manually. In check
processing applications, verification processes are rarely profitable, be-
cause most of them are mandatory. For example, recently, US Check 21
standard has obliged verification of check image quality in all applications,
which use digital copies of paper documents.

Table 20.1 summarizes properties of three process types described in
this section.

Table 20.1. Summary of main automated processes in check processing applica-
tions.

Typical de- Automatic Manual

Process Typical tasks manded rates work (%) work (%)

Amount recognition, date READ = 50-80%

Recognition recogny}on, payee name  po_ .3, READ 100-READ
recognition
Detection Check fraud detection, DET = 50-90% 100-SUSP SUSP

invalid check detection SUSP < 2%
Image quality verification, DET = 90-99%

signature verification SUSP < 5% 100-SUSPSUSP

Verification

20.3 Payee Name Recognition

Most of check recognition papers are devoted to recognition of courtesy-
and legal amounts in check images [4,7,8,10,12-14]. We have also pre-
sented our technology in this domain in several papers [1,6,11]. Since that
time the geography of check amount applications has been greatly enlarged
(see Section 20.4.1), but the technology itself remained basically the same.
So in this section we consider another technology that aims at recognition
of the payee name field.

20.3.1 Field location and extraction

One of the most difficult tasks in bank check data analysis is the proper lo-
cation of information fields. Despite numerous standards and regulations
defining how a check should look like and what it should contain, bank
clients have enough freedom to design their own checks with different lay-
outs, miscellaneous pictures, exotic fonts, etc. Thus, a bank check is a typi-
cal loosely structured document: getting a check you can be sure that cer-



tain information fields are present in it, but you never know where these
fields are really placed.

For example, in US business checks issued by corporate clients, the
payee name can be found nearly anywhere in the left part of the check im-
age (see Fig.20.2.). It can be placed on a separate text-line below- or above
the legal amount, or present in a payee address block, or even sealed by a
rubber stamp.
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Fig. 20.2. Four examples of payee name positioning in business checks.

There are not many features, which help to locate a payee name. For
business checks they are:

e Key-words “pay to the order of” or “to the order of” in the vicinity of
the name.

e A paragraph of several left-aligned text-lines — possible payee address
block that contains the payee name, or possible “pay to the order of”
paragraph.

e Possible underline of the payee name text-line.

Possible long text-lines (legal amount) above- or below the name.

We use all these features in the payee name location process. As soon
as a business check comes into processing, all machine-printed text-lines
in its left part are located and then their mutual positions are analysed to
form the set of possible payee name candidate locations. Each location is
characterised by the set of quantitative features that are used to train a neu-



ral network (NN) estimating the posterior probability of every candidate to
be the true payee name. The candidate with the maximum probability is
then taken for further analysis. In case the candidate location contains sev-
eral text-lines, only the first one is considered a potential payee name. On
an average, this enables to reach 90-99% correct locations of the payee
name field. After cleaning the noise and side objects (e.g. underlines), the
image of the payee name is sent for recognition.

In case of personal checks, payee name position is more stable than in
business ones. Usually, the name is located opposite to the pre-printed cur-
rency sign (the courtesy amount marker) and underlined. It can also be pre-
ceded by the key-phrase “pay to the order of” — see Fig.20.1. More than
95% personal checks are handwritten, so the task is to find a handwritten
text-line in the pre-defined location. In this case we extract the payee name
zone by its position, and then remove all pre-printed objects of the check
layout to keep only the handwritten text-line. The latter operation is quite
delicate and difficult to adjust, because handwritten text is often very simi-
lar to other information fields. So there is a danger of both under- and over
cleaning of the payee name field. Fig.20.3. presents several name fields ex-
tracted from check images. Slant correction of the extracted images is done
for handwritten fields at this step.
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Fig. 20.3. Location and extraction of the payee name field.




20.3.2 Field recognition

Recognition technologies are different for handwritten and machine-
printed fields. Machine-printed fields are recognized character-by-
character, while handwritten fields (both hand-printed and cursive) are
recognized on the word- or phrase basis.

