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Abstrac t .  Segmentation of handwritten touching characters is an im- 
portant research topic in Optical Character Recognition (OCR). Finding 
the initial candidate segmentation points is the first important step. A 
method is described to locate the initial candidate segmentation regions 
based on the boundary analysis of a character string. This method can 
reduce the redundant searching regions significantly. Therefore, the seg- 
mentation reliability can be increased and the segmentation time can be 
reduced. 

1 I n t r o d u c t i o n  

Handwrit ten character segmentation is one of the most difficult problems in 
character recognition because of the rather complicated touching patterns of 
handwrit ten characters. Various methods for handwrit ten character segmenta- 
tion have been reviewed in [1] and [2]. A number of algorithms have been pro- 
posed to solve this problem [3]-[8]. 

The first important  step in a segmentation algorithm is to choose candidate 
points for a partitioning path. In a boundary based segmentation algorithm, 
one often divides the outer boundary into regions from which the candidate 
cut points are searched ont. In many segmentation algorithms, the boundary is 
simply parti t ioned into upper and lower profiles at the leftmost and rightmost 
points. A more sophisticated method in [8] divided an outer boundary into open 
regions, mountain regions, and valley regions. 

If we examine the regions divided by the above algorithms, we can find that  
there are many :'redundant" regions which can be excluded from the candidate 
searching regions. Locating the candidate segmentation regions reliably and ac- 
curately is an important  step in a segmentation algorithm. However, this problem 
is not trivial. Without  considering the specific structures of the digits, it would 
be very hard to solve. 

This paper describes a new approach to locate candidate segmentation re- 
gions based on boundary analysis of a character string. The boundaries are first 
smoothed and features are extracted from each boundary. The touching patterns 
are then classified according to the extracted feature vectors, and various touch- 
ing patterns are considered in each class. Because the boundary structures can 
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be interpreted globally and the domain-specific knowledge of each numeral can 
be implemented conveniently, this method has a high reliability and can reduce 
the number of candidate partitioning paths substantially. 

2 Boundary Smoothing and Feature Extraction 

The image is first smoothed to remove small spurs and fill up small holes, and 
then a stroke width compensation algorithm is applied [9]. The boundaries of the 
smoothed image are then extracted and smoothed using the iterative smooth- 
ing algorithms in [10] and [11]. Three kinds of boundary features are extracted 
[11]: the main feature vectors (v and a) for the even chain code directions, the 
secondary feature vectors (w and b) for the odd chain directions, and the supple- 
mentary feature vectors (x and c). A feature vector f v  consists of 5 components: 

f v[ j ]  = (label, s, t, dir, l) (1) 

where j is the index, label is the symbol of the feature vector, s and t are the 
starting point and end point, dir  is the direction of the feature vector which is 
the chain code of the points in the feature vector except the last point, and l is 
the length of the feature vector. 

The main feature vectors are the most important descriptors of a boundary, 
and therefore a global code is given to describe them. The global code consists 
of 6 elements which are defined as follows: 

gc[i] = (gc (~) [0], gc (~) [1], gc (i) [2], gc (~) [3], gc (i) [4], gc (~) [5]) (2) 

where i is the index, gc (i) [0] and gc (~) [1] denote the number of v and a feature 
vectors respectively, gc(O [2], gc (i) [3], gc (~) [4], and gc (i) [5] denote the number of 
feature vectors whose directions are chain code 0, 2, 4, and 6 respectively. For 
the convenience of matching, the main feature vectors are stored before all other 
feature vectors. Figure 1 shows an example, where (a) is the boundary with 
extracted feature vectors, and (b) is the codes of the feature vectors. 

3 Boundary Regions 

In the following, the j th  main feature vector in the outer boundary is denoted 
as ov[j] ( j  = O, 1, ..., n - 1), where n is the number of main feature vectors 
in the boundary. The height and width of the image are denoted as h and w 
respectively. The components of ova] are denoted as ov[j].label, ov[j].s, ov~]. t ,  
ov[j].dir,  and ov[j].l respectively (Eq. (1)). The x and y coordinates of ov[j].s 
(ov~j].t) are denoted as ov[j].s~ (ov[j].t~) and ov[j].sy (ov[j].ty) respectively. 
Similar symbols can be specified for an inner boundary except that we change 
the symbol ov to iv. 

