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Stroke classification is performed by using an improved Contour Slope algorithm.
Each stroke is normalized in a matrix of 45 x 45 pixels. The matrix is then di-
vided into nine zones of equal size, and for each zone a feature vector is detected.
Specifically, for each zone the number of contour pixels with the same slope is
counted and arranged in an 8-element feature vector. A 72-element feature vector
for the entire stroke is obtained by connecting the feature vectors of each zone.
Stroke classification is based on the similarity measure provided by the Euclidean
distance. From the similarity measure and the analysis of the position of the stroke,
the classification process returns a ranked list of classes to which the stroke could
belong. Successively, each class is replaced with the corresponding group and the
consccutive occurrences of the same group in the ranked list are removed. Figure
26 shows the 35 basic strokes and the 18 groups to which they belong.

The amount recognition is then carried out by using a simple iterative strategy:
at each step of the recognition phase, the system checks the sequence of groups
under examination, to verify if it forms a valid character. For this purpose, the
list of sequences of groups of strokes is associated to each character and, for each
different sequence of groups, the zones of affiliation of the strokes (lower, middle-
lower, middle, middle-upper, upper) are also stored. The list of valid characters
and some of their more frequent descriptions in terms of sequences of stroke groups
are reported here:

a: [810], [e4], (5], ..

¢ (g6] , ...

d: [g9]; [g4, 3], [g4, g11], [g4, gb] , ...

e: (g9] | [g18], ...

it (2], [g11], [g16], [g1], [g12] , ...

1: (g9] , [g18], ...

m: (gl gl, gl], (g2, 2, 2], [g1, g1, g2, (g1, g2, 2], [g], g2, 1] , ...

n: (g1, gl], [g11, g1], (g2, gl], [g11, g16], (g1, g2}, (g2, g2], [g12, g2] , ...
o: (g4] , (e8], ...

q: (58], ...
r: [g15], [g14], ...
s: [g17]), ...
t: (83] ., ...

uw: (82, g12], [g11, g2], [g11, g12], [g11, g7), (g2, &2], (g6, g2] , ...
v [gll, g12], [gl6, gl13], [g1, g13], [gl1, g13] , ...

When a character is identified, an entry in the data dictionary is made and the
recognition procedure continues for another valid character until a complete word
is identified. The data dictionary contains the description of each basic word. It is
organized as a tree structure, in which each node is a character and each sequence
of characters, obtained by starting from the root of the tree structure to one of its
terminal nodes, represents a basic word. Figure 27 shows the structure of the data
dictionary.
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Fig. 27. Data dictionary.

In some cases the code contains strokes useless for recognition and in others, due
to the bad quality of written text, entire characters are missing. The recognizer
recovers these conditions either by ignoring a certain number of code strokes, or
inserting a finite number of characters presumed to be lacking. Of course, in this case
the recovery procedure stresses the normal operation of the system and thercfore a
penalty is added to the confidence value used for final classification. Then, to select
the candidate words, the following recognition index is computed:

1 n nb nl
Ind = - Z pos; + b_penalty - Zz + {_penalty - Z k
’ =1 i=1 k=1

where

e 7 is the number of code groups used to compose the word,
e pos; is the position of the selected group in the group list,
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11 is the number of bindings,

b_penalty is the penalty when a binding is found,

nl is the number of characters not found in the code,

l_penalty is the penalty when a character is not found in the code.

In this way the complete amount is processed and a confidence level is assigned to
each candidate. Finally, all the candidate amounts recognized with a high confidence
level are arranged into the output ranked list.

6.3. The Mixed Algorithm

The basic idea of this algorithm lies in the observation that generally cursive words
consist of a periodical or quasi-periodical part: the “regular part”, and some non-
periodical parts called "singularities”. Singularities include very robust features
successfully used in the word discrimination process.?43% In fact, as shown in Fig. 28,
the correct identification of the singularity sequence in the basic words significantly
reduces the number of candidate words.

