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Recognition of ancient Chinese characters based on hybrid kernel WLS-SVR
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Abstract: The shapes of ancient Chinese characters are often uncertain, which reduces the
accuracy of recognition by many classifiers. To solve this problem, a new recognition algorithm
combining adaptive weighted least squares support vector regression (WLS-SVR) with hybrid
kernel function was proposed to recognize ancient Chinese characters. The weight coefficients of
WLS-SVR decayed at a rate of the exponential function of prediction errors. The hybrid kernel
was constructed using the wavelet kernel function with local properties and RBF kernel function
with global properties. For feature extraction, global point density and component structure are
fused with local features of pseudo 2D elastic mesh and local point density. Experiment results
show the good robustness and high recognition accuracy of the proposed method.
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0 Introduction

Ancient Chinese characters recorded a large
amount of political, economic and historical data
and so on, and thus have a very high historical
value. Ancient Chinese characters are always

appeared in the forms of inscription and
handwriting, these characters’ strokes are very
different from the current printed characters.

Chinese

characters are deformed or incomplete, making

Furthermore, many existing ancient
them hard to read or recognize. Therefore it is of
great significance to recognize ancient Chinese
characters and realize the digital management of
Chinese

recognition technology .

classical literature by using modern

Lv et al. "*! proposed the Fourier descriptor-
FDCH based on curvature histogram to classify
inscriptions on bones. Since the inscriptions on

based

However, the

bones are pictographic, the curvature
method proved to be practical.
algorithm includes the search for a character’ s
center of gravity. The recognition rate is high for
single structure characters, but for the left-right or
up-down structure characters, the recognition rate
is low.

Chen et al. ") proposed a method to extract
features of inscriptions on bones based on the cross
points of strokes and the relative positions of
characters. However, it is difficult to recognize
characters with a particularly large number of
strokes using such features.

Chinese

variant

Many characteristics of ancient

characters, such as irregular strokes,
forms, deformity or incompleteness, indicate that
the optical OCR system for the recognition of
modern Chinese characters isn’ t suitable for
recognizing ancient Chinese characters:, which is

a difficult

recognition,

problem in the field of pattern
Support vector machine (SVM), proposed by
Vapnik et al. ', has good generalization ability

and learning performance. It has been widely used

in fields of classification, function estimation,
density estimation and so on. SVM needs to solve
a model of quadratic programming. Suykens et al.
proposed least squares support vector machine
(LS-SVM) by using square loss function instead of
e insensitive loss function %, LS-SVM reduces
the computational complexity by solving a model of
linear programming. Although LS-SVM has solved
the computational complexity of SVM, it loses the
sparsity and robustness of SVM 2! This paper
proposes a classification algorithm that combines
adaptive weighted least squares support vector
regression with hybrid kernel function for ancient
Chinese

algorithm has the advantages of high robustness

character recognition. The proposed
and low computational complexity, thus improving

the accuracy of recognition.

1 Hybrid-kernel WLS-SVR

LS-SVR can be expressed as the following

optimization problem:
1 1.\
min/ (w,e) = ?wTw + ?)/E é
i=1

st yi =o' elx) +b+e,i=1,+,N (1)
where @ is the weighted vector, y is the balance
constant, @ is a map function ande; (7 = 1,+-+,N) is
the estimation error for the ith sample. Eq. (1)
can be converted into the following form by
Lagrange multiplier and matrix transformation
method;

0 1! b7 7O
1, Q%%I [a}i [y} 2

where y = [y1,*,yn ' is sample output vector,
1, =[1,~,1]", I = diag{1,+,1} ,

[ais**san " is Lagrange multiplier, and @ is

a —

kernel matrix, 2; = @ (x) @(x;) = K(x;,x;) for
isj = 1,:-,N. By solving Eq. (2), the prediction
function can be obtained and has the following

form:
N

y(@) = DlaK(x,z)+b (3)
i=1

The basic idea of WLS-SVM [ is that a
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weighted factor w; will be given to the
corresponding error variable e; of each sample x; .
The optimization problem changes to

N
min/ * (@" ,e") = % o | +%CZ w,e,»”l
=1 s

st yvi = "elx) +b" +e si=1,-,N J
D
Using the lLagrange multiplier method and
according to the KKT conditions, the dual problem
of Eq. (4) can be expressed as:

1,7
B M
Can’ ’C(,UN

this paper, the weighted factor w; is constructed as:

where the matrix V, = diag{ } In

e

w =c | (6)
o IQR . -
where s = 550, 6745 ° IQR is the quartile of

sample error. The proposed weighted factor decays
with the exponential function of prediction errors.

