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Abstract. This paper presents the current state of the
A2iA CheckReaderTM – a commercial bank check recog-
nition system. The system is designed to process the flow
of payment documents associated with the check clearing
process: checks themselves, deposit slips, money orders,
cash tickets, etc. It processes document images and rec-
ognizes document amounts whatever their style and type
– cursive, hand- or machine printed – expressed as nu-
merals or as phrases. The system is adapted to read pay-
ment documents issued in different English- or French-
speaking countries. It is currently in use at more than
100 large sites in five countries and processes daily over
10 million documents. The average read rate at the doc-
ument level varies from 65 to 85% with a misread rate
corresponding to that of a human operator (1%).

Key words: Bank check processing – Payment systems
– Handwriting recognition – Automatic reading – Doc-
ument analysis – Intelligent character recognition

1 Introduction

Bank checks are, probably, the most widespread docu-
ments. Nearly one hundred billion checks circulate yearly
all over the world. The great bulk of them are still pro-
cessed manually by human operators, the most common
and labor-consuming operation being document amount
reading and typing. Automation of bank check process-
ing is an important and promising application of doc-
ument recognition techniques [2, 3, 12–14, 22]. It uses
both recent theoretical achievements of pattern recogni-
tion and document analysis [5, 6, 10, 15, 16, 24, 28, 30],
and practical approaches developed in adjacent applica-
tion areas, such as postal automation or form recognition
[3, 4, 8, 25, 29]. A comprehensive overview of the state-
of-the-art in the field of check recognition can be found
in [2]. Recent publications devoted to various aspects of
check processing are [1, 17, 18, 20, 27, 31]. Engineering
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bank check recognition systems are presented in [7, 9,
14, 19, 21, 26]. As far as we know, some of these systems
are commercially available and are in real use [9, 12, 18].

Bank check processing is usually performed either
in big clearing centers or at branch agencies. They are
equipped with fast scanners/sorters, archiving systems,
and videocoding terminals for operators who make pri-
mary data entry. Operators look at document images
one by one and enter document amounts. While doing
this, operators naturally make errors: about 1% of doc-
uments (on average) appear to be entered with incorrect
amounts. There exist a number of schemes to reduce this
error rate to a demanded very low level of one error per
104 documents – such as double keying, balancing with
partial control sums, etc. However, primary data entry
remains the kernel of traditional check processing and
its most resource-consuming part.

A common way to automate this process is to replace
a human operator with an intelligent character recog-
nizer (ICR) that is able to do the operator’s job with
the same (or lower) error rate. Thus, check clearing tech-
nology is not disturbed, which is essential for integrators
who develop, install, and support industrial banking sys-
tems. Usually, an ICR is allowed to reject some docu-
ments: operators will further process these items in the
traditional way. Then, if an ICR processes, for exam-
ple, 67% of documents with the same substitution rate
as that of a human operator and rejects the remaining
33%, it saves about 2/3 of human work power. By “sub-
stitution” we mean the error rate measured only on those
items that are accepted by an ICR. (For a human opera-
tor, substitution- and error rates appear to be identical.)

In this paper, we present a commercial ICR system
called the A2iA CheckReaderTM. It is designed to re-
place a human operator in payment document clearing,
i.e, to read amounts of bank checks and associated doc-
uments. Besides checks themselves (Fig. 1), a real doc-
ument flow also contains other items, such as deposit
slips, debit- and credit forms, money orders, cash tickets,
etc. (Fig. 2). As checks, these items also contain amounts
to be recognized. Normally, all payment documents are
scanned in a common stream and should be processed
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Fig. 1. Binary images of typical French-, US-, and British
bank checks. Confidential information fields are shaded

in a similar way. Thus, the main task of the system is
detection and recognition of amounts on all documents
of the flow. Sometimes the system should also be able
to read other information fields (e.g., account numbers,
dates, etc.), but this area of the work is beyond the scope
of the present paper.

The amount in different payment documents can be
expressed in quite a different way. Sometimes it is ma-
chine printed (or pre-printed), in other cases it can be
handwritten. The style of a handwritten amount can
be purely cursive or hand-printed. In particular, check
amounts are handwritten in 60–80% of cases. Often, the
amount is indicated in a document twice: as a numeral
expressed in digits (courtesy amount), and as a phrase
expressed in words (legal amount) – see Fig. 1. The ICR
system should locate amount fields of all types and styles
in the document image and then recognize them to make
a decision regarding what the true document amount is.
All this is realized in the A2iA CheckReaderTM. To ful-
fil its task the system performs automatic localization,
extraction, and cleaning of amount field(s); segmenta-
tion of the extracted amount image into characters and
words; recognition of characters and words; interpreta-
tion of amount; and decision making regarding whether
to accept or reject the document.

