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Introduction

Winbank is a project under Soan’s Productivity From Information Technology
Initiatives (PROFIT) group. It isa software application capable of locating the courtesy
amount box on a scanned bitmap image of a check and then recognizing the handwritten
numerica amount in the box. This gpplication would be very useful to banks, as more
than 60 billion checks are processed each year in the United States done. However,
banks do not use such technology today because the recognition rates for most automated

check processing products' are till not deemed to be adequiate for broad commercid use.

There are three steps in Winbank’ s handwriting recognition routine. Thefirst step
involves preprocessing of the scanned bitmap image. After the image has been
preprocessed, neurd net recognition is performed on the normdized images of each
character. Findly, post processing examines the numera bitmap and output of the neura

net to produce certain confidence measures about the prediction by the neura net.?

This report discusses the design and development for the Winbank application,
from the flow of the different modules to the training process for the neura net. Also
discussed are the details of each of the three stepsinvolved in recognition. A discussion
of the improvements made in the post processing step and its performance follows.
Results of an attempt to test on thousands of Brazilian checks will aso be discussed,

followed by suggestions for further improvements on the software gpplication.

! Results of demos obtained from Mitek and Orbograph had around 50-60% recognition rates
2 http://scanner-group.mit.edu/winbank.html



Winbank Application Design and Development

The Winbank Application was first developed in 1993 in C for use on the
Windows 3.1 platform. Later, in 1997, it was ported to Windows 95/NT. The 34 files
containing functions used for developing Winbank can be divided into three categories:
Scanning, User Interface (Windows Programming), and Recognition. The table below

ligts the files belonging to each category.

Scanning User Interface Recognition
Modules Modules Modules
Scanner.cpp Proto2.cpp Thinning.cpp

Scl.cpp Proto2.rc Thicken.cpp
Decomp.cpp Aboutbox.cpp Sant.cpp
Winmem.cpp Testbox.cpp Th3.cpp
Winscan.cpp Scanbox.cpp Str2.cpp

Percentb.cpp Segutil.cpp
Optionsh.cpp Segments.cpp
Font.cpp Profile.cpp
File.cpp Postproc.cpp
Bitbox.cpp Normal.cpp

Size.cpp Hit2.cpp
GetBlob2.cpp
Doscan2.cpp

Delimit.cpp
Check_ch.cpp

Cents.cpp

Back.cpp

Utility.cpp

Table 1: Files under each category

The Scanning Modules were provided by Hewlett-Packard and are necessary for
the scanning operations. The User Interface Modules create the interface for Winbank
and responds appropriately to user input. Finaly, the Recognition Modules contain

various agorithms to preprocess, recognize, and post process the check image.



Interface

VAR

Scanning Recognition

A general flow diagram between the three modules

On the Winbank prototype, the user can input an image in two ways. First isby
scanning in a check, and second by loading a pre-scanned image. The courtesy amount
block is stored as a 300x100 bitmap and then segmented. The segmented digits are saved
in afile so users are allowed to see the pre-normalized segmentation effects. After each
phase of the preprocessing steps, the results are stored in files so users can see the effects
of each step.

Another option users have of testing Winbank’s neurd net accuracy is through the
“Input-Test” option. The user isalowed to input a 16x16 image and it is passed through
to the Recognition Engine and the digit with the highest confidence levd is displayed.
Neural Net Training

The weights for the neura net need to be retrained whenever the preprocessing
sepsare dtered. Thisisdue to the fact that the training of the neura net takes place after
the preprocessing steps. Also, the order of the standardization stages in the preprocessing
seps must be maintained in order for the neura network to function properly since

different sandardized images are produced when the ordering changes. There are Six



possible combinations involving the normdization, dant correction, and
thinning/thickening and it was determined from previous research thet the NST
(normdization firgt, dant correction second, thinning/thickening third) combination
yields the best results.

