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Abstract. This paper proposes a histogram-based feature to Chinese
writer identification. It is called grid microstructure feature. The feature
is extracted from the edge image of the real handwriting image. The
positions of edge pixel pairs are used to describe the characteristics in a
local grid around every edge pixel. After global statistic, the probability
density distribution of different pixel pairs is regarded as the feature
representing the writing style of the handwriting. Then the similarity
of two handwritings is measured with the improved weighted visions of
some original metric. On the HIT-MW Chinese handwriting database
involving 240 writers, the best Top-1 identification accuracy is 95.0%
and the Top-20 accuracy reaches 99.6%.

Keywords: Writer identification, Chinese handwriting, grid microstruc-
ture feature, improved weighted metric.

1 Introduction

Automatic writer recognition has been promoted by some valuable researches
in recent years. Western handwriting recognition technology has been experi-
mented on large handwriting database and has shown the practical effectiveness.
But eastern writer recognition still has some challenges. The basic reason is that
western writing (like English) is alphabetic writing while eastern writing (like
Chinese) is ideographic writing. English letters are simple and Chinese charac-
ters have complex stroke crossing. Western writing has lots of ink connection
between individual letters. But eastern writing, no matter Chinese, Japanese or
Korean, is composed of characters in separate block structure. The existing meth-
ods of Chinese writer recognition mainly divide into two classes: the identical
character based text-dependent approaches and the text-independent approach
based on texture analysis [1]. Wang [2] proposed a method using directional ele-
ment features and linear transform, and got rather high accuracy by combining
several characters. However, there are tens of thousands of different characters
in Chinese and even three to six thousands characters are in common use. If
handwritings have only few identical characters even none, the text-dependent
methods cannot work. Moreover, the text-independent metheds has no limits to
text content. M. Yoshimura [3] counted relative frequencies of some model pat-
terns from Japanese sentences to identify writers. Some texture analysis based
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methods are also introduced in Chinese writer recognition. Zhu [4] used multi-
channel Gabor features to Chinese handwritings. Wavelet-based HMT models
were utilized by He [5]. These methods use character patching to create texture
blocks. But actually the order of character arrangement influences the texture
and the complex structures of Chinese characters enhance the influence. So the
methods based on texture analysis do not perform as well on Chinese handwrit-
ings as on English handwritings. Bulacu and Schomaker [6] proposed a number
of very effective histogram-based features for western writer recognition.

In this paper, we propose a histogram-based feature, the grid microstructure
feature, for Chinese writer identification. The idea of the feature comes from the
contour-hinge feature, which outperforms the other textural and allographic fea-
tures in [6]. Differently, the proposed feature is generated from a size-adjustable
grid and focuses on the positions of edge pixel pairs, while the contour-hinge fea-
ture examines the directions of two linked edge fragments. To improve the per-
formance of writer identification, we try different distance metrics for similarity
measurement and introduced the improved weighted metrics. The experimental
results show the effectiveness of the proposed method. The remaining part of
this paper is organized as follows: Section 2 describes the novel histogram-based
feature, the grid microstructure feature and the methods of the similarity mea-
surement. Then section 3 introduces the Chinese handwriting database and the
experiment process. Section 4 shows and analyzes the results of the experiments.
Finally, the conclusions are given in Section 5.

2 Grid Microstructure Feature

The grid microstructure feature is extracted from the edge image of the hand-
writing image. Edge image is seen as a primary representation of handwritten
document. The preprocessing step of our method is to gain the edge image. Real
handwritings are scanned to gray images firstly. After binarization using Otsus
method, edge detection is carried out. Among many edge detection algorithms,
the Sobel operator is used in our implementation. In the edge image, Bulacu et
al. saw the two contour fragments extending from an edge pixel as a rotatable
hinge and used the direction combination of the fragment pair to describe the
small region around the center edge pixel [7]. Maaten fused multi-scale contour-
hinge features, whose contour fragment length takes different values, to improve
the performance [8]. Our proposed feature is to record the positions of some spe-
cial edge pixel pairs in every local grid, to calculate the appearance probability
of different position pairs and to express the writing style by the probability
density distribution.

