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Abstract: The structure of Chinese characters is reviewed and seen to be best represented as 3-layer hierarchy of
character, radical and stroke. Fuzzy possibilistic reasoning is then put forward as an appropriate set of conceptual tools to
investigate the automatic recognition of these characters. An associative memory artificial neural network algorithms form
a suitable technique for realising these concepts. Implementing these techniques several issues are explored: vagueness of
radicals, their situation, position invariance, extraction order and shape. Extensive results are obtained to demonstrate the
quality of the algorithms in dealing with the range of difficulties inherent in the problem.
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1 Introduction

The complex structure of Chinese characters is formulated through a long history (about 5,500 years
recorded in history). Early Chinese characters were mainly symbols and pictographs that could also
represent some abstract concepts of daily life as shown in Figure 1 (a). In order to express more
complex ideas and concepts, pictographs were developed and combined to form ideographs for multiple
meanings. These ideographs form some 90% of the total Chinese characters in current usage [Scu9l].
Most ideographs are made up of two components: (a) a radical, i.e. a pictograph before it becomes part
of an ideograph, which indicates the classification of a character; and (b) a ‘phonetic’ symbol for
partially aid the pronunciation of a character. Figure 1 (b) shows several examples of the ideographs’
development. Chinese characters possess three major features in their structures and quantities: a two-
dimension (2-D) pictorial format, topological structure and a large vocabulary.

re == _  Horizotal
* \ Py v *
A _ Right-diagonal
i A «
?I IEl + H = EI];.J . | Vertical H‘ N
(Symbols) m * / : i
Left-diagonal

'
I Sun Moon Erightmess
"

I::k |".I l| l-l-ll + E - ? (1) Paskion (b) Dirction (¢) Length
h (Pictographs) - Figure 2. 2-D pictorial format of Chinese characters

i
" I Roof Woman Safety

B H (Characters) m+m = tm H * H ? HH L]

EZHF g

Sun Moon Tree Tree Forest E'

.
(a) ®) Jf"ﬂ”’-'ﬂ "

(@) Combination (b} Same component (¢) DifTerent positions

Figure 1. The historical development of Chinese | Figure 3.  Topological structure of Chinese
characters characters




In the 2-D pictorial format, basic components, strokes, can be situated at any position of a character.
Figure 2 (a) shows that the stroke ‘horizontal line’ can be located at several places in a character. In
Figure 2 (b), the stroke ‘horizontal line’ may change its identity once its direction is altered. Figure 2 (c)
displays that the stroke ‘horizontal line’ has three different lengths in a character.

The topological structure of a character means that the character is combined from or
deconstructed into several components as shown in Figure 3 (a). The same component may appear in
different characters as illustrated in Figure 3 (b). A component can be located at different positions in a
character as shown in Figure 3 (c).

2 Structure of Chinese Characters

2.1 Three-Layer Hierarchy

In the three-layer hierarchy method, the structure of Chinese characters is represented in three layers:
character, radical and stroke [Ren96]. Basic strokes in the bottom layer are treated as indexes to
determine the shape of radicals in a character. Radicals in the second layer are used to deconstruct the
internal topological structure of a character in order to reduce the number of characters to be learnt by
computer. Characters in the top layer are recognised by restructuring radicals into a chain code, and
verifying it by means of a code database. Based on this method, the process of recognising a character is
carried out in sequence of character, radical and chain code. Figure 4 gives an example for illustration of
the method.
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The structure representation in the three-layer hierarchy centres on the relationship of objects in these
layers in two aspects: extraction and classification. Extraction takes into account the relationship of
objects in their shape alteration between layers, which is also called vertical alteration. In the second
aspect, classification generalises the relationship of objects in the same layer and forms different
categories of these objects, which is termed horizontal classification.

iii) Stroke: A stroke is defined as a dot or a continuous line. Although radicals form the foundation
of extraction and classification of the hierarchy, the structure of their shape has to be defined entirely by
these primitive strokes. For instance, a combination of horizontal and vertical strokes can form a token-
radical, or even a radical, as shown in Figure 6. Therefore, the structural representation in this layer will
concentrate on these combinations as well as strokes themselves.