Currently, the neura net for Winbank is trained on numbers provided in the NIST
(Nationd Indtitute of Standards and Technology) database. Separate programs have been
written to segment the images provided by NIST and preprocess the images for neurd net
traning. Also, images from actua checks have been scanned in and used as images for
traning and have yielded dightly better results.

The preprocessed images used for training are usudly stored astext filesin the
following format: First, the actua number of an image is shown, followed by a 16 x 16
image. Each file contains severd entries of different numbers and its corresponding
images. An example of an entry is shown below:

0

0000011110000000
0001111111100000
0011110011111000
00110000001111200
0111000000001110
0110000000000111
1110000000000011
1100000000000011
1100000000000011
1100000000000111
1100000000001110
1110000000011100
0110000000111000
0111000011110000
0111111111100000
0001111110000000

Example of an entry for a0



Thistext fileisfed into the neurd net training program called back2.c, which in
turn generates the weight files used by the neurd net in Winbank. It isimportant to
remember to separate the training sample from the testing sample as the training sample
will dwaysimprove its accuracy after each epoch, while for the testing sample, the
accuracy actudly increases up to agloba maximum at a certain epoch and then decreases

afterwards.
Pre-processing steps

After the check is scanned, the courtesy amount is saved as a bitmap. The bitmap
is then preprocessed for recognition through various agorithms to separate individua
characters and to standardize the characters.

Segmentation

Thefirg gep in the preprocessing stage is segmentation. Segmentation divides
each numera and symbal into its own separate unit. Each segment is then andyzed
individualy. Before the actud optica character recognition stage, punctuation marks
such as commas and periods are identified based on their location, dignment, and sze
within the segment image®
Standardization

Now that the characters have been separated, the next step in the preprocessing
involves passing each digit through various agorithms to sandardize them. The
character is normdized to a standard size of 16x16 pixels, followed by a process of dant

correction during which adant correction agorithm corrects the angle of the dant to an

8 Sparks, Nagendraprasad, and Gupta



upright, vertical position by rotating the number until it reaches its minimum width.*
Following this are two complementary processes: thinning and thickening. Thinning
involves turning the numerd into a bare skeleton of one pixd thickness. A good skeleton
retains the connectivity and structura feetures of the origind pattern and, once defined, is
then thickened to a thickness of two pixels® The thickened character is now ready for

neurd net recognition.

Neural Net Recognition

The neural network congists of 256 input nodes corresponding to each of the
16x16 positions in the image, 40 hidden nodes, and 10 output nodes corresponding to
each possble digit. Two passes are made through the neura network, first with pogtive
nodes weight files and then the complement nodes® weight file. The resullts of the two
passes are used to calculate the confidence leve for each output node. Winbank is given

the location of the weight files and loads them appropriately.

Post-processing

After the neurd net has produced confidence levelsfor dl possble digits, the
confidence levels are examined to seeif any reach the required tolerance level. Inthe
gpecid case where the confidence levels are high for two potentid digits, a pecia post

processing agorithm examines the image and determines which of the two digitsisthe

4 Nagendraprasad, Gupta, and Feliberti
5 Nagendraprasad, Wang, and Gupta
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actud digit. The post processor is activated when the highest confidence is greeter than a
certain pre-set threshold, and the second highest confidence iswithin a pre-set difference

of the highest confidence

Of the potentia 45 ditinct pairs of digits, 29 are checked using the functionsin
check _ch.cpp. Each function uses one of thirteen different types of dgorithms. The
following table ligts each digtinct pair, whether it is checked by the post processing

routine, and if so, which type of dgorithm it uses.

First Second Checked? First Second Checked?

