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Abstract

We describe an off-line handwritten Korean character
recognition module for real-time address reading. Our
module has a two-stage recognition structure. The first
recognition aims at reducing target classes for the second
recognition at high-speed. We introduced a method to
remove non-similar candidates with an input from the
candidate set returned by the first recognizer. The
optimal candidate set obtained after the operation of the
removal method is used to be the target class set for the
second recognition and hence should include the class
membership of input without fail and a possible small
number of candidates in consideration of the whole
processing time. The result of experiment done with the
PE92 database has proven the superiority of the removal
method.

1. Introduction

Our ultimate goal is to develop an off-line handwritten
Korean character recognition module for real-time
Korean address reading. So, we’ve considered the
following requirements when designing the module. The
first is to process an input at high speed and return its
membership class with a possible high rank. The second
is to return candidates with reliable recognition scores, for
example indicating probability, for the next module of
address interpretation which generates a valid address
based on the results of character recognition and an
address lexicon. In this paper, we present some research
result made during developing the module meeting such
requirements.

In case of Korean, character recognition becomes more
challengeable due to the large character set where there
are 11,172 characters to the maximum. However, because
we are concerned about only the recognition of characters
coming from addresses written on mail pieces, the
number of characters considered for recognition can be
reduced significantly. The analysis of 50,000 live mail
images informs us that the number of characters
appearing in addresses with the frequency of more than
30 times is 489. With this statistic taken into

consideration, the target class set in our problem has been
composed of the 489 characters. Figure 1 shows them.
Although the number of target classes is reduced to 489,
the problem to recognize them is still difficult because
there exit a lot of similar characters in Korean formed by
combining 24 kinds of basic graphemes on the two-
dimensional space. This difficulty makes the performance
of handwritten Korean character recognition poor still to
be used in practical applications in spite of many steady
studies [1].

OO0O0000O0000000000O00000000000000
OO0O0000O0000000000O00000000000000
OO0O00O00O000O0O00000000000000000000
OO0O00O00O000O0O00000000000000000000
OO0O00O00O000O0O00000000000000000000
OO0O00O00O000O0O00000000000000000000
OO0O00O00O000O0O00000000000000000000
OO0O0OO000000000000o000000o000aooo
OO0O0OO000000000000o000000o000aooo
OO0O0OO000000000000o000000o000aooo
OO0O0OO000000000000o000000o000aooo
OO0O0OO000000000000o000000o000aooo
OO000000000000000O000000000000a0a
OO000000000000000O000000000000a0a
OO000000000000000O000000000000a0a
OO0000ooooooooooonoad

Figure 1. 489 most frequently used characters in
Korean addresses

Recently, the studies about classifier combination, a
viable alternative to using a single classifier, have been
done worldwide actively [2-5]. We also have devised a
method combining two recognizers to achieve higher
accuracy. Recognition for an input is accomplished two
times sequentially. The first recognition aims at reducing
the target classes for the second recognition and the goal
of the second recognizer is to return the membership class
of input with a high reliable recognition score. The
proposed method in this paper is related to generate an
optimal candidate set from a candidate set returned by the
first recognizer. The optimal candidate set is used to be
the target class set for the second recognition and hence
should contain the class membership of input without fail
and a possible small number of candidates. A multi-layer
perceptrons network is adopted as the first recognizer and
non-similar candidates with an input are removed from a

Proceedings of the Seventh International Conference on Document Analysis and Recognition (ICDAR 2003)

0-7695-1960-1/03 $17.00 © 2003 IEEE

YF]',F.

COMPUTER

SOCIETY



candidate set returned by the network. To decide whether
to remove a candidate or not, some pairwise multi-layer
perceptrons networks are used. In Section 2, we will
describe the handwritten Korean character recognition
module and the proposed method in detail.

2. Handwritten Korean character recognition

2.1. Overview

Figure 2 shows the diagram of our handwritten Korean
character recognition module. The input to the module is
a binary character image. The output is a set of candidates
ranked with their recognition scores. The module starts
with feature extraction. Then, the first recognition, the
optimal candidate set generation and the second
recognition is performed in order. Both of the first and
second recognition are based on the character-unit
recognition strategy, where each character class is
represented by one model and an input is matched to
every character model, and use a same feature vector. As
the first recognizer, we adopted a multi-layer perceptions
network, well-known for its good performance in the
pattern classification problem. The network can reduce
target classes for the second recognition at high speed and
with containing the class membership of an input in a
candidate set with a high probability. The second
recognizer is under development at present. It should
adjust to the dynamical generation of target set according
to an input. Therefore, conventional recognition
algorithms trained with a fixed target class set are
excluded from our interest.