Sequence of ' Candidate
singularities basic word

- uno sei nove

d due dieci undici sedici diciannove

t tre venti ventuno sessanta sessantuno

novanta novantuno cento

q tt quattro

q cinque

tt sette otto

dd dodici

td tredici
qttd quattordici

qd quindici

dtt diciassette diciotto

tt ventotto sessantotto novantotto

tt trenta trentuno
ttt trentotto

qt quaranta quarantuno cinguanta cinguantuno
gttt quarantotto cinguantotto

ttt sessanta sessantuno ottanta ottantuno
tttt sessantotto ottantotto

11 mille

| mila unmilione milioni

Id unmiliardo miliardi

Fig. 28. Basic words classification by singular patterns.
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The Mixed Algorithm combines an analytical approach for the analysis of singu-
larities, and a global approach for the analysis of regular parts. In the preprocessing
phase the “Safe Point Thinning Algorithm”3% is used to obtain the skeleton of the
input word. Then the word image is suitably normalized to a fixed size image. Suc-
cessively, the basic word recognizer performs the analytical analysis of singularities
and the global analysis of the regular parts. Singularities in the basic words are
related to the presence of letters: “d”, “I”, “t”, “q¢”, “tt”. In order to detect the
singularities, two different methods are used3®: the histogram method and the upper
profile method.

e Histogram method
By using the horizontal histogram, this method allows the detection of both the
upper and the lower zones of the word. Each significant size pattern in the upper
or lower zone of the word is now considered to be a candidate for a singularity.
o Upper profile method
The envelope of the local maxima in the upper zone is taken into account. The
maxima with left and right segments having a high slope value are used for
singularity detection.

The recognition of the singularities is then accomplished by using several ap-
proaches. The recognition of the singularity of the letter “¢” is simple, since it is
the only singularity in the lower zone of the word. However, the recognition of the
singularities in the upper zone of the word is more difficult. Two different meth-
ods are generally used for this purpose: the histogram method and the end-point

method.3®

o In the histogram method, by using the vertical histogram of the part of the pattern
included in the upper zone, the candidates for singularities are initially identified.
Successively, these parts are classified by means of a vertical and horizontal his-
togram matching technique, in which the pattern under examination is compared
to the reference patterns stored in a database.

e The end-point method classifies the candidate singularity by evaluating the numn-
ber and the relative position of its end-points.

The analysis of each regular part of the basic word requires the use of a global
index, defined as the number of local minima in the vertical direction. The matching
procedure is carried out by using the words of a reference database, including words
produced by many different writers. Specifically, for each reference basic word
belonging to the class r, a description code is obtained in the form:

(L1STIU21(S3) - - (RIS - - - [T [Sa- U] s

where

e [I7] is the global index of the k-th regular part of the word (k =1,2,...,n);
e (St is the code identifying the k-th singularity of the word (k =1,2,...,n - 1).
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Therefore, for each class r of basic words, the database contains the following
information:

(PrISTIREN(SS]) - - (PENSK] - - - [Pr—il[Sn-illPr],
where

o (PI] = {pp(1),pL(2),...,pL(2),...,Pr(nk)}, where p,(¢) is the probability that
the k-th regular part of the word has a global index equal to ¢;
e [St] is the code identifying the k-th singularity of the words in that class.

Therefore, the recognition of a candidate basic word with code:
(IT)[STIESE) - - - (Z)ISK] - - - (= ) [Shoa s

is performed by using the following procedure. First the system selects the classes
of basic words for which

[S;]:[S;] for j=1,2,...,n—1.

Successively, the r-th class recognition index:
n—1
Ind™ = > pj(If)
j=1

is assigned to each one of the selected classes and is used to derive a ranked list of
candidate words.

Of course the confidence level of an amount is computed from the confidence
levels of each basic word. If the confidence level of the recognized cursive amount is
satisfactory, the amount is inserted into the output list and another segmentation
hypothesis is considered and evaluated. The final output of the method consists
of the ranked list of all worded amounts recognized with a satisfactory confidence
level.

6.4. The Fully-Global Algorithm

This algorithm is based on a graph description of handwritten words.3” Three kinds
of discontinuity regions are considered: cross regions, bend regions and end regions.
The cross regions are the regions of segment intersections; the bend regions are
regions of adjacency of two segments with different orientation and the end regions
arc the extremity regions of a segment. The graphs, which retain fundamental
morphological information of the word image, like oriented segments, concavities,
convexities, loops and near-loops, are used as input to a word recognizer that is
based on an elastic pattern matching procedure.