We can see from Fig.1 that larger error

corresponds to smaller weight. Thus the effect of
the error and noise to the model can be reduced.
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Fig. 1 Schematic diagram of the relationship

between weighted factors and prediction errors
The performance of WLS-SVM is greatly
influenced by the selection of kernel function. RBF
kernel function is defined as follows:

o=z
26" )

RBF kernel function  has  good

KRBF(I”I) - exp(* (7)

global
properties, so it has a strong learning ability for
adjacent samples. Wavelet kernel function is

defined as follows:

N /
Kwav(1'9x,> - Hh<li — ) =
=1 a
N —— — 2
[Ja—mdepe da—all)
i=1 ai 2a;

which has good local properties. Wavelet kernel
function is sensitive to local singularities.

A single kernel function is restricted in aspects
of prediction accuracy and generalization. This
paper constructs a hybrid kernel " by combining
wavelet kernel function with RBF kernel function
as follows:

K(x;sx) = Ky (z;52) + (1 — ) Kgpr (27 52)
€))

where fis a weighted factor.

2 Feature extraction

Due to the randomness and irregularity of ancient
Chinese characters, recognition based on a single
feature leads to a high rate of misclassifications, Multi-
feature fusion can optimize feature vectors and improve
recognition rates -,

Global features are not sensitive to image noise,
handwriting deformation and scale variation. Local
features can distinguish ancient Chinese characters with
similar structures. Therefore, the combination of
global features with local features can guarantee the
robustness and accuracy of recognition of ancient
Chinese characters,

Structure feature is one of the global features.
Stroke structure as a structure feature has been
Chinese

recognition. Strokes of ancient Chinese characters

widely used in modern character
are mainly curved, and the curvatures are different
even for the strokes of the same character. The
directional features such as horizontal line, top-
down vertical line, left-downward slope line and
short pausing stroke are mnot suitable for
recognition of ancient Chinese characters. This
paper extracts four kinds of component structures,
left-right, in-out  and

namely up-down,

independence as structure features. Component
structures of ancient Chinese characters are not

sensitive to noise and scale variation. Besides, the
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global point density feature has a strong anti-noise

capability and can adapt to handwriting
deformation. So, two global features, component
structure feature and global point density feature,
are selected to realize a rough classification of
ancient Chinese characters. In order to realize
accurate recognition of ancient Chinese characters,
global features are combined with local features.

The local point density of each pixel within the

elastic mesh can well adapt to the local deformation
and distinguish ancient Chinese characters with
similar structures. So four kinds of features have
been extracted for recognition of ancient Chinese
characters: component structure feature, global
point density feature, pseudo 2D elastic mesh
feature and local point density feature.

The

structure feature extraction is shown in Fig. 2.

schematic  diagram of component

(it )

A 4
0°. 90°
projection

No

Wwhether the projection of
x axis or y axis is
continuous

whether the projection
is left-right continuous

No

Fig. 2 Schematic diagram of component structure feature extraction

The global point density of the character
image after binarization is defined as follows™®!;
220G
=1 j=1

Q= —l—
7’12

s 1<In<C 128 Qo))

where f(7,j) represents the pixel value at position
(i,j) » n represents the image size and « is the
global point density.

Pseudo 2D elastic mesh is suitable for a large
number of variants caused by different writers, which
uses local fuzzy linear density function instead of global
density projection function to obtain a good absorption
capacity for local deformation of ancient Chinese

[17]

characters Local fuzzy linear density functions are

defined as follows:

\4
1 o 2,52
(u,'v ) = du(u,'v) e (w7 /(26"
pluro) = 24 /2o 1
. an
pCug s 0) = Z d, () 1 e(uuo>2/<zﬁ>[
u=1 ZT[O'

where ¢ is the variance of Gaussian fuzzy function,
u,v represents the row or column of the pixel, u,,
v, is a particular row or column, d,(u,v) or d,(u,
v) is the interval density function of strokes.
Accumulating local fuzzy linear density functions

by rows or columns, we have
H(x,v,) = E‘of(u,fyo), T = 1’2’...’U1
u=0

y
S(uo,y) = Zp),(uo,y), y = 1,2,:+,V J

v=0

(12>

The generation functions of the pseudo 2D
elastic mesh are defined as follows:

fiuGm/M,u) = {x | H(x,v) = (m/]VDH(U,vo)}I

FoCo /N = {y | SCuoy) = (/NS VD) |

(13)

where U,V represents the width and height of an

image of a ancient Chinese character, M and N
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represent the number of rows and columns of the
pseudo 2D elastic mesh, respectively.