Binary character image

Non-liner mesh based directional feature extraction
|

15t recognition - MLP

]

Optimal candidate set generation — Pairwise MLPs

l
2nd recognition
l
Candidate list

Figure 2. Handwritten Korean character
recognition module diagram

2.2 Non-liner mesh based directional feature
extraction

Meshing is a key technique to extract the directional
features [6]. In this paper, a non-linear meshing method is
applied to extract directional features from a binary image
- refer to Figure 3(a). Non-linear meshing is equivalent to
non-linear shape normalization and can adapt variations
in handwritten characters, while its computation
complexity is less than that in non-linear shape
normalization [7]. Here, we used 6x6 non-linear mesh.
The mesh dimension is set through experiment.

(a) (b)
Figure 3. (a) non-linear meshing and (b)
directional codes

In each mesh, a histogram of 10 directional codes is
obtained. We firstly computed directional values defined
in the range of 0° to 359° at pixels and then converted
non-zero directional values into one of 8 directional codes,
which indicate equal-sized partitioned ranges each. For
directional values with zero, we assign them to the 9™
code or 10™ code in accordance with the pixel value —
refer to Figure 3(b). The 9™ code represents background
and the 10™ code foreground. The feature vector is
composed of these local histograms. So, 300-dimensional
feature vector is extracted from one binary character
image. Refer to [8] if obtaining more detailed explanation
for our feature extraction.

2.3 1* recognition - MLP

The multi-layer perceptrons network has the structure
of three layers: an input layer with the same number of
nodes as the dimension of the feature vector, a single
hidden layer with 200 nodes, and an output layer of which
nodes represent target character classes, where indicating
the 489 Korean characters. Refer to Figure 4. One bias
term is added to both of the input and hidden layer. The
activation function of the hidden and output layer nodes is
used to be the sigmoid function. For training the weights
in the network, a back-propagation algorithm is used to
minimize the mean square error over the training set
between the output actually produced and the target
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output. Finally, we set learning rate and momentum as 0.7
and 0.1 respectively.
Output layer
(489 nodes)

Hidden layer
(201 nodes)
Input layer
(301 nodes)

Figure 4. Structure of an MLP for Korean
character recognition

2.4 Optimal candidate set generation — Pairwise
MLPs

So as most probably to include the class membership
of inputs in target class sets for the second recognition,
we can consider a lot of candidates from a candidate list
returned by the first recognizer. But as the number of
target classes is large, the processing time needed in the
second recognition increases. So, we should work out a
compromise between the two. The proposed method tries
to generate an optimal set which includes the class
membership without fail and a small number of
candidates.

Several methods have been proposed for reducing
candidates [9, 10]. They tried to estimate their potential
correctness. But, the proposed method removes non-
similar candidates with an input based on the results of
some pairwise multi-layer perceptrons networks. The
pairwise multi-layer perceptrons networks are almost
similar with the multi-layer perceptrons network
described in the previous section in terms of both of their
structure and training method, except the fact that there
are only two nodes in their output layer. The two nodes
indicate two characters to be discriminated. In the training
phase, pairwise multi-layer perceptrons networks for all
the pairs made from 489 character classes are trained. The
number is 119,316 (=449C,). We have tested them and
stored their first-order recognition rates in a table.
Depending on the recognition rates, whether the
corresponding pairwise multi-layer perceptrons networks
work or not is decided. The pairwise multi-layer
perceptrons networks with the first-order recognition rate
higher than a threshold work. As the value of threshold is
high, the confidence level of the candidate removal
increases.

Let N candidates denote C;, C,, ..., Cy ranked with
their recognition scores. First, to decide whether to
remove the first candidate or not, we prepare pairwise

multi-layer perceptrons PMLP(C,, C)), i=2, ..., N of the
first candidate and the other candidates. Among these, the
networks with the first-order recognition rates higher than
a threshold work. When all the working pairwise multi-
layer perceptrons networks return C; as the first-order
candidate, C, survives. If even one of them returns C; as
the second-order candidate, C; is removed. Also, the
counterparts of C; are removed when C; is returned as the
first-order candidate. Namely, whether to remove C; and
its counterparts C;s or not is decided depending on the
recognition results of pMLP(C;, Cj), where, Cjs are
candidates remaining in the candidate set until then.

After the pairwise MLPs work

MLP candidates |:/\> Optimal candidate set
O
O
O

0 (0.821)
0(0.787)
0 (0.022)
0 (0.001)
0 (0.001)
0 (0.001) ;%

0 (0.000) Input 2 e
0 (0.000) [::}

0 (0.000)
0 (0.000)

Figure 5. Example of a generated optimal
candidate set

3. Experimental results

3.1 Experimental environment

The experiment has been done on a Pentium IV Single
Processor 1.3GHz PC with 256MB memory. And to
evaluate the multi-layer perceptrons network and the
effect of the non-similar candidate removal method using
pairwise multi-layer perceptrons networks, we have used
a handwritten Korean character database, named PE92
[11]. Among about 100 sets in the database, 70 sets (a
total of 34,230 images) were used for training and the rest
13,569 images were used for testing.

