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ABSTRACT

The paper presents a new method for the recogni-
tion of handwritten Chinese characters. A structural
representation called hierarchical attributed graph rep-
resentation(HAGR) is introduced to describe handwrit-
ten Chinese characters. With HAGR, the recognition
process becomes a simple process of graph matching. A
mapping cost function from a candidate to a model graph
is introduced. This approach can tolerate the variations
of HAGR which reflect the instabilities or variabilities
of handwritten Chinese characters resulting from differ-
ent writing styles. Several rules have been introduced
to order the vertices of the graphs to avoid the combi-
natorial explosion in graph matching. In addition, the
database of the character models is arranged in a search-
tree structure. For a candidate character, the search
process to find a corresponding model character can be
divided into a number of simple and local decisions at
different levels of the tree. Thus the efficiency and accu-
racy of the matching process can be greatly improved.

Keywords: Chinese character recognition, Search
tree, Hierarchical attributed graph.

I. Introduction

The recognition of handwritten Chinese character(H
CCR) is complicated and difficult due to the large num-
ber, complex structure of the characters and the infi-
nite variety of character shape, style, position of the
branches, and direction and length of the stroke. Typical
approaches for HCCR are correlation matching[1], back-
ground feature distribution[2], background analysis(3],
and stroke analysis[4].

For the correlation matching, some forms of normal-
ization are required. The normalization has limited abil-
ity to compensate for the variety on the writing styles.
The last three approaches depend on the features such
as stroke length, stroke direction, stroke sequence, and
connection relation of strokes [5]. But the features are
unstable to some extent, as the writing may be differ-
ent from person to person. To overcome the difficulties,
one method is to shift the burden to the users by setting
the constraints on character writing[6]. Not all users
will accept this and some may have difficulties observ-
ing the specified rules. The other methods increase the
number of models for each character in the database to
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allow for the variation caused by the instability of the
features. However, this increases the character database
of the Chinese language enormously. For example, the
handwritten Kanji database ETL8 contains 152960 sam-
ples of 881 different Kanji characters. Each character
category has 160 samples written by different people[7].
With such a large character set, the matching process
may become very time-consuming.

In this paper, a new method is proposed which is not
sensitive to the writing styles and offers users with high
flexibility for effective recognition of Chinese characters.
A recognition method which is insensitive to different
writing styles is obtained by finding the stable features
of the characters. However, in the recognition process,
some of the unstable features can not be discarded, such
as the orientation of the strokes. We develop a hierarchi-
cal attributed graph representation (HAGR) to represent
and describe both invariant features and unstable fea-
tures. A mapping cost function from a candidate graph
to a model graph is also introduced. This approach
provides some tolerations to the variation of characters
handwritten with different styles. For graph matching,
several rules are applied to order the vertices of the graph
to avoid the combinatorial explosion in matching.

Furthermore, the database is organized into a search-
tree structure according to the spatial relation between
branches, the number of strokes and the geometric con-
figuration of strokes in each branch. Using the HAGR
representation of character models and a tree organi-
zation, of the database, the efficiency of the matching
processing can be greatly improved.

II. Preprocessing

Preprocessing includes seven steps: thresholding, nor-
malizing, thinning, stroke segment extracting, stroke merg-
ing, stroke identifying and stroke grouping. Local thresh-
olding method is used to obtained the binary image of
an input character. The binary image is normalized to a
size of 60 by 60 pixels. A thinning algorithm is adopted
to obtain the skeleton of the character.

While extracting segments, the key-points such as
end-points, corner-points and cross-points on the skele-
ton are determined. The segment between two key-
points then can be extracted.

For each line segment, the orientation can be de-
termined by tana = (y2 — y1)/(z2 — z1), where (z1,31)
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and (22, y2) are the two key-points of the segment. The
orientation of a line segment is:

1) horizontal(H), if —22.5° < o < 22.5°.

2) right diagonal(RD), if 22.5° < a < 67.5°,

3) vertical(V), if 67.5° < a < 112.5°,

4) left diagonal(LD), if 112.5° < a < 157.5°.