The paper is organized as follows: Sect. 2 presents
the architecture and main features of the A2iA Check-
ReaderTM . Section 3 describes country- and language-

Fig. 2. Samples of non-check payment documents. Confiden-
tial information fields are shaded

specific aspects of system implementation for different
countries. Section 4 gives an overview of implemented
document processing techniques and approaches. Final-
ly, Sect. 5 contains experimental results.

2 System architecture and design principles

The A2iA CheckReaderTM is designed to process pay-
ment documents written in French or English. It is able
to recognize both courtesy and legal amounts on vari-
ous types of payment documents: handwritten personal
or business checks, machine-printed checks, deposit tick-
ets, credit/debit forms, money transfer orders, travelers
checks, etc.

Figure 3 shows the current organization of the sys-
tem which is currently different from what has been re-
ported in our previous papers [12, 19]. As can be seen
from Fig. 3, there are two main processing chains: one
for documents with machine-printed amount(s), and the
other for documents with handwritten amount(s). A spe-
cial module distinguishes these two document types au-
tomatically, based on measurements of properties of po-
tential amount zones. To minimize processing time, the
more time-consuming legal amount recognition process
is started only in those cases when the courtesy amount
recognizer cannot make a decision by itself.

Conceptually, the A2iA CheckReaderTM is based on
the following key ideas:



198 N. Gorski et al.: Industrial bank check processing: the A2iA CheckReaderTM

Fig. 3. General overview of the A2iA CheckReader system

1. Hierarchical organization, for the major part with
bottom-up information flow. Starting from the pixel
level, the recognition system proceeds via character
parts, characters, words, to the amount level. Recog-
nition of an element of a certain level is based on
recognition results of lower-level elements, observa-
tions, and a priori information of a current level, and
contextual information of higher level(s). Nearly all
document analysis tasks are treated in the system
as recognition tasks and are solved by recognition
modules. For example, segmentation is considered as
recognition of a correct segmentation option among
several possible alternatives; decision making is ap-
proached as recognition of one variant from the set
of optional decisions, etc.

2. “Soft” recognition and decision-making. All recogni-
tion modules of the system are soft classifiers. Each
module produces not a single (hard) decision, but a
list of possible decisions (candidates) ordered by de-
creasing confidence values. The traditional recogni-
tion rate is not a sufficient quality measure for a soft
recognizer: it characterizes just the quality of the top
candidate, while other members of the list remain
unutilized. Instead, we use an information-based cri-
terion of recognition quality [11, 19]. It is possible to
prove that maximum information on correct classifi-
cation is contained in such a list, whose members are
estimates of posterior class probabilities. Thus, prob-
abilistic candidate lists are optimal for our purposes

and all recognition modules of the system return their
results in this form. The quality criterion we use is
the normalized quantity of information contained in
the output candidate list of a recognition module (on
average):

Q = 1 −E[− log Pr(true class)]/
log(N classes), (1)

where averaging is done on a labeled data set with
a known true class value. Individual recognizers at
all system levels, as well as the system as a whole,
are characterized and adjusted by this criterion. Sys-
tematic use of soft recognition greatly increases error
tolerance of the system. Only the very final decision
is hard (binary): a document is either accepted with
a certain amount (and score) or rejected.

3. Modularity and standards for input/output of the
modules. Each recognition task in the hierarchy is
isolated as much as possible and solved by a cor-
responding software module. Information flows be-
tween different modules are standardized: modules
receive and return lists of candidates with associated
probabilities.

