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Abstract—Handwriting identification is a technique of 
automatic person identification based on the personal 
handwriting. It is a hot research topic in the field of pattern 
recognition due to its indispensible role in the biometric 
individual identification. Although many approaches have 
emerged, recent research has shown that off-line Chinese 
handwriting identification remains a challenge problem. In 
this paper, we propose a novel method for off-line Chinese 
handwriting identification based on stroke shapes and 
structures. To extract the features embedded in Chinese 
handwriting characters, two special structures have been 
explored according to the trait of Chinese handwriting 
characters. These two structures are the bounding rectangle 
and the TBLR quadrilateral. Sixteen features are extracted 
from the two structures, which are used to compute the 
unadjusted similarity, and the other four commonly used 
features are also computed to adjust the similarity 
adaptively. The final identification is performed on the 
similarity. Experimental results on the SYSU and 
HanjaDB1 databases have validated the effectiveness of the 
proposed method.  
 
Index Terms—handwriting identification, off-line, Chinese 
character, stroke, mathematical morphology, feature 
extraction 
 

I.  INTRODUCTION 

As one of the most important methods in the biometric 
individual identification, handwriting identification has 
been widely used in the fields of bank check [1], forensic 
[2], historic document analysis [3], archaeology [4], 
identifying personality [5], etc. It is a hot research topic 
with the aim of automatically identifying a person based 
on the personal handwriting. Many approaches have been 
developed [1]-[6]. According to the different input 
methods, handwriting identification is commonly 
classified into on-line and off-line. The former assumes 
that a transducer device is used to capture the writing 
information such as time order and dynamics when a 
writer is writing the characters. Off-line technique, 
however, only deals with handwriting images scanned 

into computer, leading to the lost of dynamic information. 
Therefore, compared with its on-line counterpart, off-line 
handwriting identification is a rather challenging problem.  

Chinese characters are ideographic in nature, which 
contain at least 50000 characters. However, only 6000 of 
them are commonly used and they have a wide range of 
complexity. Chinese characters can be expressed in at 
least two common styles, such as in block or in cursive. 
In block style, there is an average of 810 strokes. 
Meanwhile there are more strokes in cursive style. 
According to [17], in Chinese characters, the 
complication structures are mostly affected by multi 
stokes of each character. Additionally, as shown in Figure 
1, the stroke shapes and structures of Chinese characters 
are quite different from those of other languages such as 
English, which makes it more difficult to identify Chinese 
handwriting [6]. The approaches proposed for English 
handwriting identification is no longer suitable for the 
case of Chinese handwritings [2] [3] [11]. In this paper, 
we mainly focus on off-line Chinese handwriting 
identification, and propose a novel method for extracting 
a set of twenty features based on two newly proposed 
special structures according to the trait of Chinese 
handwriting characters. 

A.  Related Work 

The process of handwriting identification consists of 
three main parts: preprocessing, feature extraction and 
classification (or matching). The feature extraction and 
matching are the two major topics in the literature of 
handwriting identification. 

Features such as texture, edge, contour and character 
shape have been widely studied recently. Several 
researchers [6]–[8] proposed to take the handwriting as 
an image containing special texture, and therefore 
regarded the handwriting identification as the texture 
identification. Among them, Zhu [7] and He [6] adopted 
2-D Gabor filtering to extract the texture features, while 
Chen et al. [8] used the Fourier transform. To reduce the 
computational cost suffered by 2-D Gabor filters, He et al. 
[9] further introduced a contourlet method to handwriting 
identification. In [10], edge-based directional probability 
distributions were used as features; meanwhile character-
shape (allograph) is another type of effective feature [2]. 
In [15], the feature vector was derived by 
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Figure 2. The flowchart of the proposed approach. 

morphologically processing the horizontal profiles of the 
words, where the projections were derived and processed 
in segments to increase the discriminating power.  

The widely used classifiers at least include Hidden 
Markov Model (HMM) [11] [12], weighted Euclidean 
distance (WED) classifier [6]-[8], Bayesian model [2] 
[15], likelihood ranking [3], etc. In [11], a Hidden 
Markov Model (HMM) based recognizer was built for 
each writer and trained on text lines written by the 
corresponding writer. For eliminating the disturbance 
caused by unexpected noise, which may “break” the 
normal transmission of states in the observation 
sequences, Ko et al. [12] suggested using a leave-one-
out-training and testing strategy to make HMMs more 
robust. For matching singleton non-sequential features 
such as texture, edge and contour, the weighted Euclidean 
distance (WED) [6]-[8] has been shown to be effective by 
the experiments. In [15], both Bayesian classifiers and 
neural networks were used as the classifiers. 