Two segments can be merged together to form one
stroke if the segments share a common end-point and
have the same orientation. The remaining segments which
do not merge together to form strokes will remain as the
strokes.

According to the relationships among them, the strokes
are grouped into branches for HAGR construction.

ITI. Construction of HAGR

After preprocessing, the branch attributed graph can
be constructed based on the strokes that make up the
branch, and a hierarchical attributed graph(HAGR) for
the character can be constructed based on the branches.
The basic concepts about the HAGR are given first.

A. An attribute set and an attributed graph

Definition 1: An _attribute set is an m-tuple < p;,
P2, ..+ Piy ..., pm > where each element in the tuple is
an attribute pair.

Definition 2: An attributed graph is a graph G, =
(Va, E.) where V, = 10 v o Vg, ..., Um} is a set
of attributed vertices and E,={. .., €pq, ..} is a set of
attributed edges. The edge e,, connects vertices vp and
vg with an attributed relation.

Definition 8: A branch attributed graph Go=(Vs, Eb)
is an attributed graph for representing a branch in a
character. (1) V, is a set of attributed vertices repre-
senting the strokes in the branch. (2) Eb is the set of
attributed edges representing the relations between the
strokes. The different types of relations between two
strokes are tabulated as follows:

L stroke relation ,representatim
L Z< RN L
FEKX A & ¢ F
AN VT S =
L L S E
== -~ £ =l
+dk % +£ <
= = 4 TN Il

Table 1. stroke relation

For example, the attributed graph of branch “j{ %
is shown in Figure 1.

Definition 4: A Hierarchical attributed graph is an
attributed graph H=(Vy,An) which represents a Chi-
nese character. The vertex represents a branch and each

arc represents the spatial relation between two adjacent
branches (left-right, top-bottom, and boundary-center).

3

2 4

a) Branch b) Branch attributed graph
Gp=(Vy, Bp) where Vy={v1,03,u3,v4}, Ep={e12,e13,¢14 03,024 ,¢34 }
vl=<(type,line),(orientation,H)>,e112=<(rela.¢|'on,T)>,
v2=<(type,line),(orientation,RD)>,e:13= <(relation,X)>,
u3=<(type,line),(orientation,V)>,el4=<(relah'on,T)>,
V4=<(type,line),(orientation,LD)>,¢23=<(relation,-1)>,

e24 =<(relation,L)>, e3g=<(relation,k)>.
Figure 1. Branch attributed graph representation.

A complete HAGR of the Chinese character © g& 2
is given in Figure 2.

The character consists of four branches: three X
at the top and one 7K ” at the bottom. The upper
right of the figure shows a HAGR of the character. The
four big circles represent four branch attributed graphs
of corresponding branches.

5
o

(1) Candidate character (2) HAGR for the character
H=(VH,AH).Vl ={va,vp,vc,va}, A ={egbieaciete eod,epg)
va =<(number of strokes,3)>,e,y :<(spatial—relation,lop-boltom)),
vp =<(number of strokes,3)>,epq =<(spatial-relation,top-botlom)>,
ve =<(number of strokes,3)>,eqc =<(spatia.l-relation,top~bollom)>,
vqg =<(number of strokes,4)>,e. =<(spatial-ralan’on,top»boltom)>,
€he =<(spatiaLrelat:'on,left-right)>4

Figure 2. A candidate character and its HAGR.

B. The data structure of HAGR,

Definition 5: An attributed adjacency matriz is an
incidence matrix of an attributed graph G, = (V,, E,)
of order m with ¥; as diagonal entries and €ij as non-
diagonal entries. The diagonal entry v; represents the
attribute set of vertex v; and nondiagonal entry €;; rep-
resents that of edge e;. If there is no edge between ver-
tices v; and v; then & can be set to 0. This is written
as

1= [apg)mxm
0 if no edge between v, and Vg
Qpq = W cifpi=y
epq ip#q, ey € A

where [ is a symmetric matrix.