Digit Digit Type Digit Digit Type
0 1 Yes: 1-A 3 4 Not Checkec
0 2 Yes: 1-A 3 5 Yes: 5
0 3 Yes: 1-B 3 6 Yes: 6
0 4 Yes 1-A 3 7 Not Checkec
0 5 Yes: 1-A 3 8 Yes: 7
0 6 Yes: 1-C 3 9 Yes: 8
0 7 Yes: 1-A 4 5 Not Checkec
0 8 Yes: 3 4 6 Not Checkec
0 9 Yes: 1-A 4 7 Not Checkec
1 2 Yes: 2 4 8 Not Checkec
1 3 Yes: 2 4 9 Yes: 9
1 4 Yes: 2 5 6 Yes: 10
1 5 Yes: 2 5 7 Not Checkec
1 6 Yes: 1-A 5 8 Yes: 11
1 7 Yes: 2 5 9 Yes: 12
1 8 Yes 1-A 6 7 Not Checkec
1 9 Yes 1-C 6 8 Not Checkec
2 3 Not Checkec 6 9 Not Checkec
2 4 Not Checkec 7 8 Yes: 1-A
2 5 Not Checkec 7 9 Yes: 13
2 6 Yes: 4 8 9 Yes 1-A
2 7 Not Checkec
2 8 Not Checkec
2 9 Not Checkec

Table 2: Pairs of digits checked by the post processing scheme

Common Attributes

Each of the functionsfor post processing is called checkXandY, where X and Y

arethe digtinct digits being checked. Theinput to the function is the 16x16 bitmap,



represented as an array of 256 integers. The functions return an integer whose vaueis X

or Y, and -1 in some cases when the digit cannot be determined.

General Changes Madeto Improvethe Post Processing Step

The origina check_ch.cpp file failed to compile because it caused more than 300
warnings. Since the compiler (Borland C++ 5.02) refuses to compile any file with more
than 100 warning messages, the file had to be modified to iminate the error messages.

It seemed that whoever worked on the origina file made the same mistakes over and over
again. The migtakes include declaring varigbles that were never used, assigning vauesto
variables that were not used, and alowing afunction to not return avaue when it needs
to. All the warning messages were examined and eliminated. Another mistake fixed that

the indexing to the array isincremented at the wrong time.

Another improvement made was to diminate the unnecessary loops through the
bitmap image, snce most of the code checks for only afew rows or columns. By doing

30, the speed of each function isincreased.

Also, there were no comments to indicate what each function was doing. After
careful examination of the code, each function is now properly commented so that future
developers will have agood comprehension of the way each function works. The
comments on each of the functions are discussed below aswell as any changes made to

improve each function.

Type 1. Checksfor Loops



The Type 1 dgorithm checks for loopsin the digit. For example, the difference
between a0 and a6 is that on the top haf of the 6, thereisno loop. So the agorithm
scansthe firgt 6 rows of the bitmap and checks how many times the bits are flipped. The
bitmap for the fourth row of each digit would look like this: 0000000110000000 for the 6
and 0011000000111100 for the zero. In the case of the 6, we have a string of zeros,
followed by 2 ones, and then back to a tring of zeros, which resultsin two digtinct bit
flip cases (0->1 and 1->0), while for the O, there are four bit flip cases. As soon as the bit
flip counter for arow hits 3, then thereisaloop in that row. |If there are more than 2
loops counted, the agorithm returns the number that should have aloop in the area
checked. Otherwisg, it returns the number that should not have aloop.

0000011110000000 00000000000O0O0OOO0OO
0001111111100000 0000000001100000
0011110011111000 0000000011000000
0011000000111100 0000000110000000
0111000000001110 0000001100000000
0110000000000111 0000011000000000
1110000000000011 s 0000110000000000
11000000000000112 0001100000000000
11000000000000112 00l11111111110000
11000000000001112 0011000000011000
1100000000001110 0011100000001100
1110000000011100 0011100000001100
0110000000111000 0001110000001100
0111000011110000 0000110000011000
0111111111100000 0000011111110000
Ovs. 6 case

The Type 1 dgorithm can be further divided into three different categories, A, B,
and C, depending on where the dgorithm is checking for loops. Type 1-A checks the
bottom six rows, while 1-B checks the middie six rows, and findly 1-C checks the firgt

SX rows.