4. Complementarity. In order to achieve robustness and
redundancy, a given recognition task is solved by sev-
eral complementary algorithms and/or with several
complementary data representations. For example,
from two to four OCRs are used at the character
recognition level; two complementary word recogniz-
ers are used at the word level; two chains of courtesy-
and legal amount recognition support the amount
recognition level. The results of complementary rec-
ognizers are integrated by combining output candi-
date lists of individual recognizers and producing a
new single output list. Two types of integrators are
used in the system: the log-liner rule and a neural
network [11]. The log-linear combination rule for N
soft probabilistic recognizers is expressed as follows:

L =
N∑

i=1

wiLi + w0L0 + C,

where wi are relative weights of the recognizers, Li

are vectors of their logarithmed outputs; L is the
vector of logarithmed outputs of the integrator; L0
is the vector of logarithmed class priors, and C is
a normalizing constant. The neural network integra-
tor is a multi-layered perceptron with one hidden
layer. It uses the Softmax output function, and is
trained with the cost function that is a relative en-
tropy of the output list; therefore, this network esti-
mates posterior class probabilities. Both integrators
maximize the same information criterion (1), thus
providing maximum information in their output lists.
The log-linear rule has only N +1 adjustable param-
eters (w0, . . . , wN ) and is efficient in simple cases of
weakly correlated classifiers, while the neural network
is more powerful, but demands much more training
data.
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5. Adaptivity. Wherever possible, variations in the data
are modeled by a set of parameters that are then
learned from training data. The training or adjust-
ing of any module of the system means obtaining an
extremum of quality criterion (1) in the parameter
space given a labeled test data set. This enables us
to adjust the system for different exploitation con-
ditions, for example, in different countries. However,
to perform this we need labeled data sets for each
module to be trained.

6. Segmentation-with-recognition. In order to recognize
a given object, it is segmented into parts that are sim-
pler to recognize and/or have a smaller set of possi-
ble classes. Several segmentation options are usually
considered. The probability that the original object
belongs to any of the object classes is estimated by
summing up probabilities for this class over all seg-
mentation options:

Pr (object)

=
∑

options

(
Pr (option)

∏
parts

Pr (part|option)

)
.

This approach assumes summation of all class prob-
abilities coming from different segmentation options.
Thus, all available information for object recognition
is used. However, by the end of this process, it is dif-
ficult to trace back the origination of classification of
a particular object in terms of segmentation options
and object parts.

Thus, the A2iA CheckReaderTM is essentially proba-
bilistic system, all parts of which are developed to get a
locally optimal performance according to the criterion of
maximum output information. Soft decision making at
all levels and use of complementary algorithms lead to
high robustness and reliability of the system. At the same
time, one of the main principles of system design is adap-
tivity of each recognition module. It enables us to ob-
tain the maximum possible performance having enough
training data. The price of this is the necessity to have
not a single multilingual and country-independent sys-
tem, but, in fact, a family of several recognition systems
in one, each being trained on its own data or country-
specific documents.

3 Country-specific problems

At first glance, it would not seem difficult to develop a
“generic” system that is able to recognize amounts of
payment documents from different countries (at least,
the courtesy amount). However, our experience shows
this is not true. There are several reasons for this at
various levels of amount recognition: in different coun-
tries there are different styles of character- and amount
writing/typing, different delimiters, special symbols, cur-
rency signs, etc. Surprisingly enough, one of the deep-
est and most important differences appears to be at the
character level (for handwritten characters), even when
character sets are identical.

American “2”s (left) and British “7”s (right)

American “6”s (left) and French “4”s (right)

American “7”s (left) and French “1”s (right)

Fig. 4. Examples of different digits having similar shapes in
different countries

For example, the amount 742,18 of a French check
(Fig. 1) might be read as 962,78 in a US check. In US
checks, it is really difficult to find a “1” written with a
French-style “nose”: such figures would rather be taken
as “7”. At the same time, an American “6” very often
looks like French “4” (see Fig. 4). In Britain, there are
specific “7”s and “9”s that can be recognized as “4” in
France or the USA. In France, people use commas to
separate centimes (cents) and points to separate thou-
sands, while English-speaking people do reverse; besides
this, the British often use dashes as a cent separator.

To demonstrate this effect “quantitatively” let us
consider the character recognition level of the A2iA
CheckReaderTM. The character recognizer consists of
four OCRs that recognize segmented character images
[19]. Then, OCR results are integrated to obtain final
scores of character classes. All four OCRs are neural net-
works that estimate posterior class probabilities but use
different feature sets:

– OCR 1 processes pixel values of reduced character
image;

– OCR 2 measures various topological image charac-
teristics;

– OCR 3 uses character contour-based features;
– OCR 4 takes into account contextual information

(character position, relative sizes, etc.).

The neural network integrator combines the results
of individual OCRs and produces final class probability
estimates. The neural network of the integrator has the
same architecture as the neural networks of OCRs.

