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Abstract

Handwriting-based writer identification is a hot research
topic in the pattern recognition field. Nowadays, on-line
handwriting-based writer identification is steadily growing
toward its maturity. On the contrary, off-line handwriting-
based writer identification still remains as a challenging
problem because writing features only can be extracted
from the handwriting image in this situation. As a result,
plenty of dynamic writing information, which is very valu-
able for writer identification, is lost. At present, 2-D Gabor
filter method is widely acknowledged as a good method for
off-line handwriting identification, however it still suffers
from some inherent disadvantages, such as the high com-
putational cost. In this paper, we present a novel wavelet-
based GGD method to replace the traditional 2-D Gabor
filters. Shown in our experiments, this novel method not
only achieves better experiment results but also greatly re-
duces the elapsed time on calculation.

1. Introduction

Even in such a highly developed, modern society, hand-
writing has continued to play as a main means of communi-
cation and recording in people’s daily life. Usually, people
regard the handwriting as an important personal sign of the
writer. Given its ubiquity in human transactions, automatic
writer identification based on handwriting has a great sig-
nificance in many real-world applications, such as postal
addresses on envelopes, bank checks, private letters, and
etc.

We can classify handwriting-based writer identification
in several ways. However, the most straightforward one
is to classify it into on-line (also called dynamic) and off-
line (also called static) writer identification based on dif-
ferent input methods. The former assumes that a trans-
ducer device is connected to the computer, which can con-
vert writing movement into a sequence of signals and then
transmit this signal sequence into computer. Since infor-
mation on the writing order and dynamics of the writing
process, which is captured by the transducer device con-
tains many useful writing features of the writer, on-line
handwriting-based writer identification, compared with off-
line handwriting-based writer identification, is compara-
tively easier to cope and achieve a higher accuracy. In con-
trast, off-line handwriting-based writer identification usu-
ally deals with handwriting materials directly scanned into
computer and thus much dynamic information of writing
process is lost. As a result, despite continuous effort, off-
line handwriting-based writer identification still remains a
highly challenging research issue [1]. Unfortunately, on-
line methods of writer identification are inapplicable in
many cases where the transducer can not be used, so de-
veloping techniques on off-line writer identification is an
urgent task.

Further, the off-line writer identification can also be di-
vided into two types: text-dependent and text-independent
[1]. Text-dependent methods only match the same charac-
ter and so require the writers to write the same fixed texts.
Contrastively, given that the writing styles of different peo-
ple are often visually distinctive, text-independent methods
do not match the same characters but extract writing style
features from the global writing text. In other words, in
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the case of text-independent, the handwriting images are
considered as different textures. Generally, text-dependent
methods have better identification results, however as men-
tioned above, they are inapplicable in many practical appli-
cations because of their strict requirement on same charac-
ters. On the contrary, though owning a wider applicability,
text-independent methods don’t obtain the same high accu-
racy as text-dependent methods do. In sum, more research
works should be done in text-independent writer identifi-
cation. Our research work focuses on the off-line, text-
independent writer identification based on handwriting.

2. Relative work

Commonly, writer identification is regarded as a typical
problem of pattern recognition and contains 3 basic steps:
pre-processing, feature extraction, feature matching. Nowa-
days, it is an active research field in academia because it is a
combination of traditional pattern recognition with jumped-
up biometric authentication. In the last several decades,
some researchers have touched this field [2]. But most pre-
vious research works are on text-dependent writer identifi-
cation, especially on signature verification. Even so, there
still exist a few papers on text-independent writer identifi-
cation, in the following we introduce these relative works
briefly.

In 1975, Duverony has reported that the most important
variation of the writers handwriting is reflected in the low-
frequency band of Fourier spectrum of the handwriting im-
ages [3]. Similarly, Kuckuck has used Fourier transform
techniques to process handwritten text as texture [4]. Later,
inspired by the idea of multichannel spatial filtering tech-
nique, Said et al have proposed a texture analysis approach
for writer identification [1]. In their method, they regard
the handwriting as an image containing some special tex-
tures and then use a well-established 2-D Gabor filter to
extract features of such textures. Except those methods in
frequency domain, Schrihari and Cha extracte twelve shape
features from the handwriting text lines to represent per-
sonal handwriting style. The features mainly contain visible
characteristics of the handwriting, such as width, slant and
height of the main writing zones [5]. Besides, to improve
the accuracy and enhance the robustness, some other papers
adopte multiple features integration for writer identification

[5116].
3. Pre-processing

The input image contains characters of different sizes,
spaces between text lines and even noises. So before feature
extraction, origin image should be processed firstly. Com-
mon steps adopted for pre-processing are as follows: firstly,

removing the noises in the handwriting image; secondly, lo-
cating the text line and separating the single character using
projection; thirdly, normalizing each character into a same
size; finally, creating the texture image by text padding. In
our application, we design a pre-processing method which
produces texture image for text-independent feature extrac-
tion. Since some papers have discussed pre-processing
[1][2], and this problem is not our focus in this paper, here
we don’t introduce our methods on pre-processing in de-
tails. An example of image pre-processing is shown in fig 1.

