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Improving On-line Handwritten Character Recognition
with Hidden Markov Model

Ming Ma*, Dong-Won Park”

ABSTRACT

Method for on-line handwritten character recognition with Hidden Markov Model(HMM) is proposed. To deal with the problem of
handwriting style variations, the Hierarchical Clustering approach is introduced to partition different writing styles into several classes.
One HMM that models temporal and spatial variability of handwriting is constructed based on each class. Therefore a multiple
modeling technique is used for both Korean and English characters. The HMMs of Korean graphemes are concatenated to form the
Korean character models. The recognition of handwriting characters is implemented by a modified level building algorithm, which
incorporates the Korean character combination rules within the efficient network search procedure. Due to the limitation of HMM
based method, a post-processing procedure which takes the global and structural features into account is proposed. Experiments
showed the proposed recognition system which uses multiple modeling technique, the modified level building algorithm and the
post-processing procedure achieved high writer independent recognition rate on unconstrained samples of both English and Korean
characters. The comparison with other schemes of HMM-based recognition is also performed to evaluate the system.
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| . Introduction

On-line handwriting recognition, though has been
researched over four decades, is still a tough
problem. The most prominent problem in
handwriting recognition is the vast variation in
personal writing styles. There are also a lot of
variations within a writing style of one person. These
variations depend for example on the context of the
writing, writing equipment, writing situation, and the
mood of the writer. The writing style may also evolve
with time or practice. The performance of the
automatic recognition system thus depends heavily
on how well the different personal writing styles and
their variations are modeled [1,2].

Another research problem in this project concerns
Korean character processing. Unlike English, the
Korean language has 51 graphemes and a large set of
characters. Thus to recognize a give Korean character
can be different from, or even more difficult than
recognizing English. A Korean character is composed
of two or three graphemes which are arranged in two

dimensions, not a simple left-to-right concatenation.

[I. On-line handwriting recognition system

The main goal of this study is to develop a
practical on-line recognition system for English and
Korean handwritten characters. The system should to
be able to handle multiple writing styles and cursive
form of handwritten characters. HMM-based
recognition model is well suited for this requirement
as been verified in many researches. In general, our

system can be divided into two parts - training part

and recognition part. Though two parts are
functionally separated from each other, some
components like preprocessing and feature extraction
are shared by both of training and recognition parts.

For the training part, it takes a batch of training
data as input. After preprocessing and feature
extraction, the extracted feature vectors come into the
clustering component. Various handwriting styles in
a class (represents a letter of grapheme) are grouped
and trained into different models through training
engine. The models then stored into model database
for recognition.

The recognition takes place from inputting the raw
data to recognition part. Same preprocessing and
feature extraction process as in training part are
performed for the raw data. The recognition engine is
activated when a feature vector is presented. The final
output which is a ranked list of recognition

candidates is printed to the screen.

1. Model of handwriting

3.1 Ligature and Korean character model

The imaginary lines between strokes are referred
as ‘ligatures” which are modeled explicitly through
the pen-up traces. A two-state HMM is designed for
ligatures between two graphemes.

There are 24 primitive graphemes in Korean
characters. The graphemes can be further classified as
consonants and vowels. Ten of the primitive
graphemes are vowels and the rest are consonants.
Complex vowels and consonants are made by
combining simple vowels and simple consonants,

respectively [3]. In addition, the primitive graphemes
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16 double

consonants, whereas the primitive graphemes of

of consonants construct another
vowel construct another 6 complex vowels. In this
study, we proposed a novel Korean character model
based on a modified level building network. It
consists of a series of grapheme models which are
embedded in a structured network according to
rigorous composition syntax - grapheme order

constraint and structure constraint [3].

3.2 HMMs network

Once the grapheme and the ligature models have
been established, a 5-layer finite state network (FSN)
designed by Kwon [3], called BongNet is used as the
baseline HMMs network, for it effectively represents
the architecture of the Korean characters. A set of
dummy node - initial node and final node are
placed at each end of network. Each path from initial
node to the final node corresponds to a Korean
character. Fach node between first consonant and
ligature corresponds to a group of C graphemes with
similar ending stroke. The nodes between first
ligature and vowel correspond to groups of V
graphemes with similar starting stoke. All of the 40
ligature models are represented by second layer and
fourth layer.

3.3 Clustering for multiple models design

Due to the fact that handwritten characters can
vary in both writing orders and general shapes, using
only one model for all patterns of a letter or
graphemes may weaken the recognition performance
of system. Thus, several models are needed to
represent the letters or graphemes with different

writing orders or shapes. To this end, a clustering

technique is usually applied to obtain multiple
models for a single letter or grapheme. The
difficulties then lie in how to decide the number of
models in advance for top-down clustering, and
similarly, how to select a proper distance measure for
clustering samples without any additional knowledge

or constraints.