This character recognition module was trained sep-
arately for US- and UK-systems on character images
extracted from real American and British handwritten
bank checks. The volume of training sets was about
90,000 and 50,000 characters, respectively. Twenty-six
character classes included digits from 0 to 9, currency
signs, various delimiters, and a few frequent letters that
might appear in courtesy amount fields. Experiments
consisted, first, in running the recognition module
trained with US data on US- and UK test data, and
second, in analogous running of the module trained with
UK data. Two test sets contained 5,000 digits from 0
to 9 extracted from US- and UK checks. The results of
experiments are shown in Tables 1 and 2.

It is obvious from Tables 1 and 2 that OCRs trained
on real material originating from a particular country
can be rather weak or nearly useless in recognizing text
from another country, even if these countries have the
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Table 1. Performance of the A2iA character recognition
module on 5,000 isolated digits extracted from American
checks (% of correct answers)

OCR 1 OCR 2 OCR 3 OCR 4 Combi-
nation

Module
trained on
US characters 92.5 89.9 90.5 42.2 97.3
Module
trained on
UK characters 80.7 80.6 80.4 28.5 87.4

Table 2. Performance of the A2iA character recognition
module on 5,000 isolated digits extracted from British checks
(% of correct answers)

OCR 1 OCR 2 OCR 3 OCR 4 Combi-
nation

Module
trained on
UK characters 90.1 92.1 89.1 40.0 98.5
Module
trained on
US characters 85.1 85.9 84.7 26.6 94.3

same languages and are as culturally close as the USA
and the UK.

For countries with different languages this effect can
be even stronger. Besides the character recognition level,
similar problems appear at the word recognition and
amount interpretation levels: there are different styles
of amount writing/typing, different vocabularies, delim-
iters, special symbols, currency signs, etc. All this leads
to the necessity of individual training of country-specific
versions of the system, rather than one universal sys-
tem for all countries. Our solution is to have a com-
mon kernel (more then 90% of the software) and special
country-dependent parts that are developed and/or ad-
justed individually with country-specific data. This way
we can get the maximum possible performance from the
system and while not having to develop each country’s
version for too long. However, we still have to pay for this
with several weeks of work to prepare a new release of
the A2iA CheckReaderTM for a new language or country
with a distinctive writing style.

For the time being, there are three “main” country-
specific versions of the system: French, English (for UK
documents), and American (for US documents). While
developing a version for a new country we first combine
existing modules of the “main” versions. For example,
the Canadian version is built from the modules of Amer-
ican and French ones. If the results of the combined ver-
sion are satisfactory, it is released, otherwise we collect
country-specific data and make an individual adjustment
of the version with these data.

4 System details

The main functions of both printed- and handwritten
recognition chains of the A2iA CheckReaderTM are iden-
tical:

1. Extraction of courtesy- and/or legal amount fields
from the document image and cleaning them from
background forms and noise.

2. Segmentation of obtained text images into gra-
phemes, characters or words.

3. Recognition of characters or words.
4. Interpretation of amounts expressed by digits (cour-

tesy amount) or words (legal amount).
5. Decision-making: to accept or reject the recognized

amount.

Document processing begins from the localization of
the courtesy amount field. There are several modules
in the system designed to locate special objects in a
document image. To detect the courtesy amount, the
most important anchors are currency signs and special
words (such as “BPF” that should precede the courtesy
amount in French checks). Based on the results of the an-
chor search, a potential amount field is localized. Then
a style-detection module analyses this field. It measures
different characteristics of connected components inside
the field and uses them as features to make a decision:
does the field contain machine-printed amounts or is it
handwritten? This decision is correct on average in 95%
of cases. Depending on the detected field style, either
the printed- or handwriting chain of the A2iA Check-
ReaderTM is called.

Whatever the chosen recognition chain is, the first
stage is courtesy amount recognition (CAR). First of all,
courtesy amount objects are extracted from the localized
amount field of the document image. This is one of the
most informal and difficult problems due to the variety of
check forms, possible check layout pictures, and subop-
timal image binarization. This task appears to be easier
for UK and US documents than for French ones. The rea-
sons for this are essentially a cleaner layout and stricter
position of the courtesy amount field on these checks,
despite the fact that different US payment documents
may have different sizes.