The bits of the entries in the matrix describe the at-
tribute set associated with the vertex v; or edge e,'].' Four
orientations(H, LD, V, RD) and two stroke types(line
and dot) are used to represent the attribute set of a
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vertex. Seven types of the spatial relations between two
strokes are used to represent the attribute set of an edge.
The principles to set entry ap, in adjacency matrix are
given in Figure 3.

If p = q, app represents the attributed set of vertex vp:
apq(6) apq(5) apg(4) apq(3) apq(2) apg(1l) apq(0)

LD v RD H - —

apg(6) = 0. If attribute value of orientation of vp = left diagonal, then
Pq P g
aplp(S) =1 else app(5) = 0. Similarly other bits are set to the proper
values.

If p# q and epg € E, apq represents the attributed set of edge
epq

apq(6) apg(5) apg(4) apq(3) apg(2) apg(l) apg(9)

I X 1 T 4 F L

If relation of epq is “||”, then epq(6) = 1 else epq(8) = 0. Similarly
other bits are set to the proper values

Where apq(i) represents the ith right most bit of the entry apq

in the adjacency matrix.

Figure 3. Bits of an entry in the adjacency matrix
and the corresponding attributed set.

There are three advantages to use bits of an entry to
represent an attributed set.

(1) The storage is reduced. Usually, an attribute set
of a vertex with k attributes requires k storage units. If a
branch graph has n vertices, the corresponding adjacency
matrix requires n X n X k storage units. However, using
the bits of the entry, it only requires n X n storage units.
Since the Chinese character set is very large, the storage
size can be significantly reduced.

(2) The efficiency of graph matching is improved.
By using bits of the entry to represent the attributed
set, the graph matching becomes a comparison of the
corresponding bits in two entries.

(3) The variation related to the stroke type or orien-
tation is allowed without having to increase the number
of models for each character in the database. For exam-
ple, the fourth stroke ¢ j{” of the branch in Figure 4
can be written as a dot or a line depending on the writ-
ing habits or styles of the individual. A simple way to
represent the variations is to set both the 0th and 1st
rightmost bits of as4 equal to 1.

3 3
1 1
4
2 4 2

ag4(8) aga(5) ag4(4) a44(3) ag4(2) ag4(1) a44(0)
DES[EEE e 0 e [ssposn [ SEs g i TS e

Figure 4. Using entry of adjacency matrix to represent
the variations of stroke in model.

In the adjacency matrix of a hierarchical attributed graph,
the diagonal entry hi; stores the attributed value of the
vertex v; which represents a branch in the character. The
attributed value is the number of strokes in the branch.
The nondiagonal entry stores the attributed value of edge
ei; which represents the spatial relation of the branches.

IV. Recognition of handwritten Chinese
characters

Once the HAGR of the input candidate handwrit-
ten characters is constructed, it can be compared with
the model HAGR in the character database. Thus the
recognition of handwritten Chinese characters becomes
a graph matching problem. A mapping cost function be-
tween the adjacency matrices is introduced to the graph
matching. With the cost function, the HAGR of a can-
didate character can be matched with its model HAGR
which may describe several variations of the character.
To make the match fast and efficient, two strategies are
used: (1) apply vertex ordering in the HAGR descrip-
tion, and (2) arrange the database of the models as a
search-tree structure.

A. Branch attributed graph matching

Let G. = (Vi, B1) and G = (V2, E2) be a can-
didate branch attributed graph and a model attributed
graph respectively. A one-to-one correspondence I' is
assigned to Vi = {v1,...,v,} and Vo = folii bk
The mapping cost function is the difference between G.
and G,, under the one-to-one correspondence I'. Let
A = [ai;]nxn and B = [bi;]nxn be two adjacency matri-
ces corresponding to G and Gm.

Definition 6: The Vertezr Mapping Cost fi; from the
vertex v; € Vi to the vertex v; € V3 is:

fis = (@i(k) = by, (k)aii(k))

where a;i(k) and b;;(k) are the kth rightmost bits of
their diagonal entries.