20.3.2.1 Machine-printed field recognition

First, text-line is segmented into potential characters. Segmentation takes
place “in parallel” with character recognition: every potential character
image goes to an OCR, which estimates it score. Segmentations with
higher scores are selected and form the preliminary character set. Then
preliminary characters are split and/or merged depending on their sizes,
scores and general properties of a text-line such as font regularity and font
discontinuity. Finally, several character segmentation options are formed,
each having its own probability (Fig.20.4.). For example, in the Fig.20.4
the first character may be presented by a single box (correctly containing
an ‘H’) or by two boxes (erroneously containing two ‘I’s)
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Fig. 20.4. Character segmentation and recognition of a machine-printed field.



Once characters are recognized, the payee name candidates are sto-
chastically generated by combining character classes with their probabili-
ties, probabilities of character segmentation options and word segmenta-
tion options (Fig.20.5.).
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IT0T 0_00E3E EBACKS 0.03737

Fig. 20.5. Word segmentation and recognition of a machine-printed field.

At the next step, payee name candidate list is generated from word can-
didates the same way as word candidates were generated from character
recognition results. With this, raw recognition of the field is finished. Note,
at this moment the correct candidate for the above example is only at sec-
ond position in the list:

1. HOT IRACKS =0.32520
2. HOT TRACKS=10.13726
3. HDT IRACKS =0.05914

Finally, the obtained raw list is filtered with a dictionary of possible
payee names or with a dictionary of possible words, if they are available.
The dictionary of words can be internal for the system, while the name dic-
tionary is usually supplied by a customer. Of course, it can cover only a
part of the set of possible names. Dictionary post-processing greatly im-
proves recognition results, as it can be seen from Table 20.2. This topic is
discussed also in Section 20.3.3.



20.3.2.2 Handwritten field recognition

Recognition of handwritten fields is based on Hidden Markov Models
(HMMs). First, the extracted field image is segmented into graphemes
which are supposed to be smaller entities than letters. On Fig.20.6 graph-
emes are displayed with alternate colours. Then graphemes are classified
with a neural network to go from pixel representation to a feature represen-
tation, each grapheme being associated with a class probability vector. Ob-
tained sequence of vectors is used to match with HMM models of diction-
ary words (phrases). Word models can be “static” trained in advance for
the most frequent words like numerals, or “dynamic” built when necessary
from letter models. The best-matching models form the list of possible an-
swers, each answer being associated with its probability. In the example of
Fig.20.6, the correct answer is obtained at first position in the list. Detailed
description of this technology can be found in [1, 3].
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ALL CARE 9.773e-006

Fig. 20.6. Handwritten payee name recognition with a dictionary.

It is important, that word/phrase models should be build prior to the
beginning of the recognition. Thus, unlike the machine-printed text, the
handwritten text can be recognized only when the dictionary of possible
words/phrases is provided to the recognizer. For the payee name recogni-
tion this means that the customer who wants to use the system should ei-
ther supply a dictionary of possible names or allow the use of a generic
dictionary of most frequent names, which of course could be incomplete.

Table 20.2 below demonstrates recognition results of the payee name
field separately for machine-printed (business) checks and personal
(handwritten) checks taken from a real document flow. The ceiling of rec-
ognition rate at 91% is mainly explained by field location problems and



partly by presence of over-lighted check images where the name is hardly
can be read.

Table 20.2. Payee name recognition with- and without dictionary fully covering
the set of recognized names.

REC(% Handwritten

with diction-

) Machine-printed without Machine-printed with
dictionary (REC,%) dictionary (REC,%)

SUBS(%) ary (REC,%)
1 - 90.1 70.2
2 17.8 91.0 74.9
5 60.8 91.1 79.5
10 87.9 - 82.2

20.3.3 Semantic processing

20.3.3.1 Alias problem

One of the difficulties in name recognition is so-called alias problem. Ali-
ases are different forms of a word (in particular, a name), which have iden-
tical semantic meaning. Examples of possible name aliases are:

e Reduced or abbreviated form(s) of the prototype name (California Gas

-> CA Gas)

The prototype name with suffix or prefix words (AmEx -> AmEx Co).
e The prototype name with inserted/omitted non-important words (ATT

-> AT and T).

e Misspelled name, which however can be identified with the prototype

(Johannes->Johanes ).

e Permutated words in the name (United States Treasury -> Treasury of
the United States).

