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Abstract-The discrete cosine transform (DCT) is a
well-known technology used in image compression.
It can decompose a signal into N orthogonal real
base vectors. Due to its energy compacting property,
the features of a test character can be extracted
progressively according to their importance such
that the potential candidates which are not well-
fitted for the test character can be pruned at earlier
steps. Therefore, we are motivated to develop a
progressive matching approach based on DCT for
recognizing of handwritten characters in Chinese
paleography. Experimental results show that our
approach performs well in this application domain.
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1. Introduction

In ancient Chinese a lot of significant books were
transcribed by elite calligraphers. In order to retrieve
information from these books, transforming paper
documents into the contents that are accessible is
inevitable. One way of digitizing the contents of
documents is through human typing. However, this
kind of labor-intensive approach is not only time
consuming, but also expensive. For over the last
decade, optical character recognition (OCR)
technique [7] has been introduced as a practical
approach for converting paper documents into
computer codes.

In the literature, some methods had proposed for
OCR, such as methods based on neural networks
(NNs) [2], [4], graph-matching methods [3], and
methods based on hidden Markov model [6], etc.
Due to the ease of realization, neural networks seem
to be the most popular method; however, its result is
not as good as the basic nearest neighborhood
method [12], especially in the recognition of
characters with low quality. Even though graph-
matching method has strong theoretically back-
ground, its effect is not satisfactory because of the
difficulty in combination with feature extraction
methods. Methods based on hidden Markov model
have been employed to cope with the recognition of
connected characters (such as English characters).
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However, Chinese handwriting recognition is much
more difficult than alphabetic characters. The
difficulty is due to three factors: the character set is
very large, the structure of a Chinese character is
much more complex than that of an alphabetic
character, and many Chinese characters have similar
shapes.

To further improve the efficiency of the afore-
mentioned technologies, we can introduce the
algorithms used in the compression technologies.
The rapid growth of digital imaging applications,
including desktop publishing, multimedia, telecon-
ferencing, and high-definition television (HDTV) has
increased the need for effective and standardized
image compression techniques. There are some
emerging standards, such as JPEG, for compression
of still images [10]; MPEG, for compression of
motion video [8]; and CCITT H.26x, for compres-
sion of video telephony and teleconferencing. All
three of these standards employ a basic technique
known as the discrete cosine transform (DCT).
Developed by Ahmed et al. [1], the DCT is a close
relative of the discrete Fourier transform (DFT)
which transforms a signal or image from the spatial
domain to the frequency domain. The DCT is a
technique for converting a signal into elementary
frequency components. Each DCT uses N orthogo-
nal real basis vectors whose components are cosines.
The DCT approach has an excellent energy
compaction property and requires only real
operations in transformation process. The DCT
helps separate the image into parts (or spectral sub-
bands) of differing importance (with respect to the
image's visual quality).

The DCT is less sensitive to shift, rotate and scale,
which would largely affect the performance of most
template matching methods. Template matching is
based on the assumption that the position of each
point is known, the correspondence of the sampling
point is already taken, and the similarity is measured
only by the difference of the sampling “value”. In
most of the template matching methods, normaliza-
tion of position and size is done prior to the matching
process [5], [9]. Therefore, the performance of
normalization is an important factor to the fixing the
sampling position, which is also an important issue
in the matching process. In contrast, the perform-
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Figure 1. The DCT coefficients of the
character image of “ #1".

ance of normalization is not an important issue for
the matching method based on the DCT.

Based on above observations, we were motivated
to devise a progressive matching approach based on
DCT for recognizing handwritten characters in
Chinese paleography. In our approach the DCT is
applied to transform the character images into
elementary frequency components. Due to the
energy compacting property of DCT, much of the
signal energy has a tendency to lie at low frequencies.
Therefore, to recognize an unknown character, only
the candidates whose DCT coefficients of low
frequencies well-match those of the unknown
character need to be further examined. Such that the
matching process can be conducted progressively
from low frequencies to high frequencies and
terminated if the accumulated matching cost exceeds
a predefined threshold. So we can recognize an
unknown character by finding the prototype
character whose DCT coefficients are best fitted for
the unknown character. Experimental results show
that our approach performs well in this application
domain.

This paper is organized as follows. The next
section introduces the DCT. Section 3 describes our
progressive matching approach based on the DCT.