In order to allow reasonable variations in stroke ori-
entation, stroke type, and spatial relation between strokes,
all variations of the character model are represented by
the entries in the adjacency matrix. For the candidate
character, only one of the variations is represented in the
corresponding entry of the branch attributed matrix as

1 ——]—
2
3

Candidate: vy =< (type, line), (orientation, RD) >, aj1:

a11(6) a17(5) a11(4) a11(3) a131(2) @11(1) a11(0)
i e e g o[BS S [RRoRE i

1
1 )
2 2> 2
3 3 3
Model: v; =< (type,line),(onentation,H/RD/LD) S abyiqe
b11(6) b11(5) by1(4) b11(3) b131(2) b13(1) 611(0)
gRIf[ =T 0= [ iRl S0P i

Figure 5. Vertex matching

described in previous section. If the stroke(vertex v;) of
a candidate character is one of the variations of the cor-
responding stroke(vertex v}), then the Vertex Mapping
Cost fij is equal to zero.
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Figure 5 shows an example of VMC of stroke v; in
candidate branch “ T ” and stroke vj in its model. The
top stroke v} in the model is a line stroke which has three
variations: H orientation “ — ”, RD orientation “_~ ?,
and LD orientation “ \ ”. Hence, entry b;; associated
with v1 in B is set to “0101101”. The top stroke v; in the
candidate character has a horizontal orientation. Entry
a11 associated with v; in A is set to “ 0001001 ”.

Vertex mapping cost of v; and o] :

fu= Z(au(k) — bi1(k)aia (k) = 0.

k=0

So vertex v; matches with vertex v;. For the VMC from
vy to v1, entry as» associated with v, is “0010001”, the
cost is:
6
fa= Z(azz(k) = bii(k)aza(k)) =

k=0

This means that vertex v, does not match with v},
because the vertical orientation of v, is not one of the
variations of v].

Definition 7: The Edge Mapping Cost d;; (i # j) is
defined as:

6
dij = Y (ai;(k)=bij(kK)ai;(k)),if ei; € Ex and !5 € E,
k=0

where a;;(k) and b;; are the kth rightmost bits of
their nondiagonal entries.

Similar to the VMC, the Edge Mapping Cost d;; is
equal to zero, if the candidate character belongs to one
of the variations in the model.

Proposition 1: fi; >0 ,dij; > 0.

Proof: For 0 < k < 6, both a;;(k) and b;; can only have
values 1 or 0.

If a.',‘(k) =20 a..'.'(k) - b.‘.‘(k)ag,‘(k) =0-— b,’.‘(k) x 0 =0.
If au(k) =1, au(k) g bu(k)an(k) 1-— b"(k) X520,
So for 0 < k < 6, aii(k) — bii(k)aii(k) > 0.

Hence, fi; = Zk aii(k) — bii(k)aii(k) > 0.

In the same way, d,J > 0 can be proved.

Definition 8: The Matriz Mapping Cost from adja-
cency matrix A to adjacency matrix B is defined as:

MMC(A, B) :zn:ic.‘j

=1 g=1
where c;; is given by:
Tij ifi=j
R d'] 1f1,76],e” € F, and e,JEE2
= Zk Oa'] k) if s # J’ €iy (S E} and ei] éEz
otherwise.

Proposition 2: ¢i; can be uniformly represented by:

cij = Y (aij(k) = bij(K)ai; (K)), 1 # 4,5 # .

k=0

Proof: ifi=j:

cij =i = fi = Y (k) — ba(k)aii (k).

k=0
If i #j, eij € E1 and e]; € Ey:
6
o = dij=)_(aii(F) = bij(Kas(k)):
k=0

if i # j, eij € E1 and e;; gE2, then bij(k) = 0 for
0< k <6.
6

Y (@ii(R) = bis(R)ai; (K) = Y aii(k) = ciy.

k=0

If 1 # 7, ei; £¢F1, ai;(k) =0 for 0 < k < 6.

> (ais(k) -

Hence, c¢;; can be uniformly represented by:

Cij= Z(au

Ix0)=0= ci;.

bij(k)ai; (k) = Z(O bij(k

k=0

(k)aij(k)),1 <i,7 < n.