Typical information fields where aliases can be found are payee-,
payer- or addressee- names in checks. Also, aliases are often appearing in
dictionaries, which are used for post-processing recognition results. In this
case, the name in the recognised document can be different from any its
aliases in the dictionary. Presence of aliases leads to several problems:
® The correctly recognized name is rejected or gets a low score because

the dictionary does not contain this name, having contained however

its aliases. This reduces the recognition rate and increases rejections.



¢ The correctly recognized name is accepted, but considered as an error,
because the recognition result does not match the desired truth name
which is expressed by an alias.
® The correctly recognized name is rejected because the dictionary con-
tains neither this name nor its aliases.
Two instruments named alias detector and alias generator have been
developed to take into account presence of possible aliases in the name
field and overcome the above problems.

20.3.3.2 Alias detector

The alias detector evaluates the probability that two input names are ali-
ases. It is based on a neural network trained to distinguish aliases from
non-aliases. Input features of this NN are the answers of seven heuristic
primitive detectors, each of which is specialized in detecting aliases of a
certain type:
® Primitive detectors 1 and 2 check possible word permutations in the
name, as well as letter permutations.
® Primitive detectors 3 and 4 detect aliases originating from misspellings
and typing errors.
® Primitive detector 5 and 6 find out and checks reduced or abbreviated
words in the compared names.
® Primitive detector 7 compares names after removing non-important
words, articles and suffix words
All primitive detectors are functions returning a score from 0 to 1.
These scores are features for the NN-based alias detector. Training of this
NN has been performed on the manually annotated data of 2000 dictionar-
ies of real payee names as they were read and keyed by human operators.
From the annotated material, approximately 2,000,000 name pairs were
generated, 20,000 (1%) being pairs of real aliases. All pairs of real aliases
and 10% non-alias pairs were used for training the alias detector. Quality
of the obtained detector is characterised by figures presented in Table 20.3.

Table 20.3. Detection of payee name aliases at different detection thresholds.

Detection threshold Detected False-detected Detected Missed
non-aliases (%) non-aliases (%) aliases (%) aliases (%)

0.5 99.7 0.3 97.4 2.6

0.8 99.8 0.2 94.3 5.7

0.9 99.89 0.11 90.9 9.1

0.95 99.95 0.05 85.6 14.4




Thus, at the probability threshold 0.95, approximately 86% of aliases are
successfully detected with an error rate 0.05%, i.e. 5 non-aliases is errone-
ously detected as aliases among 10,000 name pairs (in average). Such an
error rate is negligible compare to the usual error rate of recognition en-
gines, so alias probability level 0.95 was chosen as decision threshold of
the alias detector.

Despite the fact that annotated material has been taken from data of a
particular site, alias detector is not site-specific, as its all primitive detec-
tors are not site-dependent. We successfully use it for any Anglo-Saxon
material of personal- or company names. Some experiments even demon-
strated that it is applicable also for names from non-English speaking
countries, e.g., France.

20.3.3.3 Alias generator

The task of the alias generator is to produce the list of most probable ali-
ases of a given name. The core of the alias generator is a name thesaurus.
It consists of nests, each nest representing aliases of one name along with
their frequencies. The thesaurus was filled with data from 20,000 name
dictionaries containing about 700,000 real names as they appeared in the
check flow. The thesaurus filling consisted of 4 steps:

1. Creation of the name frequency list (approximately 300,000 entries).

2. Primary thesaurus filling. Each name from 20,000 most frequent
names is considered as a nest. With the alias detector, it is compared
with all existing nests and either is added to the most similar nest, or
forms a new nest. The most frequent names cover about 45% of name
data.

3. Compression of nests. For each nest, most frequent names, words, and
abbreviations are remembered. This information forms a canonical
representation of a nest. Based on the canonical representation, the list
of most frequent aliases is generated for each nest. This list is trun-
cated when the cumulative frequency of its members covers 98% of all
possible aliases. Typically, such a list contains 5 to 15 members.

4. Secondary thesaurus filling. Reminded names are compared with the
lists of generated aliases in all nests and possibly added to the closest
nest.