After detection, all the oriented segments are superimposed, as shown in Fig. 29.
The adjacencies between segments are then used to obtain the graph, see Fig. 30.
Specific structures, like ascenders, descenders, loops, concavities, convexities, and
simple oriented segments of the graph, are then considered for word recognition.
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e I
AL

- x

Fig. 29. Structure of a handwritten word.

The sequence of structures: (1) convexity, (2) loop, (3) vertical segment, (4)
concavity, (5) loop, (6) descender, (7) convexity, (8) loop, (9) convexity, can be
easily found in Fig. 30.

o L% Tt
f\,lu

Fig. 30. The word graph.

Then, the horizontal position of the center of each structure is computed and is
used to order the structures. Word matching is carried out by an elastic matching
procedure, according to a suitable distance measure defined by an a prior: analysis
of the structures which could be confused.

7. THE AMOUNT VALIDATION MODULE

The aim of this module is to verify the consistency between the results provided
by the courtesy amount recognizers and those of the legal amount recognizers. For
this purpose the ranked lists of candidate courtesy amounts and those provided by
the legal amount recognizers are combined by using a Majority Vote method, based
on the Borda Count function (MVBC).

In the MVBC method, the combination of the ranked lists of candidates is carried
out by the use of the Borda Count function. The Borda Count assigns to each
candidate in the ranked list a score equal to the number of elements following
the candidate. To obtain a final recognition score for each candidate, the sum
of the values, obtained by the Borda Count function applied to each ranked list,
is computed. The different lists are suitably normalized before being combined.
Morcover, only the ranked lists of those algorithms having a high confidence output
are considered. Finally the candidate with the highest final recognition score is
selected. A rejection occurs if one or more of the following conditions are verified:

e The number of algorithins for which a high-confidence value has been obtained is
lower than a fixed threshold.

e The top candidate has a recognition score lower than a fixed threshold.

o The top two candidates have recognition scores closer than a fixed threshold.
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8. SOFTWARE ENGINEERING OF THE SYSTEM

In the previous sections it has been shown that in order to obtain an acceptable
recognition rate, it is necessary to combine several algorithins for each phase of the
recognition process. Furthermore, the complexity of the handwriting recognition
problem requires both a good managing level of the software, and a very intensive
reuse of the same. Therefore, suitable Computer Aided Software Engineering tools
must be employed to design and maintain all the components of the system.

The first prototype of the system, presented in this paper, has been realized by
using the “Khoros” software development environment.

“Khoros” is a complete software development environment that emphasizes in-
formation processing and data exploration.’®

It provides a series of programming toolkits to quickly prototype new software.

The Khoros “object oriented view’ of software development provides a method-
ology for creating reusable librarics, so that the need to write a new custom code
is limited to the functional details of an algorithm.

Each software object and library in the Khoros system is contained within a toolbox
object.

A software object is composed of source code, documentation, configuration files
and user interface specifications.

A toolbox object is a collection of software objects, which are characteristic of a
given application domain (i.e. preprocessing, layout analysis, digit amount recogni-
tion, worded amount recognition, signature verification). The fundamental motiva-
tion for using toolboxes is the need to reduce and manage complexity.

Many factors contribute to the complexity of a software system: amount of source
code, dependencies between components, number of people involved in the software
development. Toolboxes provide a methodology for partitioning both a work group
and the software into small pieces, thus reducing complexity and increasing produc-
tivity.

The Khoros software development environment is primarily composed of three
high-level tools, “craftsman”, “composer” and “cantata”, for managing toolbox and
software objects. Craftsman is used to create, delete, and copy toolbox objects and
software objects; composer provides the toolbox programimer with convenient access
to all the software object components and can invoke all the operations needed to
edit and manage existing software objects. Cantata is a graphically expressed data-
flow visual language, which provides a visual programming environment within the
Khoros system. These tools work together to provide a high-level visual environ-
ment, in which toolboxes can be created and software can be written, documented
and installed.