The proposed boundary region location algorithm consists of three steps. In 
the first step, we search for the v feature vectors which are visible from one 



510 

23 o a ~  b o u n d a r y :  £ ~ o ~  b o ~ a ~ r y :  
. . . .  19 

- /  ~ v 8~ ~a  ~ s zlob~1 coa~:  
O :  ' " '  3 •~  : . s j /  76 a ~9 lO7 0 

• ~ ~ iii ll~ 6 i~ ( @  4 i 1 i 11 

1o v zTa 17~ 6 2 
.." $ " ~" ~i -¢ 2o0 218 o is 

• "*' I ~  v a 2 ~ .  . . . . . .  oo I , .  , 2 s a  ? '  / "  14 

, , , ' " * ' = "  . , ,  21 ~6 a 303 310 4 7 
- / 2 -  

4 ~" ~ . . . . . . . .  *, * '  , '  i a  v a 3s ' /  35,~ 

5 7 ,: zu~ •" 20 a 396 397 4 1 
. . . .  ~ ' . •  21 . los 40~ ~ i 

9 22 v 425 i 3 e  ~ s J 

L . , . .  , , .  . . . .  ,, .~ ~ I7  , '  ~ , . ,~ 7 24 11, 2 ~  Z 5 8  4t 2 
~ s  ,~2a 420 

. . . . .  . . ,  " ' * ,  . . . . .  8 . . . . .  " " "  , . " 1 2 ' *  ~ . o . ~ '  , . . .  2'7 ~50 250  7 
32e ~28 

1l  ' ,  ~, ~lobal ¢ode:  

13 ( I t  iv 7 5 7 s} 

(a) (b) 

Fig. 1. Boundary smoothing and feature extraction algorithms: (a) the smoothed 
boundary with extracted feature vectors; (b) the codes for the feature vectors• 

of the four (left, right, top, and bottom) sides, and label them as l, r, u, and 
d, respectively. If the j th v vector satisfies the following conditions, then it is 
labeled as 1 (left profile feature vector): (a) ov[j] .dir = 6; (b) ov[j].sx < 2w/3; 
(c) ov[j].sx = rain for the scan line y = ov[j].sy and ov[j] . tz  = rain for the scan 
line y = ov[j]. ty.  

Similar to the above labeling methods, we can label r, u and d vectors in 
the top and bottom profiles. The candidate regions in the lower profile are then 
the mountain regions between two d vectors, and the candidate regions in the 
upper profile are the valley regions between two u vectors. Figure 2(a) shows 
the l, r, u, and d vectors, the mountain region and the valley region for Fig. 
l(a).  For comparison, Fig. 2(b) shows the mountain regions and valley regions 
for Fig. l(a) using the methods in [8], where the mountain and valley regions 
are denoted as "M" and "Y" respectively. We can see that the new method is 
successful in excluding the redundant regions. 

However, there are still redundant regions for some images as shown in Fig. 
3(a), where the valley region between two u vectors in digit "4" and the mountain 
regions between two d vectors in digits "4" and "9" are redundant. Therefore, 
the candidate regions need to be reduced further. In the second step, the specific 
models of some numerals are constructed according to the feature vectors of the 
individual numerals. If the corresponding feature vectors of an input boundary 
image match the feature vectors of a model, one or more candidate regions can 
be eliminated. At the same time, the information about the specific (left or right) 
numeral is recorded and passed to the separation procedure. 

The redundant regions caused by the left numeral are mainly due to numerals 
"2", "3", "4", "5", and "6". The redundant regions caused by the right numeral 
are mainly due to numerals "2", "4", "6", "8", and "9". We have constructed 5 
models for the left numeral and 9 models for the right numeral which are shown 
in Figs. 4 and 5 respectively, where a main feature vector is labeled by its type 
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Fig. 2. Comparison of the located mountain and valley regions: (a) the proposed algo- 
rithm; (b) the method by Strathy, et  al. 

and direction. The dotted arrow represents a possible pair of v and a vectors, 
and the dashed arrow represents the link position to the other numeral. The 
dotted loop indicates that the loop may be filled up. 

The models are constructed according to the possible writing styles of the 
numerals and the possible feature vectors. To match a model, we check the type 
and direction of each main feature vector, where the leftmost 1 vector is chosen 
as the starting feature vector. The geometrical positions of the main feature 
vectors are specified approximately. 

When a model in Figs. 4 and 5 is matched, the mountain region between the 
two d vectors and the valley region between the two u vectors are cancelled. For 
example, both the left numeral and the right numeral in Fig. 3(a) are matched 
with the models, and therefore the two mountain regions and the one valley 
region are cancelled. Next, the (a, 0) vector on the lower profile and the (a, 4) 
vector on the upper profile are relabeled. If they are in the cancelled regions, 
they are labeled using the symbol of the numeral. Otherwise, they are labeled 
as (p, 0) and (q, 0) respectively. Figure 3(b) shows the result for Fig. 3(a). 