(b) Texture image

(a) Original image

Figure 1. An example of pre-processing

4. Gabor algorithm

In reference [1], a well-designed 2-D Gabor filter is pro-
posed for text-independent writer identification. Besides
this paper, reference [2] also applies the same Gabor filter
on Chinese text-independent writer identification. Both of
the two papers say good results are achieved in their exper-
iments. And the academia also widely acknowledges the
Gabor method is an effective method on text-independent
writer identification. To display the advantage of our new
algorithm, we will compare it with the Gabor method.
While firstly, we introduce the Gabor method briefly.

The computational model of the 2-D Gabor filter pro-
posed in reference [1][2] is as follows:

he(z,y) = g(x,y) cos[2m f(x cos @ + ysinh)] (1)

ho(x,y) = g(x,y) sin[2n f(x cos§ + ysinh)]  (2)
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where h, and h,, denote the so-called even- and odd- symet-
ric Gabor filter, and g(x,y) is an isotropic Gaussian func-
tion.
The spatial frequency responses of the Gabor function
are
[Hi(u,v) + Ha(u,v)]
2

He(u,v) = 3)

H,(u,v) = [H1(u,v)2—jH2(u,v)] @

where j = v/—1 and
Hiy(u,v) = exp{—2720>[(u — f cos0)* + (v — fsin0)?]}

Hy(u,v) = exp{—27m20>[(u+ f cos0)? 4 (v + f cos 0)*]}

Here, f, 0, o are the spatial frequency, orientation, and space
constant of the Gabor envelope, separately. For a given in-
put image, h.(x,y) and h,(z,y) will combine to provide
different channel outputs of the input image with different
f,0and o.

The mean values(M) and the standard deviation(S) of the
channel outputs are used to represent writer global feature
for writer identification. If J orientations and L frequencies
for each orientation are selected for Gabor filter, a total of
JxL features will be obtained from a given handwriting im-
age, as form a feature vector with J XL elements.

After extracting the writing features, Weighted Eucliden
Distance(WED) is applied for feature matching.

N (M; — MF)?
WED(k) = “57,?) ()

i=1 (

where M; denotes the :th feature of the handwriting im-
age whose writer is unknown, M} and 0% denote the ith
feature and its standard deviation of the handwriting writ-
ten by writer K separately, and N denotes the total number
of mean values.

5. Wavelet-based GGD algorithm

Though 2-D Gabor filter is effective in handwriting-
based writer identification, it still suffers from some inher-
ent disadvantages. One of the most serious disadvantages
is the intensive computational cost, because the 2-D Gabor
filter has to convolute the whole image for each orientation
and each frequency.

Compared with the Gabor filter, 2-D wavelet can decom-
pose the image into sub-bands with different frequencies
and orientations. So, we only need to deal with the speci-
fied wavelet sub-bands according to the selected values of
frequency and orientation.

Wavelet transform is a tool that cuts up data or functions
or operators into different frequency components, and then

studies each component with a resolution matched to its
scale. The basic introduction of wavelet theory has been
published in a series of classic papers and books. Here, we
only introduce basic concepts of wavelet.

A function v € L?(R) is called an admissible or basic
wavelet if it satisfies the following “admissibility” condi-
tion.

- 2
Cy ::/ de < 00 (6)
r (Wl

With translation and dilation of the basic wavelet ¢ (), a
1-D continuous or integrable wavelet transform is defined
by

Wh)ab) = [ " F Tt )

Where 1) 5(t) = a_%zﬂ(””T’b). If only discrete value of a
and b are used, the eq 7 represents the 1-D discrete wavelet
transform.

The extension of the 1-D wavelet transform to 2-D
wavelet transform is usually achieved by using separable
wavelet. An image can be transformed into four sub-images
by 2-D separable wavelet transform, namely: (1) LL sub-
image: both horizontal and vertical directions have low fre-
quencies. (2) LH sub-image: the horizontal direction has
a low frequency, and the vertical one has a high frequency.
(3) HL sub-image: the horizontal direction has a high fre-
quency, and the vertical one has a low-frequency. (4) HH
sub-image: both horizontal and vertical directions have high
frequencies. That is, a handwriting image can be decom-
posed into sub-bands with different frequencies and orienta-
tions via 2-D wavelet transform, and therefore we only need
to extract features from specified sub-bands but not from the
whole handwriting image. In this way, calculational cost is
greatly reduced.

The most sample and direct features of wavelet coef-
ficients are the energies of wavelet sub-bands. Mostly,
L'-norm and L?-norm are selected as measures. Suppose
{W1I;(x,n)}ser is the collection of wavelet coefficients in
the jth wavelet sub-band, then L' and L? of this sub-band
are given as:

1

Li= 5> IWLj(,n) ®)
TER
Li = (% > WLj(x,n)*)!/? ©)
TER

where, R refers to domain of the jth wavelet sub-band.