Section 4 presents experimental results. Finally,
conclusions are drawn in Section 5.
2. Discrete Cosine Transform

The DCT is introduced in this section. Its most

important feature is its superior energy compacting
property. On applying DCT, a frequency spectrum
(or the DCT coefficients) C(u, v) of an NxN image
represented by x(i, j) for i, j=0, 1, ..., N-1 can be
defined as
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The corresponding inverse discrete cosine trans-
form (IDCT) is defined as
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We notice that DCT is a unitary transform, which
has the energy preservation property, i.e.,
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where E is the signal energy.

For most images, much of the signal energy lies
at low frequencies; these appear in the upper left
corner of the DCT. The lower right values represent
higher frequencies, and are often small - small
enough to be neglected with little visible distortion.
Figure 1 shows the DCT coefficients of a character
image (“ [%”) of size 48x48. The number of
coefficients is equal to the number of pixels in the
character image. In our experiments, we found that
about 90% signal energy appears in the upper left
corner of size 10x10 for the DCT coefficients of size
48x48.

3. Progressive Matching Method

Before going into the details of our progressive
matching method, we first briefly present the
problem and related symbols used in this paper. Our
goal is to classify an unknown character x to one of
M possible classes (ci, Cy,..., Cy). In order to apply
the template matching method, the database that
consists of the templates for each class must be
established in advance. Therefore, in the training
phase, a set of training character images of size NxN
is collected and transformed into DCT coefficients.
Then the average DCT coefficients of size NxN is
obtained for each class, assuming there is at least one
training character for each class. Such that M sets of
average DCT coefficients are obtained and served as
the templates for each class.
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Based on the observation that the most significant
DCT coefficients lie in its low frequency area,
therefore, the matching process can be performed
step by step by adding more and more coefficients
from low frequency area to high frequency area.
Thus, we can develop a matching algorithm that can
progressively measure the distance (or dissimilarity)
between the unknown character x and template T;.

3.1. Matching criterion

Firstly, we have to define a measure to indicate
the degree of matching between a test character and a
template. Traditionally, we can apply the sum of
absolute differences (SAD) as the matching criterion
to avoid multiplications. To exploit the energy
preservation property of DCT, we use the sum of
squared differences (SSD) instead, which can be
implemented efficiently using a look-up table to
calculate the square. Assume that C,(u, v) and Cr;(u,
v) represent the DCT coefficients of the test
character x and template T;, respectively. Then the
SSD between x and T; can be defined as
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For the ease of progressive matching, we also
define the SSD between x and T; under the upper left
block of size nxn as
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assuming the upper left nxn DCT coefficients of x
and T; are correspond to a block of size nxn.

3.2. Description of the algorithm

The matching of x and T; can be decomposed into
K iterations, each of which corresponds to the
matching under the block of size nyxn,. After the kth
iteration, the block size is enlarged from nyxny to
Nie1 XNy (Ngey = NES). At the first iteration (k=1),
the lowest frequency coefficients are measured; then
the second lowest frequency coefficients are
measured at the second iteration (k=2), and so on,
until one of the stop criterions is satisfied. The stop
criterions used in our approach are twofold: to
preserve enough signal energy in the block and to
reject unqualified templates at earlier steps. For
example, since about 90% signal energy appears in
the block of size 10x10 for an image of size 48x48,
the matching process will be stopped as the block
size reaches to 10 if 90% signal energy is used as the
threshold for stop criterion. Therefore, the maximum
number of iterations for a matching depends on the
initial block size, the increment & and the stop
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Figure 2. (a) The original image of size
48x48; (b) The reconstructed image of
size 8x8; (c) The reconstructed image
of size 16x16; (d) The reconstructed
image of size 32x32.

criterion of energy preservation. On the other hand,
to reject the unqualified templates in the early
iterations, statistical tools are applied to calculate the
theoretical sound thresholds for the SSD under
different block size. From the Chebyshev rule [11],
we know that the percentage of observations
contained within distances of k standard deviations
around the mean must be at least (1—1/k?)x100% .

For example, 97.2% is guaranteed within the
distances of 6 standard deviations. Assume that &,
represents the threshold for the block of size nxn.
To obtain the threshold 4,, all of the SSDs between
the test characters and their target templates under
the block of size nxn are gathered. Then the mean s,
and the standard deviation oy, of SSD under the block
of nxn can be calculated. Thus, &, can be obtained

by
0, =u,+kxo,. (6)

The input of the progressive matching algorithm
is the test character x and a template T;. The output
of the algorithm is either the distance between x and
T; or “Reject” the template. If T; is accepted as a
candidate for the test character, then output the
distance between x and T;, SSD(x, T;, N), under the
block of size N’xN’, assuming N’ is the minimum
block size that satisfies the aforementioned stop
criterion. Otherwise, output “Reject the template”.
The algorithm is described as follows.

