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A Study on Off-line Handwritten Digit Recognition

Using Combination of Stroke Direction Codes

Chan-Hee Lee

Dept. & Computer Science

Graduate School Pukyong National University

Abstract

Off-line recognition of handwritten digit recognition consists of two
steps; the feature extraction step and the recognition step.

We propose the improved methods for both steps. In the former
step, the improved Self-Organizing Graph(SOG) is applied for
extracting key features of digits. The SOG  thinning method is a
variant of Self Organizing Graph(SOG) with incremental learning
algorithm.

In the latter step, the feature points and severa feature stroke
information of digits are suggested to apply to the resultant
pixels(neurons) of SOG, a multi-layer neural networks learn the
knowledge of their combination for each digit, and the fina learned

neural network system correctly classifies an off-line handwritten



digit into the corresponding one.

We experiment these recognition system by using the digit
database of KAIST, YONSEI university, and Canada Concordia
university as the training handwritten digits. From these experiments,
we confirm that these proposed system is at correct recognition rate
98.85% to 99.25% but at error rate 055% to 0.71% and at reection
rate 02% to 045%. These results are equal or superior to the
existing ones in terms of correct recognition. T herefore the proposed
methods enhance the correctness and the speed of recognition of

off-line handwritten digits.
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< 1> Kohonen Network
<Figure 1> Kohonen Network in two-dimensional input layer and

one- dimensional competitive layer
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SOG

for level := 1to log:(M-1) do
begin
/* */
node = 2% + 1;
/* */

give the weight of step;

for repeat := 1 to delta*level do // delta : N)
begin
for input := 1 to level do
begin
/* */
if sorted orders = previous orders
then Ki := previous orders;
else
/* */
update weight of winning unit;
update weight of neighborhood units;
end; /l end of input
end; Il end of repeat
end, /I end of level
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<Figure 17> Distribution of strokes and sorting order after merging
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stroke 14 15

(stroke 0 6)
(stroke 7
14) : 4 stroke 8 stroke 13

, Sstroke 7 stroke 11 2

< 1>

<Table 1> Form of each strokes

stroke 0O

stroke 1
stroke 2

stroke 3
stroke 4

stroke 5
stroke 6

stroke 7
stroke 8

stroke 9
stroke 10
stroke 11
stroke 12
stroke 13
stroke 14

‘Ili(\\)\/—'oxlcnmbwo
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<Figure 19> Diagram of stroke recognition
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stroke 14 15 5, < 20>
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<Table 2> Input value of direction codes

00000000
10000000
01000000
00100000
00010000
00001000
00000100
00000010
00000001

ONOO OB WIN|FL| O

< 20> 42
100% :
100%
42 42
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<T able 4> Recognition rate of total

DB
Concordia 98.89% 0.40% 0.71%
KAIST 99.25% 0.20% 0.55%
Y onsei 98.85% 0.45% 0.70%
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<Figure 24> Recognition rate of each number
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<Figure 25> Result of after divide strokes and create direction codes
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<Table 5> The treatise awareness rate and used characteristic

comparison
DB
(%)
Concordia Univ. 97.80
(3] ( ) (
ETR 99.40
Concordia Univ. 97.10
(4] 4 : .
Dong-A Univ. 98.00
( 1 L]
[5] NIST 97 48 ), ( ,
: )
[19] Concordia Univ. 98.00 , ,
[27] Concordia Univ. 94 45 + -
[23] Concordia Univ. 96.61
[24] Concordia Univ. 98.20 , , ,
[25] 98.00 ’ ’ ’ ’
[28] Concordia Univ. 95.00 ’
[29] NIST 99.00 , UDLRH , , Haar
[30] 94.00 , ( )
Concordia Univ. 98.89
KAIST 99.25
Yonse Univ. 98.85
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