The local linear density function at each row
or column is different. The mesh line is curved
rather than straight which can’t be described by
linear equation. Here, the expression of mesh(m,n)
can be converted to the point coordinate set of
mesh lines:

) = {(f,(n—D /M) ,v)sw) | vp =1,2,++,V}

2 Gm) = ((fi (e sw) | o = 1,2,V

yi(n) = {f;w,”—;),uo) | up = 1,2,+++,U}

22 = {f o { ) | g = 1.250+.U)

14

The pseudo 2D elastic mesh can be obtained

by connecting point coordinates of each mesh line.
Local point density of each pixel within the

elastic mesh is defined as follows:
IR WS

D0  (wso)

B= @7n —ul‘.’)(vﬁ] — ) (o

wherex € f,(0,M) , y € f,(0,N) , B represents

the local point density matrix.

This paper firstly fuses local point density
feature and the pseudo 2D elastic mesh feature.
The fusion expression is as follows:

P=XBe I, +XxBe Iy, +A;Be* I; +A,B° I

(16
where I, represents the left-right direction, Iy,
represents the up-down direction, I;; represents
the lower-left direction and I,5 represents the
upper-right direction, A;(i = 1,+*+,4) represents
weight coefficient, namely the ratio of strokes of
each direction to ancient Chinese characters.

Then the fused feature is combined with
component structure feature and global point
density feature to obtain the feature vector for

recognizing ancient Chinese characters,

3 Steps of recognition

Step 1 Input image. Papery images should be

converted into electronic ones by a camera.

Step 2 Preprocessing. Since the input image
is a whole page of ancient Chinese characters,
character segmentation must be carried out. Then,
in order to remove noise and facilitate the feature
extraction in later stage, we need to conduct
binarization, normalization  and denoising
operations to characters.

Step 3 Feature extraction. Since it is difficult
for the to fully reflect the

single feature

information of ancient Chinese characters, global
Multi-
Chinese

features are fused with local features.

feature fusion can reflect ancient
characters from all sides.
Step 4

features are used to train the WLS-SVM classifier

Classification. The training sample

model firstly. Then the test sample features are
input to decide the parameters of a classifier.
Finally ancient Chinese characters are recognized as

shown in Fig. 3.

input training and
testing images

{ﬁ

‘ preprocessing ‘ binarization

normalization
reverse color

denoising

i

feature extraction thinning

|

components Jobal point fusion of the local point
of the g densri’ density featurs and the pseudo
structure ty 2D elastic mesh feature

' '

Eaining sampl? [ test samples) new ancient Chinese
features features ( characters features j

)

WLS- SVM
classification model

return the
recognition results

end

Fig. 3 Recognition process of ancient character
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4 Experiments and results analysis

Pictures were taken and a character library
was built from “Ancient LLao Tze Words”. The
selected ancient Chinese characters include four
component structure features, namely left-right,

up-down, in-out and independence. Characters

chosen for the experiments are &, K&, A, 1=,
5, B, W, K.4%,%,a total of eleven character
sets, each set including several variant subsets. If
each variant subset is regarded as a separate class,
there are a total of thirty-eight classes. Four
samples of each class in the thirty-eight classes are
selected for training, two for testing and the rest
for recognition. Fig. 4 shows three variants of “ A"
after operations of binarization, denoising and

corrosion expansion,
i . i

Fig. 4 Three variants of “}”

After operations of normalization, reverse
color and thinning, images of “ }” are shown

in Fig. 5.

Fig. 5 Images of “J% ”after operations of normalization,

reverse color and thinning
The four component structure features that
can be recognized are left-right, up-down, in-out
and single. In order to describe the component

structure more clearly, the four structure features
are defined in Tab. 1.