2.1 Feature Generation

We use a small part of an edge image, which contains a single handwritten
character, to demonstrate the process of feature generation as Fig. 1 shows.
We assume that a floating grid is moving along the edge traces in the image
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and its center square will traverse all edge pixels. Assume that the horizontal
and vertical distances between the border squares and the center square of the
grid are both L, so the size of the floating grid is (2L + 1) × (2L + 1). For
the diagrammatic sketch in Fig. 1, L = 4. Every square position of the grid
is marked with a fixed symbol im, where m denotes the bigger distance in the
horizontal and vertical distances between the square and the center. For each
value of m, there are 8m square positions and they are assigned from 0m to
(8m − 1)m. In Fig. 1, all square positions except the center are signed with
01, . . . , 71, 02, . . . , 152, 03, . . . , 233, 04, . . . , 314. If there are two edge pixels in some
pair of squares, the symbols of the squares are used to record the positions of
the edge pixel pair, such as < im, jl >. When the center of the grid is moving
along the edge traces, we use h(im, jl) to record the occurrence number of edge
pixels in each square pair of the local grid. In the beginning, we set h(im, jl) = 0
(1 ≤ m, l ≤ L, 0 ≤ i ≤ 8m − 1, 0 ≤ j ≤ 8l − 1). When the grid center is
located at a new edge pixel and there are edge pixels in two squares like im and
jl, we make

h(im, jl) = h(im, jl) + 1. (1)

But not all edge pixel pairs have the effectiveness to represent the writing style.
Firstly we record the edge pixel pairs which satisfy the set of conditions

⎧
⎨

⎩

1 ≤ m = l ≤ L, i < j
im and jl are the edge pixels
km is not the edge pixel, i < k < j

(2)

Under the conditions, the positions of the edge pixel pairs, which are the same
distance away from the grid center, are recorded. We use the continuous distance
values 1 ≤ m ≤ L to describe the change of the same edge trace in the local
grid, such as < 11, 61 > and < 32, 112 >. Also the relations between different
edge traces are recorded, such as < 112, 142 > and < 43, 93 >. For i < j, we
do not record the pairs like < 314, 64 >. Maatten used the implementation to
reduce the complexity in his writer identification software [9].

In addition, the extend trend and the turning of a edge trace is more impor-
tant. A Chinese character always includes much more strokes and has a much
finer structure than a western letter. There are many turning points on the edge
traces of Chinese characters, such as < 142, 233 > in Fig.1. Different writers
have different writing manners of stroke turnings. We need to record the pairs
of pixels which have different distances from the grid center. So we define two
other sets of conditions as

⎧
⎨

⎩

1 ≤ m = l − 1 ≤ L − 1
im and jl are the connected edge pixels
im is the nearest to jl

(3)

and ⎧
⎨

⎩

1 ≤ m = l − 2 ≤ L − 2
im and jl are the connected edge pixels
im is the nearest to jl

(4)
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Fig. 1. The example of feature generation when the floating grid lies at a edge pixel.
The edge pixel pairs satisfying C1: < 11, 61 >, < 32, 112 >, < 112, 142 >, < 43, 93 >,
< 93, 103 >,. . ., < 203, 233 >, < 64, 104 >, < 104, 154 >, . . ., < 264, 314 >. The
pairs satisfying C2: < 11, 32 >, < 61, 112 >, < 32, 43 >, < 112, 173 >, < 142, 203 >,
< 142, 233 >, < 43, 64 >, . . ., < 233, 314 >. The pairs satisfying C3: < 11, 43 >,
< 61, 173 >, < 32, 64 >, < 112, 224 >, . . ., < 142, 314 >.

Eq. 2, Eq. 3 and Eq. 4 define three sets of conditions. Let C1, C2 and C3 denote
them. In Fig. 1, the positions of the edge pixel pairs which satisfy the three sets
of conditions are indicated with < im, jl > in the caption. We implement Eq. 1
for h(im, jl) where im and jl in accord with these conditions.

After the center of the floating grid has traversed all edge pixels in the edge
image, h(im, jl) gives the occurrence number of that the edge pixels appear at
the square pairs < im, jl > in local regions. The sum of all occurrence number
is H =

∑
i, j, m, lh(im, jl). Then the appearance probability of the pixel pair

< im, jl > can be calculated by p(im, jl) = h(im,jl)
H . The 2D probability density

distribution is called the grid microstructure feature.
Although each handwriting consists of different characters, every character is

made up of some elementary sorts of strokes and their deformations. A writer
does not write one sort of strokes just the same every time. The edge pairs will
appear at different square positions of the moving grid, even around the same
sort of strokes. After global statistic, the appearance probabilities of different
pairs are variant. However, the writing style of a writer tends to be uniform
and the writing tendencies of different writers are discriminating. The variant
probability distribution still reflects the writing tendency of the writer because
the writer writes in his common manner unconsciously. Different writers write
each sort of strokes with different lengths, different breadths, different angles
and different curvatures. These characteristics are all considered and computed
by the statistic of the grid microstructure feature.