The extracted and cleaned courtesy amount image is
segmented into characters. This task is rather easy for
UK documents where all characters are usually placed
on the same base line. It is more difficult for French
checks and the most difficult for US checks due to the
frequent presence of a “two-dimensional” fractional cent
part where characters are often touching each other. Seg-
mentation produces several segmentation options, each
then being processed and interpreted separately. In each
option, the courtesy amount image is partitioned into
non-intersecting parts representing potential characters
(Fig. 5).

Four complementary OCRs recognize these charac-
ters, then the recognition results of all OCRs are inte-
grated producing a list of class candidates with associ-
ated probability estimates [11, 19] (see also Sect. 3). At
the character level, the recognition rate varies from 97%
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Fig. 5. Courtesy amount recognition

for the US system to 98.5% for the UK one on ten digit
classes.

The amount interpretation module uses character
recognition results along with character position- and
segmentation information. It generates syntactically cor-
rect amount candidates (again, associated with proba-
bility estimates). At this level, probabilities of identical
amounts originating from different segmentation options
are summed up. The top amount candidate is correct in
75%, 77%, and 80% of cases for French-, US- and UK
documents, respectively.

Courtesy amount recognition results are often reli-
able enough to make a decision on the check amount.
Results at this level highly depend on a variety of possi-
ble amount writing styles. For example, in French checks,
one and the same amount of 200 francs can be expressed
as 200,00 or 200Frs or 200F00 or 200F 00 or 200,f00 or
200- and in many other ways. Probably due to this, the
performance of the system on French documents is the
worst at the CAR level: it equals approximately 40% if
the substitution rate is fixed at 1%. On the contrary, for
the same substitution rate, 50% of US documents appear
to be accepted, and for British ones this figure increases
up to 60%.

For checks that are not accepted at the CAR level,
the legal amount recognition (LAR) is called to obtain
more information for decision making (Fig. 3). LAR
starts from the extraction of the legal amount field. This
operation is easier for US checks, as the layout is cleaner
and there is only one line of handwriting. However, in
French and UK checks there can be two lines. After
extraction, some preprocessing is performed, including
slant correction, lowercase zone detection, and location
of a cent part (Fig. 6). The latter is specific for US and
UK checks while French centimes are more often ex-
pressed by words than by a numeral. The last step of
preprocessing is grapheme extraction. Graphemes are el-
ementary parts of letters; they are used further in word
segmentation and recognition.

The word segmentation process produces multiple
options of segmenting the legal amount image into pos-
sible words. Unfortunately, our segmentation technique
developed for French checks works worse on US ones:
50% of correct segmentations in the top option instead
of 60%. This happens due to the inherent tendency of
people in the USA to omit gaps between words or to
glue words together.

Fig. 6. Legal amount segmentation into graphemes, words,
and dollar- and cent parts

Table 3. Performance of the word recognition module on
36,000 isolated words of 38 classes extracted from US checks

Markov Word Holistic Word Combination
Recognizer Recognizer of both
81% 70% 89%

Two complementary word recognizers process possi-
ble words. The first one is based on holistic features, the
second uses hidden Markov models [1]. Word recognition
results are integrated with a neural network integrator
and then presented as a list of word class candidates
with associated probabilities. At the word level we ob-
tain from 85% to 93% top candidate recognition rates
for 27–40 word classes. Table 3 presents the results for
words from US personal checks.

The amount interpretation module uses word recog-
nition results along with word segmentation informa-
tion. It generates syntactically and semantically correct
amount candidates associated with probability esti-
mates. The numerical cent/centime/pence part of the le-
gal amount is recognized separately: it is segmented into
characters and processed similarly to courtesy amount.
At this level, probabilities of identical amounts origi-
nated from different segmentation options are summed
up. The top candidate is correct in 55%–70% of cases.

CAR and LAR results are joined with a log-linear in-
tegrator to get the final list of amount candidates
(Fig. 7). The top candidate from this list can be either
accepted or rejected – this is the only hard decision of
the system. To make this decision, a set of properties of
the final list is analyzed. Then a special neural network
estimates the probability that the top candidate is the
true check amount. If this value is greater than a pre-
defined threshold, the check is accepted, otherwise it is
rejected. Varying the threshold, one can obtain a flexible
exchange of recognition errors with rejections. The use of
LAR increases system performance by 15–25% compared
with the CAR-alone variant.