3 Algorithms

3.1 Fuzzy Possibilistic Reasoning

Fuzzy possibilistic reasoning in knowledge representation approaches is well suited to dealing with
imperfect, uncertain and vague information [Kru94]. Reducing the complexity of imperfect information
is achieved by information-compressed representations based on if-then rules. These rules are
interpreted as logical implications and are termed as possibilistic inference rules defined by the notation
R.

i) Concepts: Based on the approximate reasoning and probability theory, fuzzy possibilistic
representation uses conjunctly combined rules to validate a possible resolution from various restrictions.
In these if-then rules, antecedent in the /F clause and consequence in the THEN clause are constrained
by their possibility distributions denoted by m. The possibility distributions are related with the




interpretation of vague concepts as contour functions of random sets. Physical quantities of the
distributions are defined by the possibility measures denoted by Poss;.
ii) Expression: Generally, a possibilistic inference rule R; can be expressed by

R;: IF ésj is p; THEN éTj isv, j=1,..,1
or
Ri: IFES Vs ™ AND €5 @ is @ THEN &7 is vi,  j=1,..,1,

where p;, p j(l), " j(Z) and v j are subsets of possibility distributions on the space sets S ; and T ; with regard
to j. & is a variable whose values can be arbitrary possibility distributions on S; or T ;. The symbol is,
appearing in possibilistic inference rules, serves as a linguistic description of the operator < and is
therefore to be interpreted as ‘is at least as specific as’.

3.2 Associative Memory Neural Networks
The associative memory neural networks, Bi-directional associative memory (BAM) introduced by B.
Kosko in 1985 [Kos87] and Hopfield memory introduced by J. Hopfield in 1982 [Hop82], are able to
recognise an incomplete pattern with their associative memory. The network architecture can be built up
with neurones and connectivity on one layer or more layers.

i) Algorithms: The mathematical formula for the associative memory function is established on the
construction of an energy equation E [Hop82] [Kos87] [Kos88], called the Steepest Gradient Descent

algorithm:
E=YY X WY 20X+2pY, - G

Where, 0 ; and ¢ ; are constants of the energy equation E.

The algorithm contains two phases: learning and training. In the learning phase, the associative memory
function is used to form the connectivity matrix W for training a set of input patterns X; (u) and output
patterns Y; (u),

whereu=1,2..M;i,j=1, 2 ... N, the weight W (i, j) is determined by the Hebbian rules:

W(i’j):{zX"(u)Yj(”) if i#j

0 if i=j

In the training phase, the algorithm aids convergence because its value in equation (3.1) is either reduced
or to remain constant during the recall procedure [Wan94], providing the following conditions are
satisfied.

! LW, XI-p,>0 The relation R of all rules is
Y-y, IW,X-@,-0
-1 qu)(:'—tpfu
" G3) -
o Twrieeso % =%,
X=X XW.,Y-6.,-0 j=1
-1 W ,Y-0.<0




4 Implementation

4.1 Vagueness of Radicals

According to the definition of the three-layer hierarchy method, radicals are seen as the basis of
recognising a character. Essentially, a radical possesses pictographic features of uncertain position,
shape and extracting order. The position means that a radical can be located at any place in a character,
for instance, bottom, left or outside as shown in Figure 7 (a). A radical can be within a rectangle, square,
u or y shape as illustrated in Figure 7 (b). The definition of shape is referred to Figure 3.3 in Section
3.2.2. The extracting order indicates the sequence of radicals extracted from a character. For instance,
a radical located at the top of a character is extracted first, as examples shown in Figure 7 (c).
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Figure 7. Vagueness of radicals Figure 8. Possible position of a radical

4.2 Situation
The situation representation uses inference rules defined by the above interpretation for determining
radicals in a character. The representation focuses descriptions on (a) the position of a radical in a
character, and (b) the order of extracting a radical from a character.

i) Position Variance: The investigation of position variance of radicals in a character is based on
their features of a two-dimensional picture and a rectangular appearance, one of the major characteristics
in the structure of Chinese characters. The domain of position variable is defined by

P = {width, length}.

Because a radical may keep an independent position in a character, the possibility distribution of position
variance of a radical on the domain P, shown in Figure 8, is defined by

7(P) = {outside, inside, top, bottom, left, right, middle}
Poss; (P) for n(P) is defined by, for instance,
Poss, (left) = {width <2/3 width of P, length = length of P}.

ii) Extraction Order: The extraction order indicates the sequence of radicals extracted from a
character that might consist of two or more radicals. The domain of extraction order is expressed by

O = {first, last}
The possibility distribution of extraction order on the domain O is represented by

(O) = {outside —» inside, inside — outside, top — (middle — bottom), top — bottom, left — (middle
—> right), left — right}.