3.2 Performance of the MLP

Table 1 shows the cumulative recognition rates of the
multi-layer perceptrons network for discriminating the
489 characters. Given more than 20 top candidates, the
probability to exist the membership class of input among
them is over 99%. The processing time is 1.24ms per
character on average. These results prove the validity of
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adoption of the multi-layer perceptrons as the first
recognizer of which requirement is to reduce target
classes for the second recognition at high speed with
containing the membership class of input in a candidate
set with a high probability.

Table 1. Cumulative recognition rates of the MLP

# of candidate 10 15 20 25 30

Cumul. Rec.

Rate (%) | 976!

98.53 99.00 99.23 99.44

100

95 e

o

85 |

80 |

cumulative recogntion rate (%)

75

1 2 3 4 5 6 7 8 9 10candidate#

Figure 6. Cumulative recognition rate curve of
the MLP

3.3 Performance of the pairwise MLPs

Table 2 shows the performance distribution of 119,316
(=489C,) pairwise multi-layer perceptrons networks. The
networks of 85% of them have the first-order recognition
rate of 100% and the networks with the first-order
recognition rate more than 90% are about 99.6%. This
result has supported that candidates can be removed with
a good confidence value using the proposed method. The
processing time of a pairwise MLP is 0.16ms per
character on average.

Table 2. Performance distribution of the
pairwise MLPs

1* recognition rate Pairwise MLPs #
under 70% 48
70% ~ 80% 66
80% ~ 90% 336
90% ~ 100% 16,999
100% 101,867

3.4 Effect of the proposed non-similar candidate
removal method

Table 3 shows the average numbers of surviving
candidates after the proposed method is applied to the
candidate sets of the multi-layer perceptrons network. The

effect of the proposed method seems to be larger when it
is applied to the large candidate set. Thirty candidates are
reduced to about 6 candidates on average. Here, any drop
in the cumulative recognition rates in Table 1 does not
happen. Figure 7 presents rather improved cumulative
recognition rate curves after the operation of the proposed
method. This result comes from the usage of threshold
value of 100%. In other words, we let pairwise multi-
layer perceptrons networks with the first-order
recognition rate of 100% work. So, candidates could be
removed with the confidence value of 100%. We could
use the threshold value of 100% since the pairwise multi-
layer perceptrons networks have good performance as
shown in Table 2. If we use a small threshold value, the
larger number of candidates can be removed, but the
cumulative recognition rates may fall down. So, a trade-
off is needed between the cumulative recognition rates
and the processing time when deciding the threshold
value.

Table 3. Average number of candidates in an
optimal set

# of MLP # of surviving candidates after the
candidates proposed method is applied
10 4.18
20 5.26
30 5.85
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(b) to the top 20 candidates of the MLP

100

Nel
W

o
(=}
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W
T

‘% ---¢--- Performance of 1st recognition [~

.

o0
(=}

culmulative recognition rate (%)

~
W

1 2 3 4 5 6 7 8 9 candidate #
(c) to the top 30 candidates of the MLP

Figure 7. Improved cumulative recognition rate
curve after the proposed method is applied

Because our ultimate goal is to develop a real-time
character recognition system, the processing time is very
important. Until the generation of optimal candidate set,
the processing time would be good to be shorter in order
to give the second recognizer a possible much processing
time. The algorithm of the second recognizer may be
time-consuming. Therefore, we’ve devised the method to
generate a possible small target class set for the second
recognition. Even  though pairwise multi-layer
perceptrons networks need a very short processing time, it
is desirable that the proposed method should call them a
few of times. Table 4 shows the average number of
working pairwise multi-layer perceptrons networks when
generating an optimal set. As shown, the numbers are not
large. So, we do not need much time when generating an
optimal set.

Table 4. Average number of working pairwise

MLPs
# of MLP # of working pairwise
candidates MLPs
10 10.84
20 28.07
30 46.49

4. Conclusion

In this paper, we have proposed a method to remove
non-similar candidates with an input character from a
given candidate set. To generate the candidate set, we
adopted a multi-layer perceptrons network which has its
output nodes corresponding to 489 Korean characters. To
decide whether to remove a candidate or not, some
pairwise multi-layer perceptrons networks are used. The
results of the experiment done with the PE92 database

shows that the proposed removal method can generate an
optimal candidate set fast without any drop in the
cumulative recognition rates. The processing time until
the generation of optimal candidate set is about 3.12ms on
average considering 10 candidates. The time is reasonable
that our method can be applied to our real-time
handwritten Korean character recognition module under
development at present.
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