The reengineering of the bankcheck processing system was done by creating new
interfaces that overlay the existing software, in order to respect the standard com-
munication links in the Khoros environment. This was achieved by creating a new
project, according to the standard Khoros characteristics that are: generality, data
management, interoperability, reuse of code and libraries.
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For each algorithm included in the system, a new operator or “software object”
was created using the tools “Craftsman” and “Composer”.

The existing software, designed using the traditional functional decomposition
approach, was often revised in order to adapt it to a more object oriented view of
software development.

The new source code, added to the existing one, concerned the creation of the
appropriate interface of the given operator, in order to process the Khoros char-
acteristic data type. Khoros has a set of libraries, called “Data Services”, that
implement a powerful, abstract “data object”, which hides the details of data file
format, data storage and data transport. This data object is based on a series of
data models, the most powerful of which is based on multi-dimensional data and is
called the polymorphic data model.

For each module that made up the system, several operators could be developed.
Therefore, they were grouped into different toolboxes and within these they were
divided into subcategories, in order to make their function more comprehensible
and their access easier. The classification of the operators, included in the Courtesy
Amount Recognition Module, is reported in Table 1.

Table 1. Classification into category and subcategories of the operators involved in the Digit
Amount Recognition Module.

Category (Toolbox name) Digit amount recognition

Subcategory Operators Description

Recognizers

Segmentation

algorithms

Combination
methods

Pattern Matching
Histogram Formation

Crossing Line
Regions
Enhanced Loci
Contour Slope
Structural-based
Matching
Neural Network

Components Extraction
Drop-Falling
Contour

Combination Method
Selection
Behavioural
Knowledge Space
Dempster-Shafer
Majority Vote

Bayes

Implementation of the Pattern Matching algorithm
Implementation of the Histogram Formation
algorithm

Implementation of the Crossing Line algorithm
Implementation of the Region algorithm
Implementation of the Enhanced Loci algorithm
Implementation of the Contour Slope algorithm

Implementation of the Structural-based matching
algorithm
Implementation of the Neural Network

Simple connected component extraction
Implementation of the “drop falling” algorithms
Implementation of the “contour-based” algorithm

Dynamic Selection of the Combination Method

Combination by the Behavioural Knowledge method

Combination by the Dempster-Shafer method
Combination by the Majority Vote method
Combination by the Bayes method
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Once completed, the operators were installed in the “cantata” wvisual program-
ming environment. Here they were available as ”icons” or "glyphs” that could be
interactively combined within the workspace, in order to form a data-flow diagramn
that reproduced the interaction between the various components of the system.
Figure 31 shows the visual program that implements the Isolated Digit Recognition
Module.

I’?EE’I_?._. i E}fg
EOTCeL
- [

Soalnlizibon hzied Szasian |

rr

| ‘uuiuuﬁ r pRC

Fig. 31. Isolated Digit Recognition Module.

Using the abstractions provided by the Khoros services, it was possible to imple-
ment reusable, robust, polymorphic operators.

The prototype for the bankcheck processing system, obtained by using the Khoros
CASE tool, is more flexible, more extendible and casier to manage than the pre-
ceding one.

The most interesting characteristic of the software system, created by Khoros
tools, is that it is very simple to configure a new system by simply changing the
disposition of the operators in the workspace, or selecting new ones from the specific
application toolboxes. No compiling is required, since the glyphs are dynamically
connected.

The Khoros tool also satisfics the need to collect and manage software already
produced in other environments.
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9. EXPERIMENTAL RESULTS

The complete system for Italian bankcheck processing is currently working on a
SUN SparcStation with SOLARIS environment. The code is written in Ansi C.
The acquisition device is a scanner HP Scanjet Ilc with 300dpi resolution and 16
grey-level acquisition scale.

At the preprocessing level, the Layout Processing Module has been tested on a
set of 300 images. Table 2 shows the effectiveness of the Binarization Module and
Guideline-Removal Module. The first row “A” reports the number of cases for which
very good results have been obtained, row “B” reports the number of cases in which
noise is still present at the end of the procedure, row “C” deals with cases in which
the guideline has been removed with partial erosion of the textual information.

Table 2. Layout Processing Module: experimental results.