The origina code checked for loops incorrectly. It counts the number of bit flips

in each row asit goes through each column in the row. And when the number of bit flips
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is greater than 3, the number of loopsisincremented. Thisiswrong becauseit will
double count for any further bit flips because aloop usudly has 3 or more hit flips. The
code was changed to increment the loop counter only once, when the number of bit flips
reaches 3 a any row. Testing of the code showed that it was rardly used ahigh

thresholds’.
Type 2: Checksfor 1's

The second dgorithm isardaivey smple. It isgenerdly used for checking
between a 1 and ancther number. Sincea 1 isusudly rdatively thin, there are usualy
few pixelsthat are on a the outsde columns. The agorithm runs through the first and
|last five columns and keeps track of the number of on pixels®. If that sum is more than

gx, thenit most likely isnot a1 and is ingtead the other number.

0000000110000000 00000000000O0O0COO0OO
0000001110000000 00000000000O0O0OOO0OO
0000011110000000 0001111111111000
0000000110000000 0001100000000000
0000000110000000 0001100000000000
0000000110000000 0001100000000000
0000000110000000 s 0001100000000000
0000000110000000 0001100000000000
0000000110000000 000O1111111110000
0000000110000000 0000000000011000
0000000110000000 00000000000O0O1100
0000000110000000 0000000000001100
0000000110000000 0001100000001100
0000111111110000 0000110000011000
0000111111110000 0000011111110000
1vs. 5case

"High threshold is> 0.5
8 An"on pixel" isalin the bitmap, and an "off pixel" isa0
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In the example above, the 1 has four pixds on in the outside columns, while the 5
has 33 pixels on in the outsde columns. Origindly, the dgorithm returned a 1 if there
were less than two on pixds on the outsde columns.  However, this would not handle
the case of the 1 shown above because of the horizontd line at the bottom. Testing
showed that this was correct about haf the time (6 out of 12) at high thresholds. An
example of the post processor being correct isas follows. If the actua number isa 1, and
the neurd network's highest confidence was 5 and itsleve is above the threshold.  Then
if its second highest was 1 (and its leve is within the difference), and the post processor
checksthis case and returns a 1 instead, then it was correct. Conversdly, if the neurd
network's output was correct but then the post processor returns the second highest

confidence output, then it is said to be wrong.

Type 3: ChecksOand 8

The third agorithm dedls specificaly with the case of checking between a0 and
an 8. Sincea0ismuch like an 8 except that its middle is hollow, the dgorithm checks a
3x3 suare in the middle of the bitmap. If the number of on pixelsin the square is greater
than 2, the dgorithm returns an 8. Otherwise, the square isrelatively empty and it returns

ao0.

No specific changes were made to the origina code, and testing of the code

showed that it was rarely used at high thresholds.

Type 4: Checks2 and 6
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The third dgorithm dedls specificaly with the case of checking between a2 and a
6. Thisagorithm works on the premise that the on pixds at the midsection of a2 are
located towards the right, while for a 6, they aretowardsthe left. Thiscode basicaly
compares the number of pixelsthat are on from the left sSide to the ones from the right
dde. If there are more pixels that are on for the left, than it returnsa 2. If there are more
on pixelson theright, a6 isreturned. Otherwisg, if the numbers of on pixds are the
samefor left and right, a-1 is returned to indicate that the post processing could

determine whether it was a2 or a 6.

No changes were made to the original code, and testing showed that the code was
correct compared to the neural network four times and wrong only twice a high

thresholds.
Type5: Checks3and 5

The third algorithm deals checks between a3 and a5 by going from the 4" row to
the 7" row and summing the location (column) which an on pixe gopears. It then divides
by the number of on pixels encountered to determine the average of the location of those
pixds. If the average on pixd'slocation is below 8.5, then it is towards the | &ft, and
reurnsab. Thisisbecause of the tendency of the top middle segment of a5 to be
towardsthe left. Otherwise, if the averageis above or equa to a 7.5, thenit returnsa 3

because the top middle segment of a3 is usudly on theright Sde.