€14 ’
Sl
candidate branch: Ge=(Vj,E;),Vy={vy,v5,v3,v4},
Ej={e13,214,€24 },v1 =<(type,line),(orientation, H)>,
vp=<(type,line),(orientation, H)>,e13=<(relation,)>,

vz=<(type,line),(orientation,RD)>,e14=<(relation,X)>,
vg=<(type,line),(orientation,V)>,en =<(relation,X)>,

0000101 0000000 0000010 0100000
A= [osili= 0000000 0000101 0000000 0100000
SAShGlE 0000010 0000000 0001001 0000000
0100000 0100000 0000000 0010001

4 4

Model: G,-,1=(V2,E2),V2={v£,ué,vé,u"1 3,
E2={e13,e§4,554),vi=<(typc,line),(oriencation,H)>,

v;: <(type,line),(arientation,H)>,e’13= <(relation,t /L)>,
vé: <(type,line),(orientation,RD)>,e’M=<(relation,X)>,

vé:<(type,line),(orientatwn,V)>,e§4=<(relat£on,X)>,

0000101 0000000 0000011 0100000

Belb = 0000000 0000101 0000000 0100000
L7} 0000011 0000000 0001001 0000000
0100000 0100000 0000000 0010001

Figure 6. Adjacency matrices A and B

In Figure 6, the attributed graph of a candidate and that
of a model are represented in a matrix form. The Matrix
Mapping Cost M M C(A, B) can be used to measure the
difference between the matrices.

e =) (ann(k) = bu(K)an (k) = 0
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In the same way, ¢;; = 0 for 0 < 7,57 < 6. Hence:

MMC(A, B) =zn:zn:mj =0

i=1 j=1

In the above example, the candidate branch “4.” is one
of the variations of the model ‘i"—” and “,f'(‘—”. Hence,
MMC(A, B) is equal to zero. However, if the vertices in
the graph of the candidate branch are ordered differently,
MMC(A, B) cannot be equal to zero. For instance, ex-
changing the order of stroke v; with stroke vs will cause
the 3rd row and column to switch with the 1st row and
1st column in A(see Figure 7).

-

0001001 0000000 0000010 0000000
A=[a;;]= | 0000000 0000101 0000000 0100000
== 0000010 0000000 0000101 0100000
0000000 0100000 0100000 0010001
n n
MMC(A,B) = E E c"]‘=4
i=1 j=1

Figure 7. MMC of adjacency matrices A and B after
exchanging the order of strokes v1 and wvs.

Therefore, the vertex order in graph G. should be ar-
ranged properly. To order the vertices, an operation
called permutation of the adjacency matrix A is intro-
duced. The MMC and permutation of adjacency matrix
can be used to find a match from G, to G,..

Definition 9: A Permutation of adjacency matrix A
exchanges the ith and jth rows after exchanging the ith
and jth columns in the matrix.

Definition 10: If a limited number of permutations
have been performed on adjacency matrix A, and M MC(
A, B) has reduced to zero, the adjacency matrix A is said
to be compatible with adjacency matrix B.

Definition 11: Branch attributed graph G. is said to
match branch attributed graph G,, if and only if A is
compatible with B.

As the bitwise technique is used to represent the at-
tribute set of the vertices and edges in the adjacency
matrices, the concept of unit matrix and operations on
the adjacency matrices is different from those of tradi-
tional matrices which contain numbers as their entries.

Definition 12: The unit matriz is a adjacency ma-
trix with 1111111 as its diagonal entries and 0000000 as
its nondiagonal entries.

Definition 13: The matrices obtained by perform-
ing primitive row or column operation once on the unit
matrix is called a primitive matrix &

For example, performing the row operation on the
2nd row and 3rd row of unit matrix, primitive matrix
P,3 will be as following:

1111111 0000000 0000000 0000000

> 0000000 0000000 1111111 0000000
23 = 0000000 1111111 0000000 0000000
0000000 0000000 0000000 1111111

Definition 14: The multiplication * of two adjacency
matrices F = [fi;]nxn and L = [lij]nxn is defined as:

n

FxL= [Z(fik ® lkj)]nxn

t=1

where z:;l Tt =21 Dz2D...0 Tn, ®is “bitwise and”
operator and @ is “ bitwise or” operator.

