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1. INTRODUCTION

Chinese characters represent one kind of delicate arts. Each character has its
structural meaning. Basically they are composed of certain number of writing strokes,
which can be roughly classified into 33 categories. There are about 5401 daily-used
characters, of which many are very similar or too complex that the efficient machine
recognition of them by conventional methods seems not feasible. The conventional
approaches include extracting statistical features for classification [1-4] and segmenting
strokes for structure matching [5-8]. The first approach is suitable for machine-printed
characters and constrained handwritten characters, whereas the second approach is suit-
able for general handwritten characters. In our study here, we try an innovative
method, the neural network approach, to recognize the general handwritten Chinese

characters.

The neural network approach for Chinese character recognition has been studied
by Kimura [9], where a modified back-propagation neural net is used and only four
similar characters with various distortions and noises are tested. Yong [10] has also
studied handprinted Chinese character recognition by using a content addressable asso-
ciative memory where the recognition scheme consists. of two phases: a stroke recog-
nizing phase in, which a handprinted character is encoded, and a character recognizing

;
phase in which the handwritten character is matched with a standard character whose

code is the closest to that of handwritten character. However, no experiment is done in

this study. Wang et al. [11] study multilayer backpropagation neural network for -

handwritten Chinese character recognition where each character is transformed into
polar coordinate; the contour of the transformed character is coded and input to the

neural net, and experiments have been conducted on a set of 48 radicals.

In this paper, we extract strokes of Chinese characters by conventional methods

[12-14] where each stroke is restricted to be a straight line segment. Then, we derive a

set of features from each stroke of a character. For all model characters, these features
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are fed into columns a two-dimensional Hopfield neural network, and for an unknown
character, its features are fed into rows. Finally, through an optimization process exe-
cuted in the neural net, a quantitative similarity measure between the unknown charac-
ter and each of the model characters is derived. Compared with the conventional
matching schemes, the proposed technique provides a more general and compact for-
mulation of the problem and a solution more suitable for parallel implementation. In
" the next section, we briefly mention about some preprocessing tasks and stroke extrac-
tion procedure. Then, the basic concept of the continuous Hopfield network model for
matching is introduced in Section 3. In Section 4, the procedure of mapping the char-
acter recognition scheme into neural network is described. This is followed by the
presentation of experimental results in Section 5. Finally, a conclusion is made in Sec-

tion 6.

2. PREPROCESSING AND STROKE EXTRACTION

In this paper, we consider strokes as basic constituents of a Chinese character.
Therefore, the first step toward Chinese character recognition is to segment every sin- '
- gle character into a set of its constituent strokes. In this section, we will describe the

procedure of preprocessing and stroke extraction.
i

2.1. Preprocessing

Generally, a digitized image with Chinese character may have some unwanted
holes and noises. Therefore, the first step of preprocessing is to smooth the raw
image. Then, for the sake of reducing subsequent processing time and storage space, a
thinning algorithm is used to minimize the information of each character. After the
thinning process, the resultant skeletons are 'morc typical to the original patterns and

more feasible for further analysis.
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In the thinning process, we adopt a stripping method which strips off the charac-
ter from the outermost layer (each time one layer) uniil its skeleton is reached. After
the thinning process, it is possible to have some spurious branches in the image.
Therefore, the resultant skeletons are traced and the set of n-fork points (n23) are
located. We then use a threshold to determine whether a branch should be deleted or

not. An example showing the result of preprocessing is in Fig.1.

2.2. Stroke Extraction

The purpose of stroke extraction is to extract the set of constituent strokes from a
Chinese character. In this process, we use end points in the skeleton (Fig.2) as starting
points, An iterative tracing process starting from each end point is performed. Then,
we classify each segment as either a curve or a straight line segment. In this paper,
we tequire that all strokes be straight line segments. It is well known that a curve seg-
ment can be divided into several straight line segments from its turning points. We
. apply k-curvature method to locate the set of turning points in a curve segment. Then,
a set of criteria is used to determine whether two adjacent line segments should be
concatenated into one. Finally, the set of extracted strokes is labeled with a top to bot-
tom, left to ri,ght order. An cxar-flple demonstrating the result after performing the

stroke extraction process together with the labeled strokes is shown in Fig.3.

3. TWO-DIMENSIONAL HOPFIELD NETWORKS FOR MATCHING

In this section, a two-dimensional Hopfield neural array is introduced. This neural
net will be used as a tool for handwritten Chinese character recognition. A Hopfield
net [15] is composed of numerous highly parallel computing units. It is built from a
single layer of neurons, with feedback connections from each unit to every other unit
(but not to itself). The weights on these connections are constrained to be symmetri-

cal. Generally, we first characterize a problem to be solved by an energy function E.
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Through a constraint satisfaction process performed in thg Hopfield net, the matching

result is ultimately refiected in the states of the neurons.