The filled thesaurus covers approximately 60% of names from proc-
essed dictionaries. After filling, it is used for alias generation. Given an in-
put name, the generator determines the most probable thesaurus nest to
which the input name belongs. If such a nest is found, the list of most



probable aliases is returned as a result. Optionally, this list can be truncated
or enlarged depending on the desired number or frequency of generated
aliases.

It should be noted, that the thesaurus is filled with data from a particu-
lar set of dictionaries. Fortunately, names presented in these dictionaries
were of a great variability — input checks came from different states and
different companies. So, hypothetically this thesaurus can be used not only
for a particular site, but also for other similar applications. However, it is
surely country-specific.

20.3.3.4 Implementation of alias recognition techniques

There are several ways to improve recognition results with the alias detec-
tor and the alias generator:

1. The number of recognition candidates in the output list is reduced by
aggregating all aliases of each name. The idea behind this is to get a
more “contrast” list where each name is represented by a single entry.
This is important both for cursive- and machine printed name recogni-
tion, making the list shorter and candidate scores more objective.

2. The name dictionary is extended with the thesaurus and alias generator
by the most frequent names absent in the dictionary and most frequent
aliases of dictionary entries in a hope to cover more forms of recog-
nized names. This is more important for recognition of cursive names,
as it is sensitive to the set of input models.

3. A more objective result evaluation procedure compares recognition re-
sults with truth data taking into account alias presence.

Fig 20.7 demonstrates the influence of alias detector used for shrinking
the output list. As can be seen, this essentially improves recognition rate in
the domain of relatively low substitutions. A low recognition rate (~51%)
is explained by the fact that nearly half of recognized names were not cov-
ered by the input dictionary provided by the customer in this application.
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Fig. 20.7. Alias detector used for shrinking the output candidate list (upper curve)
vs. the base recognition engine (lower curve). The X-axis represents recognition
rate and Y-axis represents substitution rate.

After extending input dictionary with most frequent names obtained with
the alias generator, further result improvement was obtained (Fig.20.8.).
The last experiment demonstrates efficiency of the alias detector in
non-US application - payee name recognition on UK checks (Fig.20.9.). In
this case the detector was used both for shrinking the output candidate list
and objective evaluation of recognition results. Alias generator was not
used in this case, as it is applicable only to US payee names.

Fig. 20.8. Alias detector and alias generator used together (upper curve) vs. the
base recognition engine (lower curve). X-axis represents recognition rate, Y-axis
represents substitution rate.



Fig. 20.9. Payee name recognition on UK checks with alias recognition technol-
ogy (upper curve) and without it (lower curve). ). The X-axis represents recogni-
tion rate and Y-axis represents substitution rate.

4 Check Mining with A2iA CheckReader™

4.1 Amount recognition

A2iA CheckReader™ was primarily designed to replace human operators
in automated payment systems, i.e. to read amounts of bank checks and as-
sociated documents [6,11]. Besides checks themselves, a real document
flow contains other items, such as deposit tickets, debit- and credit forms,
money orders, cash tickets, etc. As checks, these items also contain
amounts to be recognized. Normally, all payment documents are scanned
in a common stream and should be processed in a similar way. Thus, the
main task of the system in this application is detection and recognition of
amounts on all documents of the flow.

Since 1994, seventeen country-specific versions of the system have
been developed, most of them providing recognition and cross-validation
of courtesy amount (CA) and legal amount (LLA). Recent developments in-
cluded recognition of handwritten Chinese hieroglyphic amounts on Hong
Kong checks [16] and cursive Italian LA frequently written without word



spaces. Table 20.4 summarizes amount recognition results at different sub-
stitution levels. In most of real applications, customers either chose substi-
tution level between 1% and 1.5%, or use maximum recognition. Results
of Table 20.4 should be considered with care, as they are site-specific.
From site to site, the rates can easily vary within 5% margins mainly de-
pending on the quality of input check images.