Proposition 3: A permutation on A is to multiply
A on both sides with a primitive matrix.

Proposition 4: The adjacency matrix A is compati-
ble with the adjacency matrix B if and only if there are
primitive matrices Pi,..., P, such that

MMCPixP_1*...xPixAxPixPox...xP,B)=0
Furthermore from Definition 11, G. matches with G,,.
B. Example for branch graph match

Figure 8 shows the attributed branch graph G. of

branch /"K ” and the attributed graph G, of its
model. Their adjacency matrices are A and B:

candidate

”

Figure 8. Branch ¢ and its model

0001001 0000001 0000100 0000000
4 - [ 0000001 0100001 0000010 0000000
= | 0000100 0000010 0010001 0100000 |’
0000000 0000000 0100000 0000101
0000101 0001000 0100000 0001000
g | 0001000 0001001 0000100 0000001
= | 0100000 0000100 0010001 0000010
0001000 0000001 0000010 0100011
n n
MMC(A,B) = E g Ci=112220"
i=1 j=1
In the first iteration, primitive matrix P4 is selected.
})14 * A * 1914 =,
0000101 0000000 0100000 0000000
0000000 0100001 0000010 0000001
0100000 0000010 0010001 0000100
0000000 0000001 0000100 0001001

MMC(Piyx Ax Piy,B)=> > ¢y =6.

=1 =1

In the second iteration, primitive matrix P4 is selected.

f24 * }H4 * A x fﬂ4 * I54 =

0000101 0000000 0100000 0000000
0000000 0001001 0000100 0000001
0100000 0000100 0010001 0000010
0000000 0000001 0000010 0100001
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MMC(P24 * P14 *A*P14 *P24,B) = ZZC,'J' =103
i=1 j=1

So matrix A is compatible with matrix B and G, matches
with G,,

C. Ordering the vertices in branch graph

In order to find a match from G, to G, in the worst
case all possible sequences of permutations on A have to
be examined to determine if a sequence of permutations
with corresponding primitive matrices Pi,..., P, makes
MMC(Px...«PixAxP, ... P, B) = 0. Unfortunately
this is a combinatorial problem. In our approach, the ge-
ometrical information of the strokes of a branch is used
to order the vertices in the branch attributed graph, and
the time to find the match by performing the permuta-
tions on A will be reduced significantly.

For a stroke, its equation Az + By + C = 0 can be
determined by the coordinates of its two end-points of
the stroke. For determining the relative order between
two strokes, the sign of B is chosen to be positive. In
case B = 0, the sign of C is chosen to be positive.

Suppose that the equation of stroke a with two end-
points (Za1,Ya1) and (Za2,Ya2) is Az + Bay + C, = 0,
and the equation of stroke b with two end-points (b1, yb1)
and (ze2, ys2) is Apz+ Byy+Cp = 0. There are four rules
to determine the relative order of the two strokes:

Rule 1: Projections of strokes @ and b on X or Y
axis do not overlap If min{ya1,ya2} > maz{ye, Yoz },
then stroke a is ordered before stroke b else if maz{za1,
Ta2} < min{zs1, Te2}, then stroke a is ordered before b.

(%a1+Ya1) (Zp1,Yb1)

( *(Iazy Ya2)
Talr Yal

Tp2r Yb2)
b
(£a2:Ya2) (b2, vpp) ZTp1,Yb1)

Figure 9. Ordering strokes @ and b using rule 1.

a b

Rule 2: Strokes a and b do not cross each other and
their projections on the X axis overlap. Two end-points
(%51, 1) and (zs2, ys2) of the stroke b lie on the opposite
sides of stroke a (see Figure 10). This can be mathe-
matically represented as: (A,Tp; + Bayp: +Ca)(Aazrr +
Bayb2 + Ca) <0.

If Avza1 4 Bbyar +Cb > 0 and ApZaz + Boyaz +Co >
0, then a is ordered before b as illustrated on the left
hand side of Figure 10. If Ayza; + Byyas + Cp < 0 and
ApTa2 + Boyaz + Cb < 0, then a is ordered after b as
shown on the right hand side of Figure 10.