Step 1: Set the initial block size to n.
Step 2: Compute SSD(x, T;, n).

Step 3: If SSD(x, T;, n)>4,, then output “Reject”
and stop.

Step 4: If n>N’, then output SSD(x, T;, N") and
stop.

Step 5: Set n=n+3 and go to Step 2.

This algorithm is very efficient because the
results for calculating coefficients of smaller block
can be used for calculating the following coefficients
of larger block. Finally, to decide the expected class
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Figure 3. The percentage of energy
preserved as the block size is changed.

of the test character X, the class of the template with
minimum SSD(x, T;, N’) is selected.

The underlying philosophy of the progressive

matching algorithm is the concept of multi-resolution.

Adding more DCT coefficients usually imply
increasing the resolution level of an image. If
current resolution is not high enough to distinguish
one character from the others, we have to raise the
level of resolution such that the discrimination
capability can also be improved. Figure 2 shows the
images reconstructed from different block size via
IDCT. From this figure, we conclude that the bigger
the block size, the higher the resolution of the
reconstructed image.

4. Experimental results

A preliminary experiment has been made to test
our approach. There are a total number of 6000
samples (about 500 categories) extracted from one of
the famous handwritten rare books, Kin-Guan (& [4])
bible. Each character image was transformed into a
48x48 bitmap. 5000 of the 6000 samples are used
for training and the others are used for testing.
Figure 3 shows the percentage of energy preserved
as the block size of the upper left DCT coefficients is
changed. From this figure, it can be seen that about
84% signal energy is preserved in the block of size
8x8 and 89.3% signal energy is preserved in the
block of size 10x10.

Table 1 shows the recognition rate of test samples
under different block size. We can find that the
recognition rate cannot be improved further as the
block size is larger than 8x8. This evidence supports
the hypothesis that if the compacted DCT coeffi-
cients preserved enough energy, they possess enough
information for classification at the same time.
Through the energy compacting property of DCT,
the number of features for a character can be reduced
from 48x48 to 8x8 without sacrificing the recogni-
tion rate. Therefore, the parameter used for stop
criterion, N, is set to 8. Besides, the initial block
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Table 1. The recognition rates under
different block size

Block Size Recognition Rate
4x4 77.01%
6x6 89.42%
8x8 91.97%
10x10 89.42%
24x24 90.88%
32x32 91.24%
48x48 91.24%

Table 2. Average percentage of
remained candidates after each
iteration of matching
Block Size Percentage of Remained

Candidates
4x4 56.91%
6x6 39.90%
8x8 28.82%

size and the increment & are set to 4 and 2, respec-
tively.  Thus, during the progressive matching
process, the block is enlarged from 4x4 to 8x8 (i.e.
4x4, 6x6 and 8%8), and hence the maximum number
of iterations is 3.

As to the threshold &, 6 standard deviations were
applied (see EQ. (6)) for 6, to guarantee that at least
97.2% target templates were remained after the first
round pruning, and 5 standard deviations were
applied for & to guarantee that at least 96% target
templates were remained after the second round
pruning and 4 standard deviations were applied for
6, to guarantee that at least 93.75% target templates
were remained after the third round pruning. Table 2
shows the average percentage of remained candi-
dates after each iteration of progressive matching. It
can be seen that most of the candidates are pruned in
the early iteration and only 28.82% candidates need
to be considered in the final decision process. The
recognition rate of progressive matching is the same
as that of the direct matching under the block of size
8x8, i.e. 91.97%. In other words, the number of
squared differences needs to be calculated is reduced
t0 60.24% ([(1-0.5691)x4x4 + (0.5691-0.399)x6x6 +
0.399x8x8]/8x8) without sacrificing the recognition
rate.

5. Conclusions

This paper presents a progressive matching
approach based on DCT for recognizing handwritten
characters in Chinese paleography. Due to the
energy compacting property of DCT, the features of
a test character can be extracted progressively
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according to their importance and hence the potential
candidates which are not well-fitted for the test
character can be pruned at earlier steps. The
advantages of our approach include:

e Through the energy compacting property of
DCT, the number of features for a character is
reduced from 48x48 to 8x8.

Through the progressive matching algorithm,
the number of squared differences needs to be
calculated is reduced to 60.24% without sacri-
ficing the recognition rate.

Since only preliminary experiment has been
made to test our approach, a lot of works should be
done to improve this system. For example, since
features of different types complement one another
in classification performance, by using different
types of features simultaneously, classification
accuracy could be improved.
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