The notation ‘—’ stands for the sequence from the first to the latter. Distinction of some distribution
representations, such as, ‘outside — inside’ and ‘inside — outside’, will depend on inference rules
between order, position and shape mentioned in the next section.




After developing such basic possibility distribution of order n(O) above, a complex distribution could be
derived, for instance,

1(0) " (top — bottom (left — right)) = {top — bottom left — bottom right}.
Poss; (O) for n(O) is defined by, for instance,

Poss, (fop — bottom) = {there are two rectangles}.
Now, possibilistic inference rules RFO might be established for representing relations between the
position and order of a radical. As examples, several rules are shown as follows

RO y: IF position is top THEN order is first,
‘R(Po)(z): IF position is bottom THEN order is last.

iii) Shape Vagueness and Possibilistic Inference Rules: To produce a general concept of forming
a radical, the shape vagueness of radicals is investigated for expressing the relation of combining two
strokes. The relations can be classified as angle, location, continuous, distance and discontinuous.
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The angle relation indicates a contour expression of two connected strokes. For example, it is defined as
a contour if two connected strokes form an angle. Figure 9 shows three different types of angles from
two connected strokes.

The location relation stands for the intersection point of two connected strokes. Figure 10 gives several
examples to show the location relation. The discontinuous relation implies the possibility of a contour
that may be broken down into two radicals. The distance of two disconnected strokes decides a
discontinuous contour. Figure 11 gives two examples for showing the discontinuous contour.

Possibilistic inference rules are established by representations of relations between shape vagueness
denoted by 119); between shape and position by [ GP). and between shape, position and order by [ (SPO)
For example, the inference rules shown below are defined to divide a character into two parts: ¢l and c2
from the inside to outside.

RS (): IF contour of ¢l is square AND c2 is continuous contour of cl
AND angle of ¢l connecting with c2 is 90
AND location of c2 is on the top middle of cl
THEN shape is combination of ¢l and c2 (c1+c2).
ROP o) IF shape is cl+c2 THEN cl position is
outside.
RO 5 IF shape is cl+c2 THEN c2 position is
inside.
@: IF shape is cl+c2 AND position is outside
THEN order is last.
‘R(SPO)(5): IF shape is cl+c2 AND position is inside
THEN order is first.

R(SPO)




4.4 Architecture of the Associative Memory Neural Network
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Figure 12. Architecture of the associative memory neural | Figure 13. Function of the hidden-2 layer
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The associative memory neural network in the subsystem consists of four layers: input, hidden-1,
hidden-2 and output. The hidden-1 layer consists of multi sub-nets where each sub-net deals with
radicals in a category. The number of neurones in each sub-net is decided by the learning patterns in the
category. The connectivity from the input to the hidden-1 layer is static. Neurones in the hidden-2 layer
are created by the results gained from the hidden-1 layer. The connectivity between the two hidden
layers is dynamic. The design of the hidden-2 layer with a dynamic structure is used to further enhance
convergence on global minimum of the associative algorithms. Figure 12 shows the architecture of the
network.

In the learning phase, radicals are classified into categories. Each is represented by a sub-network that is
used for reducing the connectivity of the whole network and for using shared weights. The 26 different
sub-nets are composed of a whole neural network with the associative memory function. The major task
in the learning phase is to learn formal radicals and to form inter-connectivity for training a pattern.

In the training phase, sub-nets in the hidden-1 layer are trained to converge to local minima. The
hidden-2 layer is generalised by re-learning these patterns of local minima. Eventually, the global
minimum will be converged to the output layer.

4.5 A Modified Network

The modification of the associative memory function in the network aims to enhance convergence to a
global minimum [Ren95]. This modification has been made in both of the learning and training phases.
In the learning phase, the modification centres on changing reasonable parameters for Hebbian rules
shown in equation (3.2), so that the convergence is ideally forced to search for all patterns. Two
assumptions are made:

0f:¢.f20
or (4.1)
Hi:qo,:%ZW,,

In the training phase, the modification is concentrated on how to enhance local minima to converge to a
global one. The enhancement is dynamically formed in the hidden-2 layer, as shown in Figure 13.




5 Results

5.1 Extraction of Radicals

In order to test the fuzzy possibilistic inference rules run by the Preprocessing subsystem for extracting
radicals from a character effectively, some experiments have been conducted. In the extraction
processing, the experimentation focused on different structures of radicals in a character and the
extraction technique.