The origind divided the sum of the locations by sixteen to get the average.
However, thisisincorrect because it assumes that there are only sixteen on pixelsin the

rows. An extravariable to count the number of hits was added and used to get the correct
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average. Testing showed that it was wrong most of the time (3 out of 8) at high

thresholds.
Type 6: Checks 3 and 6

This agorithm checks between a3 and a6. It works on the premise that a6 hasa
curve on the left Sde, o thefirst on pixd of each row would be rdatively close to the left
edge, while a3'sfirg on pixe for its middle rows would be farther to the right. The
agorithm goes through the 9, 10™, and 11" row to find the first on pixels on those rows.
Then, it averages the location of the two rightmost on pixels in those three rows and

returnsa 3 if it is greater than 5 and 6 otherwise.

No changes were made to the origina code, and testing its performance showed

that this case was never entered.
Type 7: Checks3 and 8

The Type 7 agorithm deals specificaly with the case of checking between a3
and an 8. It operates on the assumption that a 3 islike an 8 except that it is missing the
left curvesin the middle rows. Therefore, the first on pixels for those rows are likely to
be farther away. The fourth, fifth, tenth, and e eventh rows that are checked, and the
average of thefirst on pixels of those rows are caculated. If the averageisbelow 5.5,
then it returns an 8 because it meansthat it isrelatively close to the left edge. Otherwise,

it returns a 3 due to the lack of the left curve causing the first on pixd to be farther out.

Only the genera changes were made to the code. Testing the code revedled that

the code was correct 3 out of 3 times at high thresholds.
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Type 8. Checks3 and 9

The eghth dgorithm dedls specificaly with the case of checking between a 3 and
a9. It works much like the Type 7 agorithm except that it checks only the fourth and
fifth rows, ance a9 only has the left curve on the top haf. After determining the average

of the first on pixelsin those rows, it returnsa 9 if it isbelow 5.5 and a 3 otherwise.

Testing showed that this case was never checked and no specific changes were

made to the code.
Type 9: Checks4 and 9

This dgorithm deds specificaly with the case of checking between a4 and a 9.
It does s0 by exploiting the fact that the top part of a9 is closer to edge than it would be
for a4. The4 hasapeak in the middle redly close to the top edge but then it dopes
downwards on the left Side. In this agorithm, four middle columns (74", 8", 9", and 10™")
are examined to find the location of the first on pixel in each column. The average of the
four locationsis computed, and if it is greater than 2.5, then a4 isreturned Sinceit is not
very closeto thetop. Otherwise, a9 isreturned since those pixels are pretty close to the

top.

In this case too, the code was not changed specificaly and testing showed that the

case was not checked at al at high thresholds.
Type 10: Checks5and 6

The tenth dgorithm dedls specificdly with the case of checking between a5 and a
6. It works on the premise that 5's are missing the lft curve on the bottom hdf that 6's

18



have. So, this agorithm ca culates the average column of the first on pixds from the

ninth to thirteenth rows, where the missing curve would most likely be. If the averageis
lessthan or equal to 4, then it returnsa 6. |If the average is greater than or equa to 5, then
it refurnsab. If itisbetween 4 and 6, it checksthe location of the latest first on pixe in
those rows. If thet is greater than 6, then a5 isreturned sinceit isfar away from the left

edge. Otherwise, the function returns a 6.

Tegting showed that the post processor was correct for this case 9 out of 10 times,

and the origina code was not dtered except for the genera changes.

Type 11: Checks5and 8

The Type 11 dgorithm ded s specificdly with the case of checking between a5
and an 8. It assumes that from the fourth row to the sixth row, the last on pixe will be
close to the right border for an 8 and close to the left border for a5. If the averagein
theserowsislessthan 7, then it returnsa 5. If it isgreater than 9, then it an 8 isreturned.
If it is between 7 and 10, then the next assumption is checked. Thefirst on pixd from the
ninth row to the twelfth row would be closer to the right border for a5 and for an 8, the
left border. The average of the first on pixelsin these rowsis caculated and if it isless

than 7, then an 8 isreturned. Otherwise, a5 isreturned.