(za1)Ya1) (=b1:9b1)  (%p1,¥61)
(zumM (’alr!:?/

a
(=42, ¥52) (#a2:9a8) (24, 4py)

Figure 10. Ordering strokes a and b with rule 2.

Rule 3: Strokes a and b intersect each other. The
strokes are ordered according to their orientations: H,

RD,V and LD. For example, the stroke a is horizontal (H)
and the stroke b is right diagonal(RD), then a is ordered
before b (See Figure 11). If the code of a is the same as
that of b and the inclined angle of b is greater than that
of stroke a, then a is ordered before b.

RD)/ a(RD) b(RD),
7@ 7L a(H)

Figure 11. Ordering strokes a and b with rule 3.

Rule 4: Stroke a and stroke b can not be ordered by rule
1-3. If ApTa1+ Boya1 +Cob > 0 and Apz oo + Byyaz +Ch >
0, then a is ordered before b (see Figure 12).

(Ibl Yp1) (za1, yal)
(-"ul Ya1) b1 Ve1)
b
(1a2 ) Ya2) )
(b2, yb2 (za2, .'/a2) (=62: Vb2

Figure 12. Ordering strokes a and b with rule 4.

Applying the ordering rules, a set of strokes of a branch
can be sorted to create an order list by the following
procedure:

1) Sort the strokes of the branch into a non-increasing
sequence T' according to the vertical coordinates of the
upper end-points of the strokes.

2) Initialize an empty list L for storing the ordered
list.

3) While (T # empty) do

a) remove the first stroke f from T and put it
at the end of the list L.

b) use ordering rules to insert stroke f into an
appropriate place in L.

To illustrate the stroke ordering algorithm, an ex-
ample is given in Figure 13.

T 1 2 2 2 2
T, 1 1 1 1
Ts 3 3 3
Ty Ty 4 4 5

Figure 13. Ordering strokes in a branch.

D. Structure of the Database
The models for Chinese characters recognition are
stored in a database at two lewels. The first level records
the vertices and arcs of a HAGR. At this level the at-
tributes and their values for each vertex as well as for
= H(X,E) |
Meaning of the character

Attributes of the character

vertices | rCs! first level

Eocts mee
Meaning of the branch | ™ Second level

Attributes of the branch

vertices | edges

Figure 14. Data-structure of IIAGR
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each arc are stored. At the second level, corresponding
to each vertex of the HAGR, the branch attributed graph
is stored(see Figure 14).

Since the Chinese character set is very large, in or-
der to speed up the matching process, the database is
organized as a search-tree structure depicted in Figure
15.

spatial relation

\ # of strokes
in branch 1

adjacency matriz
of branch 1

# of strokes
in branch 2

adjacency matriz
of branch 2

®
4t
Figure 15. Search tree of the database

At the first level of the tree, the models of the character
are classified into several classes according to the spatial
distribution of the branches in the character. Namely,
left branch with right branch(L-R), top branch with bot-
tom branch(T-B), boundary branch with center branch(B-
I), or single branch. At the second level, the models
are organized according to the number of strokes in the
branch (e.g. the left, top, boundary, or single branch).
At the third level, according to the adjacency matrices of
the branches. At the fourth level, according to the num-
ber of strokes in the branch such as right, bottom , or
center-branch. At the fifth level, the models of character
are arranged by the adjacency matrices of the branches.

There are few pairs of Chinese characters which have
same HAGRs. They can only be distinguished by the dif-
ference between length of particular strokes. For exam-
ple, the characters “£ ” and “—4”. In order to identify
such characters, a subtree is attached on of the nodes
with the models of the characters which have the same
HAGRs. This subtree stores the information about par-
ticular strokes whose length need to be extracted from
the characters. At the last level, the search tree is or-
ganized by the difference of the particalar strokes for
identification of the similar characters.

With the search-tree structure, the efficiency and
accuracy of the matching process can be improved. For
instance, for character® j@ ” which has a left-right

structure, models without left-right structure can be ex-
cluded during the search in the database.