Table 20.4. Check amount recognition results of country-specific CheckReader
versions

Country-specific Recognized REC (%) at REC (%) at Maximum
version LA language(s) SUBS=1%  SUBS=2% REC (%)
Australia English 79 83 89
Belgium n/a 91 93 94.5
Brazil Portuguese 52 60 75
Canada English and French 75 79 85
France French 70 76 82
Germany n/a 65 71 80

Hong Kong English and Chinese 63 70 80
Ireland English 81 86 89.5
Italy Italian 65 72 80
Mexico Spanish 55 59 71
Malaysia English 57 62 72

New Caledonia  French 55 62 72
Portugal Portuguese 68 74 85
Singapore English 71 76 83
Thailand n/a 42 50 63

UK English 80 84 88

[ON] English 79 82 87

20.4.2 Recognition of other check fields

Gradually, CheckReader enlarges the variety of recognized field types.
The demand of new field recognition usually originates from a single cus-
tomer, and then the new functionality added to the system is spread among
other customers and frequently extended to other countries. For example,
check date recognition developed first for Canada is now available for six
country versions, and payee name recognition — for three countries.
Technology of check field recognition is similar to that described in
section 20.3. The first step consists of field location in the check image



with subsequent extraction of machine-printed or handwritten text-lines to
be recognized. Further steps are different for fields with well-separated
characters (machine- or hand-printed) and fields with touching characters
(unconstrained handwriting or pure cursive).

Well-separated fields are segmented into characters that are recognized
by OCRs. Word- and phrase options are then stochastically generated from
character recognition results forming the raw candidate list of possible
field contents. In case of available semantic or linguistic information, the
raw list is post-processed or filtered with a dictionary to improve the result.

Unconstrained or cursive fields are segmented into graphemes and rec-
ognized with HMMs. In this case presence of linguistic or semantic infor-
mation is mandatory; mainly it is used to prepare properly the set of mod-
els to which the recognized field is matched.

The concluding step is decision making. It is similar for all field types.
It consists of evaluating the probability that the obtained recognition result
is correct. Normally, a specially trained NN is used to fulfil this operation
(see [5] for more detailed description of the technology). If the obtained
decision probability is higher than a pre-defined threshold, the recognition
result is accepted; otherwise, it is rejected. Table 20.5 summarizes Check-
Reader results for non-amount field recognition.

Table 20.5. Recognition results of CheckReader versions. Each cell presents val-
ues REC (%) / SUBS (%) for corresponding country version and field type.

Payee name  Payer address

Country  Date (5 ict)  (without dict) C°9¢1ine
Canada 60/3 - - 94 /1
France 39/3 T71/1 max 55 98/1
Italy 42/3 - - 73171
Ireland 52/3 - - 85/1
UK 55/3 78/1 - 9 /1
UsS 65/3 82/1 max 58 85/1

20.4.3 Detection and verification tasks

Recently, CheckReader has acquired functionalities to accomplish new
types of check processing tasks. They are: detection of invalid checks,
check fraud detection, detection of names from “black lists” and name
verification.



20.4.3.1 Invalid check detection

In every country, there are regulations specifying the set of features that a
valid check should possess. Mainly they concern presence or filling of cer-
tain information fields in the check. For example, both courtesy- and legal
amount should be indicated; payee name should be present as well as the
payer’s address; the check should be signed by the payer.

To answer a question whether a check is valid or not, CheckReader is
trained to locate all mandatory fields in the check image and detect
whether each of them is filled or remains empty. If at least one detector re-
ports emptiness of a mandatory field, the check is considered suspicious
and sent to the suspect basket. Suspicious checks are evaluated by a neural
net, which is trained to distinguish invalid checks from valid ones. This
network returns a check invalidity probability. When it is higher than a de-
cision threshold, the check goes to manual inspection to confirm its inva-
lidity. Table 20.7 presents invalid check detection results achieved by the
CheckReader. Test data included 3000 valid- and several hundred invalid
checks of different types for every country version. Most invalid checks
for the test were selected while visual inspection of real documents and
some were prepared manually.

Table 20.6. Invalid check detection by CheckReader versions.

DET (%) at DET (%) at DET (%) at

Country  qUSP=19% SUSP=2% SUSP=5%
Canada 50 68 81
France 45 65 92
Us 65 76 85

20.4.3.2 Detection of check frauds

Another important functionality is fraudulent checks detection. Check
frauds become a serious problem causing sensible losses in payment sys-
tems, especially in US where many people do not have their own bank ac-
counts and can get cash at the moment of check depositing.