In general, the rows of the net are arranged to represent the features of an unk-
nowin Handwritten character, and the columns represent the features of a model charac-
ter. The state of a neuron reflects the degree of similarity between two nodes, one
from the unknown character and the other from the model character. The matching
process can be characterized as minimizing the following energy function [17]:

E=-YY3¥CuaVaVy + X1 - TVa )2 + X1 - TV (1)

ik ji i k k i
where Vy is a state variable which converges to 1.0 if the ith node in the unknown
character matches the kth node in the model character ; otherwise, it converges to
0.0. The first term in (1) is a compatibility constraint. The second and the third

terms are the uniqueness constraints so that the summation of the states of the neu-

rons in each row or column is equal to 1.0. The major component of the compatibil-

ity measure Cyy (or strength of interconnection) between a neuron in row i column k

and a neuron in row j column ! is expressed in terms of a function F defined as fol-

lows:

1 Liflx—yl<s :
Fxy)=) 1 | otherwise 2

where 6 is a threshold value, and x and y are features pertaining to row and column

nodes, respectively. Cj; can be expressed as
Cigi = 2 W XF (Xy5¥n) (3)
where x, is the nth feature of the node in row ¢ column &, y, is the nth feature of the

node in row j column [, and the summation of the weighting functions W,’s is equal

to 1. Equation (1) can be simplified and fit into the energy function form of a
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Hopfield network [16] as follows:
E = "‘;—Ei‘,fk:,%‘,{l',mﬂ VaVi — Zi',?ikVik @)
where [;; =2, and
Tuj = Cigjy — & — Oy . ()

where §; = 1,if i = j, and §; = 0 otherwise.

Matching can be considered as a-constraint satisfaction process [18-20]. Accord-
ing to Hopfield and Tank {15], the strength of the connection between each neuron
pair can be derived from the energy function. Based on these connections, the equation

of motion for input u; of a neuron at position (i,k) can be derived as follows:

du' I
£ = I3 CuiVy —2Va — 2V — Y 6)
dr Al F ; T
where
Vi =g(uy )= _ ) Q)
ik = 8L Mg )= “Zuy
1+e¢ “°

-

Since the’ sum of V¥ on all the neurons at initialization is constrained to be equal

to the number of the final desired output, i.e.,

T3V =N (8)

where N is either the number of rows or the number of columns of the array depend-
ing on which one is smaller. We can derive the initial condition for u; from equa-

tions (7) and (8) as follows:

iy = =0 = 1) )




|
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In order to prevent the system from being trapped in a local minimum, a certain
amount of noise must be added to this initial value. We can rewrite the initial condi-

tion as follows:
uiko = Uy + 0 (10)
and
Vi = g(uz®) 11

where & is a random number uniformly distributed between -0.1u;,;, and +0.1u;,;.

The algorithm for matching is summerized as follows:




Input: A set of neurons arranged in a two-dimensional array with initial values V°,
where 0<i<row_max — 1, Ok =colunmn_max - 1, and row_max and column_max are
the numbers of rows and columns in the array, respectively.

Output: A set of stabilized neurons with state values Vj, where 0.0<V,<1.0 for
Ogi<row_max and 0gk<column max.

Method:

(1) Set the initial conditions using equations {10) and (11).

(2} Set index = 1 and limit=n,

(3} Randomly pick up a node (1k).

(4) Update the value of uz. In order to simulate equation (6), the 4tk order Runge-
Kutta method is used. That is,

up™ = upt + 'é"'(kl + 2Ky + 2k3 + ka)

where
k= hf ('),

ks = hf (u + %kl).
. 1
k3= hf (uz' + —2—’52.),

ko= Rf (uy' + k3l

F{.) is the right hand side of equation (6), and % is a constant.

(5) Calculate the new state of neuron (i,k) as follows:

Vie = g (ua)

(6) Increment index by 1.

(N If index < n, then go to step (3), else stop and output the final-states of all the
neurons based on the following rule:

=100 |, otherwise

where 01 is a threshold value.

In the real implementation, the coefficient < is set to 1 and uq is 0.002. The con- I
1

stant & for the Runge-Kutta approximation is 0.0001. The instability problem of the
Hopfield neural network has been extensively studied [24-26]. It is well known that the
optimal solution is not always found. The time-out strategy adopted in the algorithm

forces the system to converge to a stable state and thus implicitly solve the instability

problem.
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4. CHARACTER RECOGNITION VIA HOPFIELD NET

In this section, the aforementioned two-dimensional Hopfield net is used to per-
form character matching. The first step of the procedure is to select the set of features.
This is followed by the introduction of row-column assignment. Then, the strength of
interconnection Cy; is defined. Finally, a method for quantitatively evaluating the

degree of match between the unknown character and the model character is presented.