E. Character recognition

Definition 14: For a hierarchical attributed graph H.
of a candidate handwritten character, and a hierarchical
attributed graph H,, of a model, H. is said to match with
Hy, if the following necessary conditions are satisfied:

1) Each vertex v; in H. one to one corresponds
to a vertex v; in H.,, such that the branch attributed
graph B; represented by v; is matched by the branch
attributed graph Bj/ represented by v;.

2) Each arc ex; in H. one to one corresponds to an
arc ex/p in Hy, in such way that spatial relation between
vk and v; is the same as that between vx: and vyr.

The character recognition procedure is briefly sum-
marized as follows:

(1) Preprocessing.

(2) Construct all the branch attributed graphs for
all the branches of the input character.

(3) Construct the hierarchical attributed graph H;
for the input character.

(4) Search the database to find a match between H;
and H,,. If a match is found, the character has been
recognized.

V. Experimental result and analysis

The recognition experiment has been conducted on
a VAX 11/780 using UNIX. During the experiment, our
model database consists of 460 different character classes
which cover most typical structures of Chinese charac-
ters, e.g. left-right, top-bottom and boundary-center as
shown in Figure 16.

AB

ABC

Figure 16. Different structures of Chinese characters.

The test data consist of fifty character sets written
by ten people. Each set contains up to fifty different
writing styles with variations in strokes and stroke con-
nections; such as: 1) the different lengths of strokes,
2) certain deviations of the stroke directions, 3) various
stroke connections, 4) the different stroke types(e.g. dot
or line) according to the different writing habits. The
recognition rate can still be maintained at over 90% in
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the difficult situations. The rejection rate is 8% and the
misclassification rate is much less than 1%.

From the experiment, very interesting results are
achieved by the proposed method.

(1) Some Chinese characters such as (F ), (Z.2),
("I,-'.T)’ (j__—j_-), (**) and (8.&) are considered difficult to
be identified by existing methods [5], [8]. But, they are
correctly recognized by our algorithm with no difficulty.

(2) Characters with different writing styles such as
(*,Z{ ), ($ r) (k,x) and (7 F ) can be correctly
recognized as same characters.

The reasons are anlyzed and highlighted below:

Class-a: In groups (¥ @) and (£ &), the differ-
ent connections for characters of each group with similar
configurations are differently described in their HAGRs
and can be used to distinguish them. For instance in
group “ ¥, g3 ”, the connection between top horizontal
stroke and middle vertical stroke in character « ? 2
represented as “T”. is different from the connection in
character “ B ” which has no relation ¢ ”.

Class-b: In group (BT, B[ ), the spatial relation
between branch “ v ” and “T ” in character ¢ 07" is
L-R, while that in character “®] ” is B-I.

Class-c: The characters with similar configurations
in the groups (*- =), (<t .5k ) and (g , &7 ) can be
correctly recognized, by the special arrangements in the
search-tree data-base(see section IV.D.).

Class-d: In the groups (* 7‘(), (% /Z{X ), (£.5%),
(&, & ), the characters written differently with dif-
ferent connections between strokes and different stroke
types can still be identified with our method because
the HAGRs of models have contained variations of these
characters,

Figure 17. Some input Chinese characters.

The recognition errors(rejection) for some characters are
marked by underlines in Figure 17. The errors are due to
too much rotations and perfunctory nature of the strokes
and by careless writing.

VI. Conclusion

In this paper, we introduce the structural represen-
tation(HAGR) to describe the structural information in
handwritten Chinese characters. With HAGR, a map-
ping cost function is used to measure the matching of
graphs and a database of character models is constructed
as a search-tree. This method overcomes the problem of
the stroke variability or stroke connection sensitivity in
the traditional recognition methods. Some difficult char-
acters that can not be recognized by most of the tradition
methods can still recognized by this method. The search-
tree structure database reduces the time spent for the
matching process. And it is easy to enlarge the database.

To improve the method, a learning process will be
implemented in the future. When an input character can
not be matched by any model in the database, the system
will automatically expand the database to include the
HAGR of the character as a new model.
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