Result BM  GRM
(%) (%)

A 99.4 95.4
B 0.6 3.3
C — 1.3

The Courtesy Amount Recognition Module has been tested both at the segmen-
tation level and at the isolated digit recognition level. At the segmentation level,
the Courtesy Amount Segmentation Module has been tested using the data of the
CEDAR CD-ROM database (bu0100 and bu0200 directory). Table 3 shows the rate
of correct segmentation of the “Drop Falling” and “Contour-based” algorithms. The
“Drop-Falling” algorithms have lower performances than the “Contour-based” ones,
but they are faster. Furthermore, they are complementary in terms of solutions
provided, as demonstrated by the results obtained by using the two approaches in
cascade. In this case, a correct segmentation rate of 99.2% is obtained with an
average number of segmentation hypotheses equal to 3.4.

Table 3. Courtesy Amount Segmentation Module: experimental results.

Segmentation Correct Number of
algorithms segmentation hypotheses
(%) (on average)
“Drop-Falling” 92.2 2.7
“Contour-based” 93.7 12.2
“Drop Falling” 99.2 34
&

“Contour-based”
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Table 4. Isolated Digit Recognition Algorithms: experimental results.

Algorithm Recognition Rejection Substitution Reliability
(%) (%) (%) (%)
Pattern Matching 70.1 25.5 4.4 94.0
Histogram Formation 87.1 4.1 8.8 90.8
Crossing Line 72.5 16.9 10.6 87.2
Regions 91.4 5.5 3.1 96.7
Enhanced Loci 88.9 7.3 3.8 95.9
Contour Slope 87.6 5.7 6.7 92.8
Structural-based Matching 87.1 9.4 3.5 96.1
Neural Network 88.5 7.5 4.0 95.6

At the recognition level the different algorithms have been tested, using the data of
the CEDAR CD-ROM database. Table 4 reports the performance of each algorithm
for isolated numeral recognition. Reliability has been computed as:

Recognition
100% — Rejection

Reliability =

The results obtained by combining the numeral recognizers are reported in Table
5. They show that the combination of the different recognizers permits a significant
increase in the recognition rate and the reliability of the numeral recognition system.
For the current implementation of the algorithms for isolated numeral recognition,
type 1 combination methods are more effective than both types 2 and 3. The DS
combination method produces the best recognition results.

Table 5. Combination Methods: experimental results.

Method Recognition Rejection Substitution Reliability

(%) (%) (%) (%)

BKS 99.5 0 0.5 99.5
DS 99.9 0 0.1 99.9
MVBC 95.8 3.5 0.7 99.2
B 98.0 1.1 0.9 99.0

The overall performance of the Courtesy Amount Recognition Module was tested
on a test database of 1500 courtesy amounts. The Courtesy Amount Recognition
Module provided correct recognition in 96.3% of the cases.

The Legal Amount Recognition Module was tested using about 1000 reference
(basic) words and 400 legal amounts. The Fully-Analytical Algorithm provided
a recognition rate at the stroke level of 93.2% in the top three positions, which
implied a recognition rate at the group level of 97.3%. When tested on a database
of 4000 isolated basic words, the algorithm provided a recognition rate equal to
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87.

5%. Conversely, the Mixed Algorithm and the Fully-Global Algorithm provided

a recognition rate on the samec database of 77% and 69% respectively. Table 6
reports the performances of the algorithms when the legal amount database is used.

10.

Table 6: Legal Amount Recognition Module: experimental results.

Algorithm Recognition Rejection Reliability
(%) (%) (%)
Fully-Analytical 77.8 17.1 93.8
Mixed 83.2 13.7 96.4
Fully-Global 79.2 16.7 95.0
CONCLUSION

In this paper a complete system for bankcheck processing is presented. The applica-

tion requires the gathering of many scientific results, which include layout analysis

and processing, machine-printed and handwritten numeral and handwritten word

recognition. In this system advanced solutions are proposed, based on the concept
of multi-expert systems and the exploitation of all the available contextual knowl-
edge. The use of the Khoros CASE tool for system design and development has
made possible an optimal modularity of the system and the reuse of the software
produced in more than twenty-five years of research in the field.
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