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Abstract

More and more traditional Chinese painting art images are
digitalized and exhibited on the Internet. Effective
browsing and retrieving them is an imperative problem
need to be addressed. This paper proposes a scheme to
classify traditional Chinese paintings. The algorithm uses
three low-level features to achieve such a high-level
classification: Ohta histogram, color coherence vector and
auto-correlation. An accuracy of 97.21% was achieved on
the database of 1254 Chinese painting database.

1. Introduction

With the steady growth of computer power, rapidly
declining cost of storage, and ever-increasing access to the
Internet, digital acquisition of information has become
increasingly popular in recent years. Many organizations
have a large digital images content available for on-line
access. Various museums are constructing digital archives
of art paintings and preserve the original artifacts. More
and more artists attempt to exhibit and sell their
productions on the Internet. Effective indexing, browsing
and retrieving art images is an important and imperative
problem need to be addressed. A good first step of this
problem is to separate them from generalized images.

Most content based image retrieval systems deal with
general-purpose images such as QBIC, Photobook,
VisualSEEK,  WebSEEK][1] and  SIMPLIcity[2].
Smeulder[3] reviewed more than 200 papers published
since the early 1990s in this area. Many researchers took
advantage of domain knowledge in the field of medical and
GIS to retrieve images. Little attention [4] has been paid to
the domain of art images, which have great potential in
future applications. Chinese traditional painting dates back
to the Neolithic Period about six thousand years ago. As an
important part of the Chinese cultural heritage, it is highly
regarded throughout the world for its theory, expression,
and techniques. Traditional Chinese painting is
distinguished from Western art in that it is executed with
the Chinese brush, Chinese ink and mineral and vegetable
pigments, see Fig.1.

Image semantics classification is a form of image
understanding. Its goal is to assign the image to semantic
class, thus assist image retrieval and related processing.
The general problem of automatic image categorization is
difficult to solve and is best approached by a divide-and-

0-7803-8185-8/03/$17.00 © 2003 IEEE

conquer strategy. [5][6] investigated on classifying indoor
and outdoor scenes. About 90 percent of accuracy rate has
been reported over a database of 1300 images from Kodak.
Vailaya[7] addressed the problem of classifying city versus
landscape and further group landscape images into sunset,
mountain and forest. [8] gave an approach to identify
natural photographs versus artificial graphs generated by
computer tools, the same author introduced textured versus
non-textured classification in [2]. Other examples of image
semantic classification include face detection and
objectionable image identification [9][8].
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Fig.1: Representative examples of traditional Chinese
paintings

This paper gives an approach to classify traditional
Chinese painting as a first step to research on the
digitalized Chinese traditional art. This high-level
classification is achieved by the analysis of three low-level
features: Color histogram, CCV and Auto-correlation.
High classification rate is achieved by using the combined
classifier of C4.5 and SVM. SVM is chosen as the main
classifier because it has been shown to achieve equivalent
or significantly lower error rates than comparative methods.

2. Data Set

The image database used in this experiment consists of
1254 traditional Chinese painting (TCP) images collected
from various sources.  Different styles from different
artists in different periods are included in the TCP dataset.
2660 general-purpose images from the World Wide Web
and Corel are used as negative images in the test process.
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As the number of general images is always larger than that
of TCP images in practical application, the size of general
image is much bigger than that of TCP image in our
experiment. 148 TCP images and 146 non-TCP images are
selected as the training set. At the end of our experiment,
the Corel library consisting of 60000 pictures tested by the
algorithm shows the robustness of our method.

3. Features

Throughout its long history, traditional Chinese painting
has carried its own particular style. It looks different from
the general-purpose image. Color and texture features are
used here to characterize the particularity of TCP image.