But energy is too simple to completely represent the es-
sential features of wavelet coefficients, for example, energy
can not reflect statistical distribution of wavelet coefficients.
Previous experimental work revealed a particular property
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of the wavelet coefficients {WWI;(x,n)}zcr of almost ev-
ery natural textured image at a given scale n and the sub-
band number j, that the histogram of these coefficients cor-
responds to a Generalized Gaussian Density model.
The Generalized Gaussian Density(GGD) model is given
as 5
. — —1(|z|/a)?
p(z;a, B) = WGXP (Izl/e) (10)

where I'(+) is the Gamma function, i.e.,
o0
()= / exp 't 1dt, Z > 0.
0

The parameter o« > 0, called scale parameter, describes
the standard deviation and 8 > 0, called shape parameter,
is inversely proportional to the decreasing rate of the peak.
The basic idea of GGD model is to use the GGD model to
approximate the statistical distribution of the wavelet coeffi-
cients in one wavelet sub-band and then take the parameter
couple {a, 8} of GGD model as the features to represent
wavelet sub-band. There are varied methods to estimate «,
0, here we adopt the maximum-likelihood estimator(MLE).
The following is how to use MLE for GGD.

The likelihood function of the data vector z =
(21, ...,xr) (here we should convert the sub-band image s
into a multi-dimensional vector x) having independent com-
ponent can be defined as

L
L(z; a0, B) = log [ [ p(as; . B) (11)
i=1
And using MLE, «, (8 can be deduced as the roots of fol-
lowing likelyhood equations [9]:

OL(z;0,8) L L Blai|Pa=r
O o« T 21: a (12)

L
op 16} I ~ « «@
a3
where ¥(.) is the digamma function, i.e. ¥(z) = FF(—:) We
ignore the deduction process to solve the equations above.
For more details, please refer to reference [9].

To replace the typical norm-based distance (e.g. Eu-
clidean distance), we use Kullback-Leibler Distance (KLLD)
for feature matching. The Kullback-Leibler Distance
(KLD) between two sub-bands is as

D(p(; a1, B1)llp(s az, B2) = 1°g<m)
L@yeDG+y/B) 1,

Qg I'(1/p6) B1

and the KLD between two handwriting image is the sum
of all the distances across all selected wavelet sub-bands.

- A testing "B

6. Experiment result

In our experiments, as mentioned above, all handwrit-
ing are scanned into computer with a resolution of 300 dpi.
Then via certain pre-processing algorithm, we produce the
handwriting texture images from the original scanned im-
ages, as shown in fig 1. Experiments display the size of
handwriting texture image should be suitable, since large
size image leads to a high computational cost and small
size image reduces the identification accuracy. In our ex-
periment, we select size 512 x 512 pixels.

A training B training C training

testing C testing

Figure 2. Some samples of texture image
used in our experiments. "A Training" refers
to training sample of writer A, and "A Testing"
refers to testing sample of writer A.

20 Chinese handwritings written by 10 persons have
been carried out in the experiments, with one training hand-
writing and one testing handwriting for each person. We
produce one handwriting texture image from each hand-
writing, and thus a total of 20 handwriting texture image
are obtained. The training and testing texture image, whose
size is 512 x 512 pixels, consists of 64 Chinese characters
with size 64 x 64 pixels, as is shown in fig 2. In Gabor
method, 4 spatial frequencies are used: 32, 54, 128, 256,
and for each spatial frequency, we select 0, 45, 90 and 135
degree as orientations, because both reference [1] and [2]
say that the highest accuracy is obtained in this case. In
GGD method, we firstly decompose the handwriting image
via db4 wavelet transform at 3 levels, and then apply GGD
model on the wavelet decomposition sub-bands except the
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HH sub-band at the finest scale.

A testing handwriting texture image is matched with
all training handwriting texture images. Then we sort the
matching results in an ascending order to produce a list.
And the position of writer of the testing handwriting in
the list is regarded as the experiment result to evaluate al-
gorithm accuracy. (For example, if the matching result
between the training handwriting and testing handwriting,
both of which are written by the same writer, is the mini-
mum in the list and consequently occupies the position 1,
we say the position of real writer is top 1; in other words,
the topper the position of one writer is, the more possibility
of being the real writer of the testing handwriting the writer
has.) The experiment result is in the table 1.

Table 1. IDENTIFICATION ACCURACY OF EX-
PERIMENT

Method name | Top 1 | Top 2
GGD 80% | 20%
Gabor 70% | 30%

Not only contrast the identification accuracy, we also
contrast the average elapsed time of the two methods. We
run and record the average elapsed time of GGD and Ga-
bor methods in our computer. The software environment of
our computer is: Window XP, Matlab 7.0; and the hardware
environment is: Intel Pentium IV 2.66GHZ CPU, 512MB
RAM. The experiment result is shown in the table 2.

Table 2. ELAPSED TIME OF THE GGD AND
GABOR METHOD

Method name | Average elapsed time (second)
GGD 19.338
Gabor 124.812

7. Conclusion

In this paper, we have presented a novel text-independent
method for Chinese handwriting-based writer identifica-
tion. It shows, based on our experiments, the 2-D Gabor
filter is still a good method for handwriting-based writer
identification while our new method achieves better results
and greatly reduces the elapsed time. Because the text-
independent methods do not consider the writing content,
the methods involved in this paper are also available for En-
glish, Korean, Japanese and Latin Languages, etc.
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