3.4 Multiple HMMSs design

After introducing the clustering into model design,
the next question is how to effectively arrange the
models of the same letters or graphemes during
matching. Due to the existence of over two models
for a letter or grapheme, models of a same letter of
grapheme may compete for selection, which will
impair the performance of recognition. Therefore, to
combine the multiple models of the same letter or
grapheme into a single HMM, a multiple
parallel-path HMMs [4] is constructed.

A set of dummy nodes - initial and final nodes
are placed at both ends of the models of same letters
or graphemes. All these models are arranged in
parallel and connect to dummy nodes directly. There
is no connection between models. Thus each model
contributes to one of the multiple paths from the
iitial node to final node.

IV. Recognition methods

4.1 Modified level building algorithm

The level building algorithm [5] is used to match a
series of HMMs to an observation sequence without
having to first segment the sequence into
sub-sequences produced by different models. Each
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level of the level building algorithm corresponds to
match a character model to some part of the
observation sequence. In our system, a proposed
modified level building algorithm is used.

If we denote that the set of V models of grapheme
and ligatureas J°, 1< v <V
character recognition network, and a test sequence of

, in the Korean

observation O, t=1,2,..,T, corresponding to a feature
vector which is a sequence of 16-direction codes, then
the recognition is to decode O in to the sequence of
models{f* f>-+- J}. Namely, it is to match the
observation sequence to a state sequence of models
with maximum joint probability.

Five levels representing each components of a
Korean character are explicitly modeled in level
building algorithm. The number of states in each
grapheme level is varied according the models of
grapheme. The constraints of grapheme order and
structure as we introduced for Korean character
model are imposed at the end of each level. For each
HMM fv, and at each level 1, we do a Viterbi match
against O, starting from frame 1 on level 1.

4.2 Post-processing methods

Although the HMM based statistical method has
many advantages, it still has some limitation caused
by the assumptions missing global properties. In
some cases, each two graphemes are highly similar to
each other a curtain stroke in the grapheme is
omitted. In the recognition, since these strokes are
nothing but small parts of graphemes, their
mismatching hardly influences the likelihood of
HMM [6]. Therefore, to solve this problem, the global
and structural knowledge about the characters is

utilized in a post-processing procedure. Two kinds of

the structural analyzers - shape verifier and
position verifier are used in this study. It should be
noted that the verifiers are only applied in
recognition of Korean character.

Shape verifier - Due to the inherent limitation of the
Markov assumption, an HMM represents only a
sequence of local properties. Because of this, during
recognition, the missing of a small important stroke
may not cause enough likelihood change of HMM.
Therefore, a stochastic grammar [6] is introduced as a
shape verifier. To build the stochastic grammar, the
representative graphemes in each cluster generated
for multiple HMMs design are identified via a
sequence of primitive strokes stch as vertical line or
horizontal bar. All training samples are parsed by
stochastic
corresponding state transition is counted and
normalized. During verification, the accumulated log
probability along the state
sequence for each stochastic grammar 1 is calculated
and included in ranking the candidates. If the

primitive stroke is not found from the input

grammar. The  frequencies  of

P'(n),1<n<N

sequence, probability of (dis added. Thus, the missing
of an important stroke will cause a large decrease of

P'(n) , which can effectively prevent the
mismatching cases.

Position verifier - As previous stated, the global
properties are excluded due to the limitation of
HMM. Thus a problem of mismatch may occur to the
characters who share high similarity of strokes and
writing orders. Therefore, a position verifier is
proposed to deal with this problem. The main idea of
position verifier is to model the positional
relationship explicitly among the graphemes of the
character in term of the relative position in the
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bounding box of the character. We first denote the
center of the bounding box of the character as
pc=(xcyc) and the center single grapheme as
Pg=(Xgyg). Thus, the Position verifier Pos is defined
as Pos=(D,R),where D is the distance between p. and
pgRis the direction from pc to pg.

Probabilities of DandRdfor graphemes in character
samples are calculated by normalized frequencies of

the count of DandR.

V. Experiment and Results

The dataset used in this work is derived from the
"KAIST OP2 DB’ created by Al Lab at Korean
Advanced Institute of Science and Technology
(KAIST). This dataset is publicly available for
research use from http://aikaist.ackr. This dataset
includes 137,184 characters collected from more than
100 writers who were college and high school
students. In our study, part of the dataset including
12,390 English and 45,000 Korean characters are used
for training.

First experiment is conducted to test two sampling
approaches - equidistant data points and corner
detection. Table 1 shows that the model trained with
the approach of equidistant data point achieved
better recognition accuracy. Because more samples
obtained through equidistant data points than corner
detection, the training of equidistant data points cost
more than corner detection. In the following
experiments, models only trained with equidistant
data points are used for testing proposed algorithms.