Focusing on Chinese handwriting identification, some 
particular methods have emerged recently [6] [7] [16] 
[18]. In [18], Li and Ding proposed a histogram-based 
feature, called grid microstructure feature which is 
extracted from the edge image of the scanned images. In 
[7], Zhu et al. took the handwriting as an image 
containing some special texture and Chinese handwriting 
identification is regarded as texture identification. 
Similarly, the texture based approach is also used in [6], 
where both text-independent and text-dependent methods 
have been introduced. A contourlet-based method was 
proposed in [9]. 

B.  Our Approach 

    In this paper, a novel method is proposed to extract a 
set of twenty features based on stroke shape and structure. 
Two special structures of the Chinese handwriting 
character are explored, including the bounding rectangle 
and TBLR quadrilateral. From the bounding rectangle, 
nine features are extracted; while another seven features 
are computed based on the TBLR quadrilateral. These 
sixteen features are used together to compute the 
unadjusted similarity. Then another four commonly used 
features are computed to adaptively adjust the similarity 

that is already evaluated. The identification is finally 
performed on the adjusted similarity. Experiments on the 
SYSU and HanjaDB1 databases are conducted to 
compare the proposed method with two algorithms. 
Comparison results have shown the effectiveness of the 
proposed method. 

Some of the results in this paper were first presented in 
[14]. In this paper, we present more technique details 

concerning the rationality of the proposed approach and 
report more experimental results to confirm the 

 

                     
 

                       (a) Sample of Chinese handwriting                                                               (b) Sample of English handwriting 
 

Figure 1. Comparing the Chinese and English handwritings. 
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(a) Bounding rectangle             (b) TBLR quadrilateral 

Figure 4. Two special structures of Chinese handwriting character. (a) 
Bounding rectangle. As we can see, it is the rectangle that exactly 
encloses the character. (b) TBLR quadrilateral. It is a quadrilateral that 
comprises four edge lines, as well as two diagonal lines, connecting 
four vertexes, i.e., Top-most, Bottom-most, Left-most, Right-most, thus 
has the name TBLR. 

   

 
             
                 (a)  Original image                 (b) Binary image 
 

 
             
               (c) Eroded image                     (d) Dilated image 
 

Figure 3. Demonstration of preprocessing (a) Original image with a 
horizontal thin line. (b) Binary image. (c) Eroded image which removes 
the background line. (d) Dilated and restored image. 

effectiveness of the proposed approach. Figure 2 
demonstrate the flowchart of the proposed approach. 

The remaining of this paper is organized as follows. In 
section II, we introduce the preprocessing phase of our 
approach, which uses mathematical morphology for 
removing the cluttered and thin background. Section III 
describes the feature extraction, where two special 
structures are proposed for facilitating the extraction of 
twenty features. The matching phase is described in 
section IV. Section V reports the experimental results. 
The conclusions are drawn in section VI. 

II. PREPROCESSING 

      In the real-world applications, the images obtained 
are usually with cluttered background, even noises. 
Additionally, the scanned characters may be of different 
sizes, and have different spaces between text lines. 
Therefore, a preprocessing is often required [7] [9] [15]. 
The Common steps used for pre-processing are as follows. 
The noises are firstly removed from the handwriting 
image; secondly, the text line is located and the single 
character is obtained using projection; thirdly, each 
character is normalized into a same size. Since for 
Chinese handwriting identification, there often exist 
horizontal background lines that are much thinner than 
the foreground stroke, as shown in Figure 3(a). In this 
paper, we use mathematical morphology for removing the 
cluttered and thin background, which is also a commonly 
used approach [7] [15]. 

Three main steps in our preprocessing phase include 

binarizing, eroding, and dilating. Let A  be a binary 

image and B  the structuring element which is chosen as 

disk type. The erosion of the binary image A  by the 

structuring element B, denoted by A BΘ , is defined as 
[13]  

 { }| ( ) zA B z B AΘ = ⊆  (1) 

where ( )zB  is the translation of B  by the vector z , i.e., 

{ }( ) = c | , .zB c a z a B= + ∈ The dilation of A  by the 

structuring element B , denoted by A B⊕ , is defined as 
[13]  

 { }ˆ| ( )zA B z B A⊕ = ≠ ∅I  (2) 

where is B̂  the symmetric of B , that is, 

 { }ˆ | , .B w w b b B= = − ∈  (3) 

     Figure 3 demonstrates the procedure of preprocessing. 
Given an original color image containing Chinese 
handwriting characters (Figure 3(a)), binary image can be 
obtained by directly applying binary operation as shown 
in Figure 3(b). Then erosion operation is further 
performed, through which the horizontal background line 
is removed as shown in Figure 3(c). The character is 
finally restored by the dilation operation, as shown in 
Figure 3(d). Since in most cases, strokes belonging to the 
same character are much closer than those belonging to 
different characters, single character can be extracted, 
which is further used in the feature extraction. 