Tab.1 The feature values corresponding to

the four component structure features

feature value

up-down left-right single in-out

10 20 30 40

Due to the limited number of samples, the
sample set of each component structure is divided
into three categories, namely easy, medium and
complex according to the global point density
feature. The division parameters are shown in
Tab. 2, wherea, (i=1,2) represents classification
coefficient that is a simple division of difficulty
degree; A, (i=1,2) is the adjustment factor that is
set to avoid misclassification and leakage.

Tab. 2 Thresholds of division parameters

of global point density

threshold
structure feature
a A a A
up-down 0.019 0. 003 0.028 0. 006
left-right 0.015 0. 005 0.032 0. 004
in-out 0.018 0. 004 0.028 0. 008
single 0.017 0. 004 0.031 0. 004

After obtaining the component structure
feature and the global point density feature, we
extract the ancient Chinese character image from
the pseudo 2D elastic mesh features. The size of
each mesh is 8 X8, a total of 64 grids. The density
of each grid is calculated for the local point density
feature. Meanwhile, the image is scanned at 0° at
left-right direction, 90° at up-down direction, 45°
at lower-left direction and 135° at upper-right
direction, respectively. The left-right, up-down,
lower-left, upper-right directions have 7 scan lines
respectively. By calculating pixel values of each
scan line, we can get the feature matrixl, , Iy ,
I, Iss.

with the feature matrix obtained before, we can

By fusing the local point density matrix

get the column vector.
For example, the second variant of “A” can

be fused according to expression Eq. (16). Since
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the value of A;(¢ = 1,--+,4) in Eq. (16) generated samples, so it takes the same value. The local

small impact on the experiment for the limited point density matrix is shown as follows:
[0.0587 0.1207 0.1655 0.1655 0.1878 0.2018 0.0291]
0.1281 0.2500 0.2667 0.2889 0.2600 0.2000 0.1234
0.2500 0.2738 0.2381 0.2381 0.3857 0.3175 0.2036

B = |0.1927 0.2917 0.4074 0.2593 0.4333 0.3889 0.1986 (an

0.1696 0.2143 0.2381 0.3333 0.3000 0.2381 0.1641
0.1281 0.1750 0.2667 0.2889 0.2800 0.2889 0.1213
10.0521 0.1068 0.1140 0.1111 0.1872 0.1111 0.0169]

Grid scanning method is used to get column final fusion matrix P is shown as follows:

vectors corresponding to different directions, The

B! [0 2 1 2.7170]

4 1 3 0 3. 8306

18 3 5 2 4.0748
I,= |3 |, I = |7|, 1, = |29, I3 = |9|,P= |6.3722 (18)

10 3 5 5.5052

4 2 1 4.9104

1] 1] 12 ] 10 1 2. 5404
In order to verify the validity of the proposed experiment is conducted using the same sample
algorithm, this paper compares it with two data sets containing 266 samples of 38 classes. The

traditional methods, LIB-SVM and LS-SVM, optimal parameters and the indexes of quantitative

which have been widely used in recognition. The comparison are shown in Tab. 3.

Tab. 3 The quantitative comparison of three recognition algorithms

) training o recognition recognition
algorithm parameters ) training accuracy(%4) )
time(s) time(s) accuracy (%)
LIB-SVM y =128, 6 =0.0078 0. 0390 92. 82 0. 0041 75
LS-SVM y=2,¢" =2 0. 0837 94. 40 0. 0645 78
WLS-SVR y=0.8, 4 =8 0.4639 97. 46 0. 2125 82

From Tab. 3, we can see that the effect of

S Conclusion
WLS-SVR based algorithm works best, with the

LS-SVM and LIB-SVM occupying the second and Because of the high uncertainty in the shapes
third places. The algorithm proposed in this of ancient Chinese characters, the recognition
paper has a high accuracy. Although it takes the accuracy of existing classifiers is low. Support
longest time for training and recognition because vector regression has advantages of good
of its complexity, it is still within the acceptable generalization ability and learning performance.

range. Overall, the method in the paper is This paper proposed a recognition algorithm that

effective. combines a hybrid-kernel function with adaptive
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weighted least squares support vector regression
for ancient Chinese character recognition. The
wavelet kernel function with local properties and
RBF kernel function with good global properties
are combined to construct the hybrid-kernel. The

weight coefficients decay at a rate of the

exponential  function of prediction errors.

Experiment results show that the proposed method
has good robustness and high recognition accuracy.
future research is to find a faster solution for the

WLS-SVR algorithm to reduce recognition time.
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