The above examples considered handwritten docu-
ments. The printed document processing chain is similar
to that of the handwritten one. The main difference in
approaches to processing printed documents and hand-
written ones is in the location of the amount zone. For a
handwritten document, the amount zone is unique, and
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Fig. 7. Decision making by fusion results of courtesy- and
legal amount recognition

Fig. 8. Recognition of a machine-printed document

several segmentation options of this zone are considered,
while for printed documents several potential amount
zones are extracted, and a single segmentation of each
zone is analyzed (Fig. 8). As for results at different lev-
els, they are more homogeneous for different countries
than that of the handwritten chain. The only big excep-
tion (and the main difficulty) is a number of French per-
sonal checks printed at supermarkets. On these checks
the amount could appear nearly anywhere, it might be
not separated from other data, and the quality of print-
ing can be really poor (Fig. 9). On average, from 60 to
75% of printed items can be accepted at the CAR level.
The LAR part can bring 5–10% more. This is lower then
the LAR impact on the handwritten chain, as not all
printed documents contain a legal amount part.

5 Experimental results

The more we work with real documents, the more we
understand that it is very difficult to report the general
performance of an ICR system. There are many factors
affecting recognition and error rates even for large sets of
dozens of thousands of documents. Among these factors
it is worth mentioning:

Fig. 9. A French check filled at supermarket

– various document scanners that produce images of
different quality and resolution;

– different fractions of miscellaneous documents in a
document flow (printed/handwritten, business/
personal, checks/non-checks, etc.);

– different amount statistics (percentage of “round”
and “non-round” amounts, distribution of amount
values);

– local specifics in the style of writing or in document
style (e.g, background pictures);

– different quality of writing depending on time and/or
day of document issuing (e.g, there is a certain drop
in the recognition rate on public holidays).

Due to these reasons, the results of the A2iA Check-
ReaderTM reported below should be considered as
country-, and site specific, despite the fact that they have
been obtained on rather large test sets of real-life data.
However, these results reflect the typical performance of
the system in particular countries.

There are rather few test results of engineering check
recognition systems published in the literature and re-
porting system performances [2, 9, 14, 18, 31]. Certainly,
it would be more correct to compare results of altered
systems if they were tested on the same data. Unfortu-
nately, it is very difficult to carry out common tests of
check recognition software. On the one hand, banks and
other institutions involved in payment document pro-
cessing are nearly paranoiac about the confidentiality of
the document images they provide for training/testing
ICRs (and they are probably right in this); on the other
hand, companies developing or integrating check recog-
nition systems do not demonstrate the results of their
comparative cross-tests as they can disclose commer-
cially valuable information. Because of this, we demon-
strate below just the “absolute” results achieved by the
A2iA CheckReaderTM. However, to our knowledge, these
results are the best reported so far in the bank check
recognition domain.

Hereinafter, the main system performance character-
istics are defined as follows:

Read =
The number of accepted documents
Total number of processed documents

× 100% ;

Recognition

=

The number of documents accepted
with correct amounts
Total number of processed documents

× 100% ;
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Fig. 10. Handwritten check recognition (CAR + LAR) with
different thresholds of LAR calls

Error

=

The number of documents accepted
with incorrect amounts
Total number of processed documents

× 100% ;

Substitution

=

The number of documents accepted
with incorrect amounts
Total number of accepted documents

× 100% .

We would like to stress that Substitution is a more
suitable characteristic of an ICR performance than the
frequently used Error. When a human operator is re-
placed by an ICR system, it is ICR Substitution adjusted
equal to that of a human operator. Then Read demon-
strates a fraction of primary data entry automatically
made by an ICR. However, only Recognition reflects real
labor economy. Sometimes it is also called the “killing
rate” of an ICR, as it shows a percentage of documents
processed fully automatically and never seen by humans.

Figure 10 presents recognition results on a test set
of 35,000 handwritten US checks extracted from a real
document stream. This example demonstrates how legal
amount recognition helps to improve the system perfor-
mance. CAR is called on each check, and LAR is called
on those checks where the CAR score is less than a pre-
defined threshold. As can be seen from Fig. 10, it is prac-
tically useless to call LAR for more than 60% of checks
(on average) if Substitution is fixed at 1% – our target
level that is typical for human operators.

Other experiments demonstrate performances of the
system on a mixed document flow (handwritten and
machine-printed checks, deposit tickets, etc.) typical for
various countries. In these experiments the system au-
tomatically distinguished printed documents from hand-
written ones and then a corresponding recognition chain
processed each document.