3.1 Color Histogram

Color histograms contain very useful information
distributions of image colors. Ohta color histogram was
used here as color features. The Ohta color space is a linear
transformation of the RGB space, its color channels is

defined by[10]:
I, = (R+G+B)/3
I, =(R-B)/2

I,= (2G-R-B)/4

I; is the intensity component, whereas I, and I; are roughly
orthogonal color components, these two channels
somewhat resemble the chrominance signals produced by
the opponent color mechanisms of human visual system
[11]. In computing color histogram, it was revealed in [10]
that the number of bins per channel have little influence on
the final result when the number of bins ranges from 32 to
256 for all color space. So we choose the smallest one 32
to gain computational efficiency. The authors tested on
RGB, YUV, HSL, YIQ, XYZ and Ohta color space using
SVM classifier. The result is that Ohta outperforms all the
other color spaces (Table 1).

Ohta | RGB | YUV | HSL | YIQ | XYZ
0.945 | 0.902 | 0.944 | 0.942 | 0.941 | 0.909

(a) Classification rate on TCP test dataset
Ohta | RGB | YUV | HSL | YIQ | XYZ
0.053 | 0.116 | 0.07 | 0.074 | 0.074 | 0.116

(b) False classification rate on non-TCP test images
Table 1. Test Result on Color Space

3.2 Color Coherence Vector

Color coherence vector [12] is a color histogram refinement
scheme that classifies pixels as either coherent or
incoherent. Coherent pixels are a part of some sizeable
contiguous region, while incoherent pixels are not. An 8-
neighbor connected component analysis is used to extract
connected regions of the same color [7].

CCV =< (a,, B),...(a,, B,) >

The feature facilitates the description of similarities
between images. It does not identify the exact position of an
object, but allow to discriminate between the appearance of
a specific color in few large regions or in many small
regions. In this experiment, CCV is made of 64 coherence
pairs, each pair giving the number of coherent, and
incoherent pixels of a particular color in the YUV space.
When CCV is computed for the test dataset and trained
using SVM, the classification rate is 91.01% for TCP
images, and false classification rate 7.63% for generalized
images.

3.3 Autocorrelation Texture Features

Autocorrelation [13] measures the coarseness of an image
by evaluating the linear spatial relationships between
texture primitives. Large primitives give rise to coarse
texture and small primitives give rise to fine texture. If the
primitives are large, the autocorrelation function decreases
slowly with increasing distance whereas it decreases rapidly
if texture consists of small primitives. Autocorrelation

function of an image is described as:
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Usually, (p,q) varied from (0,0) to (8,8) in a step of two,
which give a total of 25 features. Typically, TCP images
have larger feature values compared to non-TCP images.
Fig.2 shows the test result on the training set.
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Fig.2 Average autocorrelation feature values of TCP and

general image training set

4. Classifier

Classifiers that can be used to solve certain classification
problem include statistical, neural networks, and machine
learning classifiers. Each classifier has its own strengths
and weakness. A combination of classifiers can perform
better than any single classifier along. Our experiments use
a combination of a decision tree classifier and a SVM
classifier.

4.1 C4.5 Decision Tree



C4.5 is the most widely used and generally effective
learning algorithm. It recursively subdivides a set of data by
using the concept of entropy from information theory. The
feature that provides the most information gain (defined by
entropy) at each recursion is used to form a decision based
on the values of the feature. The result is a tree with each
node having a feature and a decision.

4.2 SVM

In recent years SVM learning has been applied to a wide
range of real-world applications where it has been found to
offer superior performance. SVM is used as the main
classifier in our system. It is a two-class classification
approach to learn linear or non-linear decision boundaries
[14] [15]. Given a set of points, which belong to either of
two classes, SVM finds the hyper-plane leaving the largest
possible fraction of points of the same class on the same
side, while maximizing the distance of either class from the
hyper-plane. This is equivalent to performing structural risk
minimization to achieve good generalization. Assuming /
examples from two classes,

(x1.CD(x2.C)....(x1, C1), X ERY, G E {-1,+1}

finding the optimal hyper-plane implies solving a
constrained  optimization problem using quadratic
programming. The optimization criterion is the width of the
margin between the classes. The discriminate hyper-plane
is defined as:

!
g(x)= zaicik(xv'xi) +a,

i=1
where k(x,x;) is a kernel function, x; are so-called support
vectors determined from the training data, C; is the class
indicator associated with each x;, and a; are constants which
are also determined by training. Constructing the optimal
hyper-plane is equivalent to finding all the nonzero a; The
sign of f(x) indicates the membership of x. The polynomial
kernel is used in our system because the experiments have
shown that the linear kernel outperforms other kernels in
the context of our application. The basic idea of an SVM
classifier is illustrated in Fig.3 [16] that maximize the
separating margins between the two classes.
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Fig3. SVM classification with a linear hyper-plane

5. Experiment

In our tests, C4.5 decision tree classifier is first applied to
train the autocorrelation feature, whose dimension is rather
smaller than that of Ohta histogram and CCV. The error
rate of training is 5.4%. In our method the best
classification condition is employed to classify TCP images:

Cond:
AutoFea[9]>0.87&AutoFea[5]>0.96&AutoFea[17]<=0.97.

If Cond hold, the corresponding image is almost certain to
be TCP. In the training set, there is only one general image
that Cond is true, compared to 82 TCP images. Thus a lot
of TCP images are successfully and quickly identified in
this method and the false classification rate is only 1.2%.
However, if Cond is not hold, it is difficult to say whether
the image is a TCP or general image. So SVM is employed
to proceed with further classification with the Ohta
histogram and CCV image features. The whole algorithm is
shown in Fig.4.This combined classifier made only
35(2.79%) errors on the 1254 TCP test database, and 6.16%
false classification rate on the 2660 general-image test set.
It gives us better performance than any single classifier
along (Table 2).

C45 SVM SVM Final
AutoCor | Histo CCV Classifier
87.74% | 94.5% 91.01% 97.21%
(a) Classification rate on TCP test dataset
C45 SVM SVM Final
AutoCor | Histo CCV Classifier
14.9% 5.3% 7.62% 6.16%

(b) False classification rate on general test images
Table 2. Result of different classification methods

It can be observed from Table 2 that SVM-Histo classifier
performs better than the final combined classifier on the
general images (94.5%~97.21%), at the expense of even
worse classification performance on the TCP test dataset
(5.3%~6.16%). As the intention of our work is to find more
TCP images, the classification rate of TCP images is more
important than the false rate of general image. So it can be
concluded that the final classifier is superior to the single
classifiers. Only 35 of the 1254 TCP images are missed in
this method. Specifically, they are missed by the second
step (which is decided by color information.) of the
algorithm. It can be observed that most of the misclassified
TCP images are brilliance in color, while TCP images are
characterized by color harmony. The other missed TCP
images are almost in gray-scale and they lost much
information in color. Fig.5 shows four samples of
misclassified TCP images and fig. 6 shows the four samples
of false classified non-TCP images.

The color and texture features used in this system can be
quickly computed. So this computationally efficient



approach with high classification rate can be directly used
in practical applications. In the end we tested our method
on the 60000 Corel stock photo library, 90.2% images
classified as non-TCP images shows the robustness of our
approach.
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Fig. 4 TCP image classification algorithm

6. Conclusions

We give an approach to classify TCP images using low-
level features. This approach gives high classification rate
with low computation cost. The 1254 TCP database include
various kinds of TCP images. Testing on this database gives
an authentic result.

This is a first investigation on digitalized art images. As
traditional Chinese painting still occupies an important
place in the life of modern Chinese, there is a lot of work
to do to catalog and retrieve them automatically. Chinese
paintings are divided into two major categories: free hand
brushwork (xieyi) and detailed brushwork (gongbi).
Further research work involves classifying TCP images
into gongbi and xieyi and identifying human and flowers in
these images.
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Fig.6 4 out of 161 false classified non-TCP images
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