III. EXTRACTING FEATURES 

Features are directly extracted from each single 
character. Since the stroke shapes and structures of 
Chinese characters are quite different from those of other 
languages such as English, where the handwriting 
characteristics are embedded, we propose to utilize the 
stroke shapes and structures for handwriting 
identification.  

Through a number of experiments, we discover that the 
discriminatory handwriting characteristics lie in the two 
structures. They are the bounding rectangle and a special 

quadrilateral which we call TBLR quadrilateral, as shown 
in Figure 4(a) and Figure 4(b) respectively. 

The following nine features are obtained from the 
bounding rectangle. 

l 1F : The ratio of the width to the height of the 
bounding rectangle, i.e., 
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where wA   and hA are the width and height of the 

bounding rectangle A   respectively. 

l 2, 3F F : The relative horizontal and vertical 

positions of the gravity center, i.e.,  
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where ( )xP i  and  ( )yP j  are the foreground pixel 

number in the i -th vertical and j -th horizontal line 

respectively.  

l 4, 5F F : The relative horizontal and vertical gravity 

centers, i.e.,  
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l  6, 7F F : The distance between the gravity center 

1 1 1( , )G x y  and the geometric center 2 2 2( , )G x y  , 

and the  slope of the line connecting them, i.e., 
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l 8F : The ratio of the foreground pixel number to the 
area of the bounding rectangle, i.e.,  
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l 9F : The stroke width property, i.e., 
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where tP is the binary pixel after refining the 

preprocessed image A . Given a structuring element 

{ },B C D=  consisting of two elements C  and D , 

the refining operation keeps repeating the hit-or-miss 

operation, i.e., ˆ( ) ( )A B A C A D= Θ − ⊕e until 

convergence, i.e., the change stops.  
Similarly, from the TBLR quadrilateral, we can obtain 

the following seven features.  

l 10F : The ratio of the area of the top half part upS to 

the area of the whole quadrilateral S , i.e.,  

                                  10 upS
F

S
=  (11) 

l 11F : The ratio of the area of the left half part 

leftS to S , i.e.,  

 11 leftS
F

S
=  (12) 

l 12F : The cosine of the angle of the two diagonal 
lines, i.e.,  

 12 cos( , )F a b=  (13) 

where a  and b  are the direction vectors of the two 

diagonal lines respectively. The 10, 11, 12F F F  

measure the global spatial structure of the character.  

l 13F : The ratio of foreground pixel number 

innerP within the TBLR quadrilateral to the total 

foreground pixel number totalP , i.e.,  

 13 inner

total

P
F

P
=  (14) 

It  measures the global degree of stroke aggregation.    

l 14F : The ratio of the innerP to the area of the TBLR 

quadrilateral TBLRS , i.e.,  

 14 inner

TBLR

P
F

S
=  (15) 

l 15F : The ratio of foreground pixel number of the 

left half part leftP within the TBLR quadrilateral 

to totalP , i.e.,  

 15 left

total

P
F

P
=  (16) 

l 16F : The ratio of foreground pixel number of the 

top half part topP within the TBLR quadrilateral 

to totalP , i.e.,  

 16 top

total

P
F

P
=  (17) 

Apart from the above sixteen features, we obtain another 
four features as follows.  

l 17F : The number of connected components. This 
feature measures the joined-up writing habit.  

l 18F : The number of hole within the character.   

l 19F : The number of stroke segments. It can be 
obtained by deleting all crossing point of a character, 
and the number is the total segment number.  

l 20F : The ratio of the longest stroke segment to the 
second longest stroke segment, where the stroke 

segments are obtained the same as that of 19F . 
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                                                           (a) Original                                                                      (b) Similarity 0.285R =  

        

                                                           (c) Similarity 0.146R =                                          (d) Similarity 1.65 10R e= −  

       

                                                           (e) Similarity 0.74R =                                            (f) Similarity 5.06 10R e= −  

       

                                                           (g) Similarity 0.074R =                                        (h) Similarity 5.064 10R e= −  

       

                                                           (i) Similarity 0.24R =                                          (j) Similarity 0.15R =  

Figure 5. Demonstration of the similarity. (a) The original (or saying, training sample) image. (b)-(j) are the testing samples appended with the 
similarity compared with (a). It can be seen that, the handwriting in (e) is the most similar to the original on the stroke shape and structure, and thus 
has the highest similarity. 