4.1. Feature Selection and Row-Column Assignments

Before the character matching can be performed, each stroke of the character has
to be labeled. This is equivalent to assign each stroke with a specific number. For-
tunately, this work has been done in the stroke extraction process (see Fig.3). In fact,
during the stroke extraction process, we also calculate the length of each stroke and
derive the coordinate of its centroid. For each stroke, we extract two features for char--
acter matching, One is a local feature which is the length of the stroke. The other is a
relational feature which is defined as a set of distances originated from the stroke’s.
centroid to all the centroids on other strokes of the character. An example demonstrat- ‘
ing both features of a stroke is shown in Fig.4. The proposed features are able to
implicitly solve botly translational and r.otational invariance probIerr:ls. However, they
are not helpful to scaling problem. In this paper, we assume the size of the unknown

character is similar to that of the character models. In fact, a simple normalization

process by conventional methods will resolve the aforementioned problem easily.

In order to perform matching, each stroke of the unknown character is assigned a
row index and each stroke of the model character is assigned a column index. An

example illustrating this arrangement is shown in Fig.5.




IF o !

4.2. Cy; for Character Matching H\ =

To perform character matching, Cy;; is expressed as follows:

Cip = WXE (I; M) + WoxF ;M) + W X (dy1,.dp,1,) (12) “

where [, represents the length of the xth stroke in the unknown character, M, the ]

length of the yth stroke in the character model, dp,1. the distance between the cen- I

troids of the itn and the jth strokes in the unknown character, and dyy, s, the distance
between the centroids of the kth and the lth strokes in the model character, : ]

For having better performance, we put a constraint in the relational feature com-

parison process. The reason why this constraint is used is to save the amount of com- y

parisons. According to the definition, the relational feature is the distance between the ' W
centroids of two arbitrary strokes in a character. In other words, if there are n strokes | "'
in a character, then the number of relational distances is 4. In the matching process, i
an unknown character (with n strokes) and a model character (with m strokes) will
fequire C3xC% comparisons. In order to reduce the number of comparisons, we iden- ¥
tify each stroke with either LONG, MEDIUM, or SHORT, based on its length. In the "

relational distance comparison process, if the types of the two strokes in the unknown i

character are different from those in the model character, then we simply neglect it |

without any comparison. An example showing this case is in Fig.6. H

4.3. Similarity Measure for Character Matching ‘

After the states of the Hopfield net are stabilized, we can count the number of

active neurons in the network and use it to measure the degree of match (or similarity)

between the character model and the unknown character. Since the lengths of the set

of strokes in a character are of different sizes, an importance measure / is defined

based on each stroke’s length. The importance measure of stroke j is \




[l

" (13)
PR,
i1

where [; is the length of stroke j and n the total number of strokes in a character.

The procedure for similarity measure consists of four steps:

Step 1: Initialize row_match, column_match, row_zero and column_zero to be 0.

Step 2: Count the number of 1's in each row. If there is no 1 in row i, increment
row_zero by 1, skip to the next row and leave row_match unchanged, If there is
only one 1 in row i, add I; to row_match. If there are n is (n > 1) in row i, then

I .
add — to row_match. Repeat this for all the rows.
n
Step 3: Do the same calculation for all the columns and update column_maich and
column_zero.
Step 4: Update row_match and column_match by the following equations:

nurmber of rows — row zero

row_match = row_matchx
= - number of rows

number of columns — column zero

column match = column matchx
- = number of columns

Step 5: Pick up the smaller one from row_match and column_match, and take the
result as the similarity measure.

Given an unknown character and a large number of model characters, the degree

of match can be derived by comparing the unknown character and each of the model
) )

characters in the final state of the Hopfield net. Ideally, there should be at most one

active neuron in each row or column. However, due to the nature of the constraint

satisfaction process, it is possible to have more than one candidate in the same row or

column in the final state of the network. This situation should be considered as

. - I .

unfavorable and hence decreases the degree of match. This is the reason why — is
n

added to the degree of match (row or column) instead of I; when there are n 1s simul-
taneouly existing in the same row or column. When there is no 1 in a row (or
column), it means a stroke of the unknown character (or model character) does not

have a corresponding stroke in the model character (or unknown character). Under the

,-"-ﬁ
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circumstances, we define a penalty function to adjust the similarity measure. The
definition of the penalty function is described in step 4 of the similarity measure pfo-
cess. It is obvious that when the number of empty rows (or columns) is larger, the
penalty is heavier. For a model-based Chinese character recognition system, a set of
model characters are stored in the model database. To derive their degrees of match
with the unknown character in the Hopfield net, we associate the unknown _chaxacter
with row indexes and model characters column indexes. This arrangement allows us
to compare all the model characters simultaneouly with the unknown character pro-

vided that the dimension of the neuron arfay is large enough.