Tedting of this check showed that it was correct 10 out of 11 times. No specific

changes were made to this code.

Type 12: Checks5and 9
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This dgorithm works on checking between a5 and a9. Firg, it obtainsthe first
and last on pixes from the third row to the seventh row. Then, it computes two averages,
one for the last on pixels (last_avg), and another for the difference between the last and
firdt on pixes (diff_avg). Then, if last_avg islessthan 8, then it returns a5 because 5's
have averticd lineon theleft Sde. Otherwise, if last_avg is greater than or equal to 11,

then it returns a9 since 9's have aright curve.

Further checking isdone in the casesthat last_avg islessthan 11 and greater than
or equa to 8. Thistime, diff avgischecked. Sincea5 will only have averticd line, the
width should be rdaively smdl, meaning diff_avgisrdativdy smal. For a9, however,
it would be bigger since it would have acircle loop on itstop hdf. So, if diff avgisless
than or equal to 3, a5 isreturned and if it is greater than or equd to 6, a9 isreturned. In

the case in between, even more checking must be done.

Findly, the last check done on the image to determine betweena5and a9. It
first caculates the number of last on pixds that occurred in the left haf (before column 9,
cdled last_hdf) and aso the number of last on pixelsthat occurred in the leftmost quarter
(before column 5, cdled last_quarter) in the five rows checked earlier. If last_hdf is
greater than or equd to three, then it isa 5 because a9 usudly hasits last on pixels on the
right Sde. If last_quarter is greater than or equa to two, then it isa 5 for the same reason

asabove. Otherwisg, if last_quarter isless than two, then a9 isreturned.

Tedting showed that this case was rarely checked at high thresholds.

Subsequently, only the general changes were made to this function.

Type 13: Checks 7 and 9
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The thirteenth and find agorithm ded's specificdly with the case of checking
between a7 and a 9. It does s0 by going three diagond lines. Firgt, from the position
(10, 1)° to (1, 10) and subsequently from the (11, 1) to (1, 11) and from (12, 1) to (1, 12).
Along each line the number of pixels until the first on pixd isadded to thetotd. Sincea
7 will not have anything until the end of the line because of its shape, the location of the
on pixeswill be high. For a9, however, it will be different, as the lower end of the loop
will be hit rdatively early. So, if the totd is greater than 16, which would be rdlatively

late, a7 isreturned. Otherwise, a9 isreturned.

000000000 ///0000
00000000/ //00000
0000000 ///000000
000000/ //0000000
00000///00000000
0000///000000000
000///0000000000
00///00000000000
0///000000000000
/1/0000000000000
//00000000000000
/000000000000000
000000000000OGOOQO
000000000000OQGOOQO
00000000000000CO0QO0
0000000000000000O0

Three Diagond Lines used for Type 13

Post Processor Performance

The performance of the post processing step was calculated in the following way.

Firdt, the performance of the systemn without post processing was obtained for various

°(10, 1) = 10" row , 1% column
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thresholds for confidence levels. Then, the performance was calculated for the system
that will activate the post processing for various thresholds and difference thresholds.

For example, if the threshold is 0.7 and the difference threshold is .2, then the post
processor will be activated if the highest confidence returned by the neural net is greater
than 0.7 and the second highest confidence iswithin 0.2 of the highest. Also, when the
post processor's output differs from the neura net's, the number of times the post
processor corrected an incorrect neura network output as well as the number of timesthe

post processor was wrong and the neural network output was right were cal cul ated.