In the final step, we record the region information of the image, which is 
described as follows: 

ig = (nt ,  n y ,  up ,  nq,  h i )  (3) 

where n t  and n y  denote the number of mountain and valley regions respectively, 
n p  and nq denote the number of p and q vectors respectively, and ni  is the 
number of loop regions. 

For a mountain region or a valley region, 9 elements are recorded as follows: 

rg[i] = (rg (~) [0], rg (i) [1], rg (~) [2], rg (i) [3], rg (i) [4], rg (i) [5], rg (i) [6], rg (i) [7], rg (~) [8]) 
(4) 

where i is the index of the region, rg (i) [0] and rg (i) [1] are the indices of the 
starting and end main feature vectors in the boundary respectively, rg (~) [2] and 
rg (~)[3] are the numbers of v and a (including p or q) vectors in the region 
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Fig. 3. F~lrther reduction of redundant regions: (a) boundary with redundant mountain 
and valley regions; (b) boundary with redundant mountain and valley regions being 
cancelled; (c) region information. 
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Fig. 4. Models for the left digit in the touching pairs. 

respectively, rg(O [4] and rg (i) [5] are the minimum and maximum x coordinates 
of the main feature vectors in the region respectively, rg (i) [6] and rg (i) [7] are the 
minimum and maxinmm y coordinates of the main feature vectors in the region 
respectively, and rg (~) [8] is the number of p (q) vectors in the region. 

For the calculation of the minimum and maximum x and y coordinates, the 
end point of the starting feature vector and the starting point of the end feature 
vector are used. For other main feature vectors, we can use either the starting 
point or the end point of each vector. 

For a loop region, we record the following information: 

zp[i] = (zp(~) [o], zp (~) [1], z; (~) [2], zp(~) [3], Ip (~) [4], zp (~) [5]) (5) 

where i is the index of the loop,/p(0[0] and/p(~)[1] are the numbers of v and a 
vectors in the region respectively, lp(O [2] and lp(O [3] are the minimum and the 
maximum x coordinates of the main feature vectors in the region respectively, 
Ip (i) [4] and Ip (~) [5] are the minimum and the maximum y coordinates of the main 
feature vectors in the region respectively. 
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Fig. 5. Models for the right digit in the touching pairs. 

If there are two or more loops, they are sorted. The loops are first sorted 
into two groups by their x coordinates: Xmin < w/2 for the first group and 
xm~n >_ w/2 for the second group. If there are still more than one loops in a 
group, they are sorted again by their y coordinates: Ymin ~ h/2 or Ymin >_ hi2. 

For the image in Fig. 3(b), the redundant mountain regions and valley regions 
are excluded and there is only one candidate mountain region and one candidate 
valley region. The corresponding region information is shown in Fig. 3(c). 

4 Experimental Results 

After the mountain regions and the valley regions have been determined, a parti- 
tioning path will be constructed from a point in the mountain regions and a point 
in the valley regions. The partitioning path can be determined by analyzing the 
p and q feature vectors. First, the numeral strings are classified into 8 subclasses 
according to (nt ny np nq). Second, a number of models are constructed to deal 
with some common touching patterns in each subclass. When no model infor- 
mation can be used, we specify a small number of candidate points and use a 
recognition algorithm to verify the partition by "trial and error". Figure 6 shows 
some examples, where all the partitioning paths attempted by the algorithm are 
shown. 

The data used in the experiment are two-digit strings extracted from the 
NIST database. The training group consists of 1,200 images, and the testing 
group consists of 3,355 images. The success rate is 89.66% when both of the 
separated digits are recognized correctly, of which 84.4% pairs are partitioned 
in the first attempt. There are another 6.02% pairs where a correct partitioning 



514 

i..o:ii.•/ 

• ' :• . .  , '  

Fig. 6. Examples of the resulting partitioning paths• 

path has been located, but one or two digits have been rejected by the recognition 
algorithm. 

The proposed algorithm can be extended to a numeral string of more than 
two characters, where we can match the first and last digits in the string each 
time. Figure 7 shows two examples, where the candidate segmentation regions 
are the regions between two "u" and two "d" vectors. The partitioning paths 
can be determined in a similar way as for two-digit strings. 
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Fig. 7. Examples of three-digit string after the proposed algorithm. 

5 C o n c l u s i o n  

Based on the boundary smoothing and feature extraction algorithms, an algo- 
rithm is proposed to locate the candidate partitioning regions. Various models 
are constructed based on the feature vectors to locate the candidate partitioning 
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regions. This method is more reliable and accurate than some other algorithms 
where no specific touching patterns are considered. Some models in this paper 
can be used for the leftmost and rightmost digits in a string of more than two 
characters directly. In addition, for the models where the full information about 
a digit is described, this digit can be recognized directly without the need to 
perform the boundary filling and recognition algorithms. 
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