5. EXPERIMENTAL RESULTS

" A series of experiments have been conducted to corroborate the proposed method.
In order. to demonstrate the powerfulness of the proposed scheme, we first select a set
of similar Chinese characters as samples (Fig.7). Althdugh these characters are struc-
turally similar, they are quite different semantically. Fig.7(d) shows the correct coun-
terpart of the given unknown character in the character database. It reflects that the
model character in Fig.7(d) has the highest matching rate with the input character. The

other model characters, though afso have high matching rates with the unknown char-

. acter, are automatically discarded due to the relatively low matching rates in com-

parison with the correct model. In Fig.8(a), we use a set of model characters contain-
ing different number of strokes (7, 8, or 9 strokes) to test the effectiveness of the inex-
act matching performed in the Hopfield net. Fig.8(b) is an example showing the com-
parison result between two characters having different number of strokes (7 and 9
strokes, respectively). It is obvious that the proposed scheme is able to deal with inex-
act matching problem. Fig.9(a) shows a synthetic input character which is a model
character undergoes translational and rotational displacements with respect to the

image center. For simplicity, we use the same set of model characters as is shown in
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Fig.8(a). Figs.9(b)-(f) is a set of model characters selected from the sample set in
Fig.8(a). The value below each model is the matching rate between the corresponding
model and the unknown character. It is obvious that the correct model character can
still be identified no matter how the unknown character is rotated or translated. Fig.10
shows the final states of the stabilized Hopfield net which reflects the comparison

result between the unknown character and the best matched model character in Fig.9.

Another important feature of the proposed scheme is its distortion-tolerant capa-
bility. Fig.11(a) shows a model character. Fig.11(b) shows the same character written
by twenty different individuals. The word below each handwritten character reflects
its matching status with the model character shown in Fig.11(a). Although the
handwriting style of each individual has great variation, the proposed method can still
recognize 90 percents of the set of handwritten characters shown in Fig.11(b). The
experimental results reflect that although the distortion will cause some influence on

the matching rate but the proposed method is still robust.

6. CONCLUDING REMARKS

In this paper, we proposed a Hopfield neural network approach to solve the
handwritten Chinesé character matching problem. The proposed Hopfield net for char-
acter matching has a flexible structure and is able to solve the problem even if the
number of strokes in the unknown character and the model character are different. In
other words, the two-dimensional neuron array may have different number of rows and
columns and it allows inexact matching [27] to be performed in this net. Furthermore,
based on the states of the neurons in the network, a similarity measure between any
model chafacter and the unknown cha:aéter can be derived even if they contain
different number of strokes. Besides, the proposed mechanism is able to implicitly
resolve the problems caused by translational and rotational displacements. These prob-

lems are normally hard to deal with in traditional optical character recognition process.

- —H
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Another advantage of the proposed scheme is its relatively less heuristics in com-
parison with other methods. Furthermore, the proposed Hopfield net can deal with

matching problems in an elegant manner and is able to quantitatively reflects the

degree of similarity in the final states of the neurons.

In this research, the basic primitive used to perform matching is stroke. In fact,
there is no ample information could be used in a stroke due to its simple stucture. In
the future research, we will extend the definition of primitive to a more structural
form, i.e., to use radical instead of stroke. Since a radical is composed of several
strokes, it has much more information than a stroke does. With more available

features, the matching could be even better and reliable.
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in a Chinese character.

Fig.3 The set of labeled strokes extracted from
a Chinese character after stroke extraction

process is performed.
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local feature: length of stroke 2

relational feature: {dag, da1, da3, doar das, das, dar}

Fig.4 The feature set of stroke 2 in a
Chinese character.
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Fig.7 (a) A synthetic input character. (b)-(d) is a set of
structurally similar Chinese characters. The proposed
method is able to identify (d) as the best matched model
character.
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Fig.8 (a) A set of model characters containing 7, 8, or 9
strokes. (b) The comparison result of two characters
that have different namber of strokes.
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matching rate = 0.150072
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Fig.9 (a) A synthetic input character. (b)-(f) A set of model
characters retrieved from database. The numerical value
below each model reflects its similarity rate with the

unknown character.
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Fig.9 Continued.
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Fig.10 (a) A synthetic input character. (b) The model character
that has the highest matching rate with the input character.
{¢) The final neuron matrix that reflects the stroke corres-
pondences between (a) and (b).
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Fig.11 (a) A model character.
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