Figures 11 and 12 present recognition results on data
sets from French and Canadian sites. It is interesting
to see how different are the recognition rates on subsets

A2iA CheckReader V2.2

Data set: Canadian flow, 13858 items (65% handwritten, 35% printed)
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Fig. 11. Recognition of printed- and handwritten documents
of Canadian document flow

A2iA CheckReader V2.2

Data set: French flow, 13870 items (79% handwritten, 21% printed)

Work mode: Proof-of-Deposit, CAR + LAR-auto

CPU time PII-400: 710ms/item
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Fig. 12. Recognition of printed- and handwritten documents
of French document flow

of printed documents. A poor performance on French
printed documents is explained by a rather big fraction of
“supermarket” checks in the data set (see Fig. 9). As has
been mentioned these items are especially difficult for
automatic reading. In Canada, as in many other coun-
tries, printed payment documents are of relatively good
quality, so the printed chain is usually superior in per-
formance then the handwriting chain.

Figure 13 presents performances of the system mea-
sured on data sets from six different countries. It can be
observed that variation in performance between country-
specific versions achieve nearly 20%. All these versions
recognize the legal amount expressed either in English
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A2iA CheckReader V2.2

Data: Payment documents from 6 countries
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Fig. 13. Performances of country-specific versions of the
A2iA CheckReaderTM

or French except the Canadian one which is bilingual
and recognizes legal amounts written in both languages.
An appropriate language hypothesis is chosen according
to the language of key words detected in the layout of
the recognized document (e.g, words amount/montant,
pay/payez, of/de, etc.)

The last experiment presents the behavior of the sys-
tem during a one-day session at one of the UK produc-
tion sites (Fig. 14). From this chart it is clear that even
at one and the same site the performance of the system
can vary quite a bit (+/− 5%). There is a rather obvious
trend in performance that somehow degrades by the end
of the day. This is a common effect for many sites where
documents are processed in the first-in-first-out mode:
“Morning” documents appear to be easier to recognize
then “evening” ones – this might be connected, for exam-
ple, with a different repartition of personal (mainly hand-
written) and business (mainly machine-printed) checks
through a day.

For the time being (October 2000), the A2iA Check-
ReaderTM is in use at more than 100 large sites (banks,
clearing centers, service bureau, etc) in France, the USA,
the UK, Ireland, and Australia. The system is also used
in many cash machines (ATMs) and bank branches for
on-the-spot recognition of small document quantities.
Currently, the total number of daily processed docu-
ments is above 10 millions items, and this number is
further increasing.

6 Conclusions

We have presented the A2iA CheckReaderTM – a com-
mercial bank check recognition system designed to pro-
cess payment documents written/printed in French or
English. Recognized documents include bank checks, de-
posit slips, money orders, cash tickets, etc. The system

A2iA CheckReader V2.2

 Rates on each 2000 items of one-day document flow

0

10

20

30

40

50

60

70

80

90

0 20000 40000 60000 80000 100000 120000 140000 160000

Document number

R
e

c
o

g
n

it
io

n
 (

%
)

0

1

2

3

4

5

6

7

8

9

S
u

b
s
ti

tu
ti

o
n

 (
%

)

Recognition

Substitution

Fig. 14. Performances of the A2iA CheckReaderTM averaged
on each 2,000 items of one-day document flow

has two main recognition chains: one for courtesy- and le-
gal amount recognition on handwritten documents, and
the other for amount recognition on printed document.
The system performs automatic localization, extraction,
and cleaning of information fields in a document image;
segmentation of extracted text image into characters and
words; recognition of characters and words; interpreta-
tion of amount and decision making to accept or reject
the document. Average recognition rates in real produc-
tion varies from 65 to 85% with an error rate fixed at
the level of a human operator.

Despite the achieved performance and commercial
success, the system is still under development both in
extensive and intensive ways. New techniques are go-
ing to be implemented to improve recognition- and de-
crease error rates. New countries and languages will be
added to the system to broaden the geography of its use.
The next “main” country-specific version of the system
will be Portuguese, designed for recognition checks from
Brazil and Portugal. Versions of the system for Canada
and Hong Kong are currently under testing.

In addition, in the near future, the A2iA Check-
ReaderTM will be able to recognize other important in-
formation fields in payment documents such as dates,
beneficiary and payee names, the payee’s address and
signature, etc.
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