Threshold Difference Correct Incorrect Rejected Post Process? Added Value

0.5 0.25 4700 593 526 Yes 0.815%
0.5 0.25 4662 631 526 No
0.6 0.2 4571 509 739 Yes 0.417%
0.6 0.2 4552 528 739 No
0.6 0.3 4579 501 739 Yes 0.593%
0.6 0.3 4552 528 739 No
0.7 0.2 4377 393 1049 Yes 0.321%
0.7 0.2 4363 407 1049 No
0.7 0.3 4381 389 1049 Yes 0.413%
0.7 0.3 4363 407 1049 No
0.75 0.25 4255 327 1237 Yes 0.354%
0.75 0.25 4240 342 1237 No
0.8 0.3 4095 286 1438 Yes 0.269%
0.8 0.3 4084 297 1438 No
0.9 0.1 3464 175 2180 Yes 0.000%
0.9 0.1 3464 175 2180 No

Comparison of results with or without post processing

Results from the test showed that the addition of the post processing steps
incressed the overal accuracy for dl the different threshold and difference levels except
for the 0.9 and 0.1 case. Thetrend from the resultsis that the added vaue (increase in
accuracy rate) of post processing decreases as the threshold level increases and it

increases as the difference level increases. The older version of the code did not compile,
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S0 no comparison between the new and old versions can be made. However, the results
do show that the overdl accuracy wasincreased with the new version. Therefore, it

should be implemented in the current Winbank system.

Brazilian Checks

Recently, a representative from Integris, a Brazilian softwarelhardware integration
company brought a CD-ROM containing 5000 Brazilian check images. An atempt was
made to train the neurd net on 2000 of the images and then check its accuracy for the
remaining 3000 checks. However, severd problems were encountered in the process.
Firgt, the checks did not have a courtesy amount box. Instead, the courtesy amount area
was generdly on the top right corner of the check. Also, the courtesy amount often
incdluded ddimiters such as "Re$" before the actual and also a"#" before and after the
actua amount. Findly, dl of the checks were stamped and sometimes the stamp would

crossinto the courtesy amount area, making it impossible to read.

Further Improvements

Further analys's can be done on the results of the post processing steps to improve
the system's accuracy. The cases where the post processor was incorrect while the neural
net was correct can be examined to see why that happened and how to improveit. If
certain adgorithms are usualy more wrong than right, it can be taken out to increase the

added value of the post processing step.
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Also, there are till some mysterious bugs remaining in the application. Most
notably, on Windows NT, the program crashes right after the user pressesthe
"Recognize" button for an input test Stuation. Also, on Windows 95, the program can
not perform the load image function correctly. Before the processisfinished, the
program tries to access an invalid address, and causesit to crash. Several days have been

devoted to debugging this problem but no cause for the bug has been found yet.

Summary

This report has detailed the design and development of Winbank, a software
prototype capable of recognizing the written amount in the courtesy amount block of a
check. The gpplication is broken down into three modules. Scanning, Recognition, and
User Interface. The User Interface module handles the user's input and cdlsthe
necessary routines in the two other modules in order to determine the correct output for
the user. Training for Winbank's neural net needs to be redone if any of the

preprocessing steps are modified.

The preprocessing steps include segmentation and standardization. Segmentation
divides the image into separate characters, and determines whether each segment isa
digit or a punctuation mark. Each digit is passed to the sandardization Sep is
normalized, dant corrected, thinned and thickened. The result is given to the neura
network and a confidence level is generated for each potentid digit. 1n the post
processing sep, adigit is reexamined if the confidence leve is high for two potentia

digits. The code for the post processing step did not compile at first due to the numerous
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erorsinit. Severd general changes were made to improve the post processor in terms of
Speed, accuracy, and memory usage. Specific changes were aso made to some

agorithmsto correct errorsin the origina code.

Results showed that the post processing step's added vaue increases asthe
threshold level increases and as the difference level decreases. The overdl accuracy of

the system increases for al the levels tested and should be added to Winbank's system.

Recently, Integris provided 5000 images of Brazilian checks. Attemptstotrain
and test the application on the images encountered severa problems such as lack of
courtesy amount block area, abnorma ddimiters and noise due to slamps made on the

checks.

Further improvements to the prototype include further analysis on the effects of
the post processor. Some algorithms may fail more than it succeeds and elther can be
taken out or examined and refined.  Also, afew mysterious bugs still remain and should

be fixed.

If the necessary modifications can be made to the system, the offline numericd
recognition system mentioned here might someday be improved to the point whereit is

adequate for broad commercia use.
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