50 standard writing characters with different structures, which can be extended to more characters
with the same structure, were used to examine the extraction rules, shown in Figure 14. These characters
were chosen with representation of radicals in different positions, shapes and orders. The correct
radicals have been extracted from 48 out of 50 test characters, i.e. a 96% success rate. In the
implementation of the preprocessing, a dynamic scheme was employed for updating possibilistic
inference rules while they were being evolved around a sample set of special cases.
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Figure 14. Test characters Figure 15. Different shapes of radicals

Different Positions: The implementation of extracting radicals that are located at different places in
characters has examined the capability of rules to cope with various structures of characters.
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Figure 16. Results of different orders Figure 17. Examples for expansibility of rules

Different Shapes: Examining different shapes of radicals centred on dealing with basic shapes and
complex shapes. The basic shapes include the shapes of basic strokes, and complex shapes are
combination of basic strokes, for instance, shapes of a rectangle, square, cross, y or u shape. Figure 15
shows some results of the implementation.

Different Orders: The extraction order is able to decide which radical has to be extracted first in the
case of a character being composed of more than one radical. Examples shown in Figure 16 are some
results of testing order rules.

Expansibility of Rules: In addition to dividing a character as a picture into several radicals, i.e. sub-
pictures, some sub-pictures might be further segmented into smaller sub-pictures, i.e. sub-sub-pictures,
where the sub-pictures are formed from two or more radicals. The segmentation is termed expansibility
of possibilistic rules. Examples in Figure 17 show the implementation results of the expansibility of
rules.
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For the first case, a complete radical is divided into two parts by the current inference rules. There are
two methods to deal with this problem according to human analysis. One method is to have special
rules, probably against existing rules, to deal with these special radicals. The other is to attach new rules
that could examine a rectangular area occupied by a radical. If the area is small enough only for a stroke
rather than a radical, the extraction in this case will be invalid or it will be treated as a single radical
without extraction. However, it needs a statistic value to decide a minimum area for tolerating a radical
because some of the strokes can be treated as radicals as shown in Figure 19 (b), but some cannot be as
shown in Figure 19 (a). In the second case, two radicals are connected, or overlaid together, and form a
continuous shape. This is very difficult to deal with by only applying inference rules. Other methods
should be further investigated for exploring these radicals. Currently, such radicals are treated as
difficult ones.

5.2 Classification and Recognition of Radicals
The experiments for classification and recognition of radicals followed on from results of the
Normalisation subsystem. In the process of using the associative memory neural network with sub-net
structure, the experimentation was focused on different classification, recognition and modification of
the network.

120 radicals covering 24 categories have been used to examine functions of classification,
recognition and translation of the system. Some ambiguous cases will be discussed in Section 5.5.5.
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Figure 20. Classification of test radicals Figure 21. Some learning patterns

Classification: According to standards of classification, test radicals were divided into the categories
shown in Figure 20.

Within these categories, a radical with a tag represents a combination of radicals or token-radicals
that are independent in different categories in the Cang-Jie method. The tag is used for referring to a
database of Chinese characters in the Cang-Jie method, instead of building up a new one.



Learning Phase: Radicals in each category were learnt by the learning phase of the network to form
connectivity schemes among its sub-nets in hidden-1 layer. Some learning patterns are shown in Figure
21.

The Modified Network: Modification of the network was centred on the structure of neurons and
improvement of global convergence. Results in Figure 28 show the convergence of local minima to a
global minimum of radicals from the hidden-1 layer when parameters 0; and 9 in Equation (3.3) are set
to 0. After modifying the parameters 0; and j to ) ZWij, the mis-recognition rates of these tests were

reduced. Figure 29 shows the results of the enhancement. Compared to Figure 28, the convergence to a
global minimum in Figure 29 has been improved and the number of iterations is reduced as well.
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Figure 28. Test results with setting the | Figure 29. Test results with modifying the
parameters 6; and ©; to 0 parameters 6; and j to % ZWij

6 Conclusions

The work described in this article represents a significant advance towards using the method of three-
layer hierarchy character-radical-stroke for the representation of the structure of Chinese characters, and
the process of character-radical-chain code to translate a character from a 2-D pictorial format to a chain
code for verification.

Although work in the preprocessing stage has classified positions of radicals in a character, a case
that allows omitted and difficult radicals in a character has not been considered yet. Basically, a
character in such a case has a very complex structure and it is written in a complex style. Applying
fuzzy possibilistic rules to such characters and more complex characters can be investigated in future
development.
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