Fig. 2 and Fig 3 show four Chinese handwritings written by two writers (A
and B) and their microstructure features under all condition sets, C1, C2 and
C3. Each writer has two handwritings. Fig. 4 gives the diagrams of the absolute
feature differences between two handwritings which are written by the same
writer or different writers. It is observed intuitively that the difference between
handwritings of different writers is distinctly bigger than the difference between
handwritings of the same writer. The grid microstructure feature embodies the
difference of writing style.
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(a) Handwriting A1 of A. (b) Handwriting A2 of A.

(c) Handwriting B1 of B. (d) Handwriting B2 of B.

Fig. 2. Four handwritings written by two writers
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(a) From handwriting A1.
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(b) From handwriting A2.
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(c) From handwriting B1.
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(d) From handwriting B2.

Fig. 3. Grid microstructure features extracted from four handwritings
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(a) Between A1 and A2.
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(b) Between A1 and B1.

Fig. 4. The absolute differences between the features of two handwritings



Writer Identification of Chinese Handwriting 1235

2.2 Similarity Measurement

To compare a handwriting to another, the difference of writing style should be
quantified. We need to measure the similarity of two microstructure features.
By arranging all probabilities in a high-dimensional vector, the similarity mea-
surement can be transformed into the distance measurement. The most common
distance metric is Euclidean metric though it may not be the best. Belongie used
the Chi-square metric (χ2 distance) after extracting shape contexts for object
recognition [10]. Schomaker and Bulacu also considered that Chi-square met-
ric, in which differences of the low probabilities are weighed more importantly,
is better than Euclidean metric and Bhattacharya metric [6]. And Zhu [4] used
weighted Euclidean distance measure. They used the standard deviation of hand-
writings written by the corresponding reference writer to weight the difference of
each component. If each reference writer has only one handwriting, the weighted
method is disable. However, there are also many different reference writers in
writer identification. The reference handwritings of all writer give the range of
each feature component. The differences of the components with smaller ranges
should be given more weight. So we use the standard deviation of all reference
handwritings to weight each component. We define two new distance metrics: the
improved weighted Euclidean metric (IWED) and the improved weighted Chi-
square metric (IWCD). Assume that there are a query handwriting and N refer-
ence handwritings, and their microstructure features are q and rn(1 ≤ n ≤ N).
The improved weighted Euclidean distance between q and rn is

dIWED(q, rn) =

√
√
√
√

∑

k

(q(k) − r
(k)
n

σ(k)

)2

, (5)

and the improved weighted Chi-square distance is

dIWCD(q, rn) =
∑

k

(q(k) − r
(k)
n )2

(q(k) + r
(k)
n )σ(k)

, (6)

where q(k) is kth component of feature vector q, r
(k)
n is kth component of rn and

σ(k) =
√

1
N−1

∑N
n=1(r

(k)
n − m(k))2, m(k) = 1

N

∑N
n=1 r

(k)
n . Then in writer identifi-

cation, the writer of the reference handwriting corresponding to argmin
rn

d(q, rn)

is considered as the most possible writer of the query handwriting.

3 Handwriting Database and Experiment Process

We use a database of handwritten texts, the HIT-MW database, in our exper-
iments. HIT-MW is collected by Artificial Intelligence Lab, Harbin Institute of
Technology, China [11]. The database is built for Chinese character recognition.
The texts in HIT-MW are different and sampled from China Daily. We got the
writer information of a part of the database involving 240 writers. Most of the
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writers have only one page of handwritten text. We have to use only one text
page for each writer and segment each page into two commensurate parts by
manual work. Each part contains about 100 characters and is seen as an inde-
pendent handwriting. The handwritings A1 and A2 in Fig. 2 also come from the
same text page in HIT-MW and so do B1 and B2. In this case, the within-class
variability is limited and it helps get higher identification accuracy. However,
HIT-MW is the best choice in the public Chinese handwriting databases, be-
cause it has a large number of writers and provides the writer information.

We carry out writer identification using the segmented handwritings of 240
writers in HIT-MW. One segmented handwriting of each writer is used as the
query handwriting and the other one is used as the reference handwriting. So
there is only one handwriting sample for each writer in reference handwriting
database. For every query handwriting, the distances between it and all reference
handwritings are calculated. The writer of the reference handwriting correspond-
ing to the minimal distance is the first candidate. If the candidate is just the
writer of the query handwriting, the identification is correct. The correct rate
of all 240 query handwritings is the identification accuracy of our experiment.
We also make a longer list of candidates. The correct hit rate increases with the
length of the candidate list. When there are M candidates in the list, the correct
hit rate is called Top-M recognition accuracy.