E 1. Zzte] gl wg o4 iz
Table 1. Recognition accuracy of the models trained
with two sampling approaches

Recognition accuracy %

Sampling Tra]:mn
Method & T%me l-candi 2-candi 3-candid
date date ate
E‘a“iﬁ;ﬁ 56 872 914 %
dgt"e‘;“ﬁe;n 472 79 8.6 892

In this system, the number of HMM states for
Korean character model were tuned by intuitive and
empirical methods. Table 2 shows the character
recognition results of these approaches. First, for
every model, the fixed number of states ranging from
3 to 16 was tested, and the best performing number
was chosen. Second, a half of the average length of
observations in the training samples was selected for
the number of the state of the class. The proportion, a
half, was decided empirically. Last, the number of
states was chosen by intuitive knowledge. Note that
the intuitive method does not show the best result
due to the variety of writing styles in each class. The
best performing, the second method is selected for

comparison of our proposed method.

# 2. different states ol e olAl HEE
Table 2. Recognition accuracy of the models trained
with different states

State number Fixed Proporti Manua
number  onto length lly
decided
Recognition 87.2 90.1 88.7
accuracy %
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As the clustering method introduced for multiple
models design, the number of generated models
including both English and Korean increased over
twice time than single model design. In addition the
total number of states also increased by a factor of
almost 2. However, by introducing state-tying, the
number of states reduced by about half. As a result,
the number of the observation distributions becomes
almost same as that of single model design. Refer to
Table 3.

3 EAHZ 4 ME A9 Increased

parameters
Table 3. Increased parameters by the clustering
method
Sing Multip Multiple
le leHMMs  HMMs after tying
model
Number 159 324 324
of models
total 1024 2033 1207
states

For evaluating the proposed design method
against the general design method, several tests were
performed. First, to examine how well each letter and
grapheme HMM was trained, the recognition tests
were performed on the letter and grapheme training
data. In Table 4 and Table 5, recognition accuracies of
the letters and graphemes for two different model
designs are listed. It indicates that most models were
well trained with some exceptional cases, and the
proposed multiple models design performed better
than the single model design.

Next, the English letter recognition test was
performed on the test data set of English characters.
(Table 4)

4 FEX A FHEHE v

Table 4 The comparison of accuracy for English letter

recognition
Single model design Mutltiple models design
Lowercase Upper case Lowercase Upper case
% % % %

882 A 920 a 926 A %1
b 873 B 948 b 880 B 948

87.5 Y 922 y 923 Y 9.0
z 769 Z 879 z 790 Z 872

Av. 872 Av. 900 Av. 902 Av. 912

Finally, the recognition test was performed on the
test data set of Korean characters. The result of
recognition accuracy is showed in Table 7. The
proposed multiple model design improved the
recognition rate almost 2% with cost of increased
recognition time comparing with single model
design. However, the modified level building
algorithm achieved an overall improvement in both
recognition rate and recognition time. In addition,
the shape verifier and position verifier used in
post-processing also enhanced the recognition rate
with slightly extra time expense.

I 5 XA dMofiMe] HET HW
Table 5. The comparison of accuracy for grapheme
recognition

Single model design Multiple models design

Initial Middle  Final Initial Middle Final
% % % % % %
-8 b 8. 1 844 0 891 } 85 1 883

v 9L F 8. v 83 v 942 F 89 v 95

& 90. 4 8. w873 & N1 4 HU0 w 86
Av. 90. Av. 90. Av. 86.0] Av. 935 Av. 917 Av 882
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3 N8 HMM €82

E 6 92X o4 BEE

Table 6. The recognition accuracy of English

characters
Model design Test data set of English
Single Model 88.6%
Multiple Models 90.7%

E7 32 Y d5 4E 23z

Table 7. The performance of Korean characters

recognition

Test data set of Korean ~ Speed
Model design Natio  sec/cha

High School .
Single Model 874 882 0476
Multiple Models 891 918 0513
Multiple Models+tM 9.2 944 0.454
Multiple Models+M + P 9% 96.3 0469

M: modified level building; P: post-processing

VI. Conclusion

The main goals of the research work have been
met well. In this study, three contributions have been
made. Firstly, a multiple modeling technique based
on an effective clustering approach is proposed to
deal with the problem of handwriting style
variations. Then it introduces a modified level
building strategy to incorporate the Korean character
combination rules. To overcome the limitation of
HMM based method, the global and structural
verifiers are introduced in the post-processing
procedure.

Based on the results of this research, number of
recommendations for future research can be made.
Firstly, the improvement can be made via the
integration of multiple approaches and the joint
effects of processing step. Therefore besides Hidden

Markov Models based approaches, more reliable and
efficient classifier or verifier is needed to combine
with HMM to achieve a further improvement of
recognition accuracy. Secondly, since the recognition
performance depends heavily on the quality of the
model database and size of sample sets, further
efforts should be spared in optimizing the model

database as well as including more valid sample sets.
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