To detect check frauds in the check flow, CheckReader has an ability to
compare each input check with reference check(s) of the payer. Of course,
every payer who wants to protect his checks from counterfeits should sup-
ply at least one valid check and all mandatory fields properly filled as a
reference. The payer’s account number indicated in the code-line identifies
the reference.



Twelve various fraud detectors are used to compare a new incoming
check with the existing reference(s). Each detector verifies a certain fea-
ture, which can indicate a possible fraud. In particular, detectors analyse
geometry of check layout; positions of pre-printed markers, logos and key-
words; positions of check information fields. Other detectors analyse
payer’s handwriting (in case of a handwritten check). There are also detec-
tors to find hidden cross-correlations between the content of the refer-
ence(s) and the investigated checks. Results of all detectors are integrated
and fraud probability of the analysed check is evaluated. If it is higher than
a given threshold, the check is considered a potential fraud and goes to
manual verification.

Table 20.7 presents experimental results of fraud detection obtained on
a data set of 5,780 documents. One third of the set were fraud checks
manually simulated from real ones. Probably frauds were not enough so-
phisticated, as demonstrated detection rate is rather high.

Table 20.7. Fraud check detection by the CheckReader-US.

DET (%) 795 924 959 978
SUSP (%) 0.5 1 2 5

20.4.3.3 Name detection and verification

A number of check processing applications are concentrated around payee-
and payer’s name analysis. Besides ordinary name recognition described in
Section 20.2, they include detection and verification of special names. In
both of these applications, the system is supplied with a dictionary of
names, which should be found in the check.

Name detection is a search process, when the system is supplied with a
so-called “black list” of wanted people (e.g. terrorists, criminals, etc.).
Then every name recognized in the check is matched with names from the
black list and if matching occurs, the check goes to a special basket of
items to be manually inspected.

The difference from the ordinary name recognition is in the percentage
of check names covered by the dictionary: in case of usual recognition dic-
tionary coverage varies from 30 to 100%, while in detection tasks it is es-
sentially lower than 1%. To adapt Check reader to this task we tuned deci-
sion-making module to detect demanded fraction of “black™ names. Table
20.8 present detection results for payee- and payer names. Results for
payer name are higher because this name is always machine-printed, while
payee name is handwritten in 60-80% of checks



Table 20.8. “Black” name detection by the CheckReader-US.

DET (%) at DET (%) at DET (%) at

Field type SUSP=1% SUSP=2% SUSP=5%
Payee name 78 80.5 84
Payer name 92 93.5 94

Name verification is one of the ways to prevent check frauds. In this case,
the bank issuing the check supplies it with a special record, duplicating the
payee name. When such a check is deposited, its payee name is verified
with the recorded name coming to the depositor by an alternative informa-
tion channel. Mismatch of two names signals that the check is a potential
fraud. Despite its seeming simplicity, this task is one of the most difficult,
because (as every verification task) it demands analysis of every check and
a very high acceptance rate. Therefore, both name location and recognition
rates should be good enough; otherwise, too many checks would be re-
jected and the fraction of manual work becomes too big. Fortunately, all
checks in this application are machine-printed.

To solve this task, CheckReader uses the payee recognition process de-
scribed in Section 20.2, i.e. makes full name recognition without diction-
ary. Then, the obtained candidate list is compared with the recorded name,
which plays the role of a dictionary with a single entry. A special decision
module has been developed to reach demanded performances of the verifi-
cation process. The achieved results are present in Table 20.9.

Table 20.9. Payee name verification by the CheckReader-US.

DET (%) 90 92 935 095
SUSP (%) 1 2 5 10

Conclusions

We have presented integrated technologies of bank check processing,
which aim is to extract and use all available information from the check
image. Three types of processes were considered: recognition (of the check
amount, date, payee name, payer address, code-line), detection (of the sig-
nature, “black” payee names, frauds) and verification (of the payee name).
Implementation of developed technologies in the A2iA CheckReader™
demonstrates that a recognition system is able reach the level of automa-
tion at 60-80% in recognition processes and 90-99% in detection and veri-
fication processes, thus greatly reducing manual work in banking industry.
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