4 Experimental Result

To begin with, the size of floating grid has influence on the effectiveness of our
grid microstructure feature. The information is limited when the grid size is
small, and the oversize grid affects the description of local particulars. A best
selection of the grid size exists and relates to the scanning resolution of the
handwriting samples. HIT-MW samples are all scanned with the resolution 300
dpi. We change the grid size by choosing different values of L in order to get the
best grid size. Here the improved weighted Euclidean metric is used. Fig. 5 gives
four curves of the correct hit rates when the grid size is changed. The curves are
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Fig. 5. Accuracy curves of the microstructure feature for different grid sizes
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Table 1. Identification performance of microstructure feature using different distance
metrics

Distance metric ED CD IWED IWCD

Top-1 recognition
80.4 88.8 93.8 95.0

accuracy (%)

Table 2. Recognition accuracies of writer identification using different features

Features
Recognition accuracy (%)
Top-1 Top-5 Top-10 Top-20

CH 84.6 95.4 96.7 98.3
MCH 92.5 97.1 97.5 99.2
GMS∗ 94.6 97.5 98.8 99.6
GMS 95.0 98.3 98.8 99.6

Table 3. Identification performance of our method and some other methods

Method
Database size Top-1 recognition
(writer number) accuracy (%)

Our 240 95.0
Zhu’s [4] 17 95.7
He’s [5] 500 36.4
Yoshimura’s [3] 20 94.2

obtained when the length of the candidate list is 1, 5, 10 and 20. We find that
when L takes value from 6 to 8, the recognition accuracies are the highest. So we
make L = 7 and choose 15 × 15 for the best grid size. In fact, the handwritten
characters in the 300 dpi resolution are about from 40 to 70 pixels high. It is
reasonable to use the 15 × 15 grid to represent the stroke-level information.

Furthermore, similarity measurement is also an important problem. We test
four different distance metrics, Euclidean distance (ED), Chi-square distance
(CD), improved weighted Euclidean distance (IWED) and improved weighted
Chi-square distance (IWCD), by comparison. The microstructure features with
L = 7 are extracted. Table 1 shows the identification performance (Top-1 recog-
nition accuracy) changing with the distance metric. The best result is gotten by
the improved weighted Chi-square metric.

Finally, we compare the proposed feature with two existing histogram-based
features, the contour-hinge feature (CH for short, proposed by Bulacu et al. [7])
and the multi-scale contour-hinge (MCH for short, suggested by Maaten [8])
in the Chinese handwriting database. We also compare two versions of grid mi-
crostructure feature, GMS∗ and GMS. GMS∗ is the feature only satisfying the
condition sets C1 and GMS is obtained under the case of all three condition sets.
The length of edge fragment in CH is 8 and the value set of fragment length in
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MCH is 2, 4, 6, 8. The grid size of grid microstructure features is 15× 15. In the
comparison, the improved weighted Chi-square distance is computed for similar-
ity measurement. Table 2 gives the Top-1, Top-5, Top-10 and Top-20 recognition
accuracies using the four features. The grid microstructure features outperform
the other two features and GMS is better than GMS∗. It is obvious that our
histogram-based feature is more effective for identifying Chinese handwritings.

5 Conclusions

For reference, we list some results of the literatures. Table 3 includes the perfor-
mance of our method and some other text-independent methods for Chinese writer
identification and one method for Japanese handwriting1. The recognition accu-
racyofourmethodusing thegridmicrostructure featureandthe improvedweighted
Chi-Square metric seems better than the existing text-independent methods for
Chinesewriter identification.Becauseofusingdifferentdatabasesanddifferentcon-
ditions, the results are incomparable.However, Gabor and wavelet features used in
the traditional text-independent methods of Chinese writer identification are af-
fected greatly by the normalization and the arrangement of characters in texture
blocks. Differently, our histogram-based feature uses original handwriting images
and is independent on the order of character arrangement.The grid microstructure
feature tries to find out the writing tendency of the writer in local regions. It dis-
criminates the writers using the difference of the tendency. Although the number
of Chinese characters is huge and their structures are variant, the sorts of strokes
composing characters are limited. If characters in the handwritings are enough to
make the appearance percentages of different sorts of strokes balanced, the grid mi-
crostructure feature will succeed in denoting the difference of writing style. The ef-
fectiveness of our method for Chinese writer identification is proved by the exper-
iments. It is expectable that the feature can be used for multilingual handwritings
including western handwritings.As a future work, the effect on the recognition rate
caused by the difference of text contents need to be studied. Besides, how to extract
writing style information fromasmallernumberof characters is still ahardproblem.
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gram of China (973 program) (2007CB311004) & National Natural Science Foun-
dation of China (project 60772049, 60872086).
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