 

These four features are used to adaptively adjust the 
similarity that is already evaluated from the first sixteen 
features as will be shown later. 

IV. MATCHING 

For each signer, thresholds of the twenty features are  

 

computed as the average feature values from the training 
characters of the same word by that signer, denoted 

as , 1,..., 20ka k = . Given a testing sample, twenty 

features are computed and compared with the 
corresponding thresholds of the same word. A set of 
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Figure 7. Examples of the HanjaDB1 database [19]. 

 

  

 
 
 
Figure 6. Examples of the SYSU signature identification database. 
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Given a set of weights , 1,...,16kc k =  which are 

computed from the training samples, the unadjusted 

similarity R%  is computed as the weighted sum of the first 
sixteen features, 
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Then the adjusted similarity R is adaptively obtained by 

{ }if 17,18,19,20 s.t.
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%
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Figure 5 illustrates the concept of similarity. It can be 
seen from the figures that, the similarity defined above 
has actually measured the degree of similarity of the 
stroke shape and structure. With a easily trained threshold, 
the assignment of each character to the correct signer can 
be obtained. For instance, the character in Figure 5(e) and 
the original shown in Figure 5(a) are considered being 
written by the same person if the similarity threshold is 
set at 0.7. 

V. EXPERIMENTAL RESULTS 

     In this section, we conduct experiments comparing the 
proposed method with the Fisher method and the method 
proposed by Bulacu and Schomaker [2], over two 
Chinese handwriting character databases. The 
experimental results have confirmed the effectiveness of 
our approach. 

A. Databases 

     Two Chinese handwriting character databases are used. 

The first database is the SYSU database which is 
generated and collected by ourselves as follows. 245 
volunteers were asked to sign his (or her) name and one 
of the others’ names twice. And a correction of 950 
Chinese characters are obtained, which is named SYSU 
signature identification database. Figure 6 shows some 
examples of the SYSU database.  
    The second database is the HanjaDB1 database [19]. 
The images were written by more than 200 volunteers. 
The 800 most frequently used character classes in names 
of Korean, which covers 96.6% of usage, were collected. 
The subjects wrote Chinese characters on sheets 
containing 800 fields each of which was for one character. 
The sheets were scanned with flatbed scanner, and 
segmented into characters. The characters were filtered 
and sorted according to quality manually. Among 800 
classes, 17 classes were discarded and 783 classes are 
remained. Figure 7 shows some examples of the 
HanjaDB1 database.  

B. Comparison Results 

Figure 8 plots the identification rate as a function of 
the number of writers by the three algorithms over two 
databases. In general, on both two databases, our 
approach has obtained the highest identification rate in all 
number of writers. Figure 9 shows the False Alarm Rate 
(FAR) and False Reject Rate (FRR) obtained by the three 
algorithms over the SYSU database. It can be seen that, 
the proposed method has again obtained both the lowest 
FAR and FRR on the SYSU database. The comparison 
results have validated the effectiveness of the proposed 
method. 

VI. CONCLUSIONS 

This paper presents a novel method for off-line 
Chinese handwriting identification. Two special 
structures, namely, the bounding rectangle and the TBLR 
quadrilateral, are explored to extract sixteen features. 
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                                    (a) SYSU database                                                                                                  (b) HanjaDB1 database 
 
Figure 8. Comparing the identification rate as a function of the number of writers by the three algorithms over two databases. 
 

 

  

           
 
Figure 9. Comparing FAR and FRR obtained by the three algorithms 
on the SYSU database. 

 
These sixteen features are used to compute the unadjusted 
similarity, which is further adaptively adjusted by another 
four commonly used features. The identification is 
directly performed on the adjusted similarity. 
Experiments on both SYSU and HanjaDB1 databases 
have been performed to compare the proposed method 
with two algorithms. Comparison results in terms of FAR, 
FRR and identification rate have confirmed the 
effectiveness of the propose approach.  
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