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A b s t r a c t .  A goal of character recognition is to simplify and automate 
the development of character recognition algorithms. We describe here 
an approach based on applying preprocessing to data sets of characters 
and then applying machine learning to the data sets to build a knowl- 
edge base able to classify unseen preprocessed characters. The machine 
learning method, Induct/RDR~ has a number of features which make it 
particularly suitable for character recognition. It also has the potential 
to integrate with a manual knowledge acquisition methodology if further 
refinement is required. Intial results on hand-printed Latin characters 
show an accuracy of 84% on unseen cases for the machine learning sys- 
tem alone. 

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

For the past three decades there has been increasing interest among researchers 
in problems related to machine simulation of the human reading process. Inten- 
sive research has been carried out in this area with a large number  of techni- 
cal papers and reports  in the l i terature devoted to character recognition. This 
subject has a t t rac ted  immense research interest not only because of the very 
challenging nature of the problem, but also because it provides, the means for 
automat ic  processing of large volumes of da ta  in postal  code reading [11, 16], 
office automat ion [6, 15], and other business and scientific applications [13, 1, 10]. 

The different approaches covered under the general t e rm character recogni- 
tion fall into either the on-line or off-line category, each having its own hard- 
ware and recognition algorithms. This paper  presents a new technique for the 
recognition of hand-printed Latin characters using Induct /Ripple  Down Rules 
(RDR) [9]. 

Conventional methods have relied on hand-constructed dictionaries which 
are tedious to construct and difficult to make tolerant to variation in writing 
styles. I n d u c t / R D R  uses learning by induction to build the knowledge base. An 
advantage of Induct over other machine learning methods is tha t  it produces a 
very compact  representation [2] and tha t  it integrates with a knowledge acquisi- 
tion methodology Ripple Down Rules which allows knowledge bases to be Error! 
Bookmark not defined.uilt and maintained by an expert  without the support  
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of a knowledge engineer [3] Characters are scanned into the computer and pre- 
prossing techniques transform the bit-map representation of the characters into 
set of primitives such as lines, curves and loops which can be represented in an 
attribute base form. A set of such representation for each character is then input 
to Induct/RDR which produces a decision tree for classifying each character.. 

2 D i g i t i z a t i o n  a n d  P r e p r o c e s s i n g  

2.1 Digitization 

The first phase in our character recognition system is digitization. Documents 
to be processed are first scanned and digitized. A 300 dpi scanner is used to 
digitize the image. This generates a TIFF file which is then converted to 1-bit 
plane PBM file. The PBM format contains a small header which incorporates a 
file stamp followed by the dimensions of the image in pixels. The remainder of 
the file contains the image data. 

2.2 Pre-thinning and Thinning 

This step aims to reduce the noise that the binarization process yields. The pre- 
thinning algorithm used in this paper as sowhn in Figure 1. 

Input: A digitized image I in PBM format. 
Output: A pre-thinned image I ~, also in PBM format. 
Method: 
1. For each pixel P in image I, let Po, P1, P2, P3, P4, P5, P6 

and P7 be its 8 neighbors, starting from the east neighbor and 
counted in an anti-clockwise fashion. 

2. Let B ( P ) = Po + 1~ + P4 + P6 �9 
Let P~ be the corresponding pixel of P in. 

3. If B ( P )  < 2 then set P '  to white 
Else If B ( P )  > 2 then set P' to black 

Else set P~ to the value of P; 

Fig. 1. Pre-thinning algorithm. 

The thinning algorithm adopted in this paper is a parallel method based on 
Jang and Chin's algorithm [12]. 
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3 F e a t u r e  E x t r a c t i o n  

3.1 Binary Tree Construction 

An algorithm implementing a 3x3 window is used to trace along the path  of 
the skeleton, recording the structural  information of the trace path. A path  is 
described as a tracing between junction or end point, where an end point has a 
single neighbor and a junction point has two neighbors as shown in Figure 2. 

This path  is stored in a node of the binary tree: where a choice of pa th  
to trace exists, a left and right node are formed beneath the current one and 
their respective paths traced out. A priority system is used which favors certain 
directions over others (without this, the window would trace the skeleton in 
random direction). 

t r ac ing  Junc t ion  
d i rec t ion  =>  Point  

[] 
[] 
[]  

End Point 

Fig.  2. Tracing path. 

The start ing point for tracing the skeleton is based on several criteria. The 
image is divided into three horizontal regions and the top and bo t tom region are 
searched for end points or junction points. This ensures that  the start ing point 
does not split a pa th  into two subpaths.  If no such points are found, as with the 
letter "O",  the left most pixel of the image is used as start ing point. 

3.2 S t r u c t u r a l  i n f o r m a t i o n  

The structural information for each pa th  traced is saved as follows: 

1. Freeman Code [7] chain: an 8-directional code describing the tracing of the 
path. 

2. Frame: co-ordinates describing a minimal-size frame which contains the path  
used to calculate size of loops in the image (e.g. "a" = small, "D" = large) 
as well as approximate  center. 
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3. Positional: co-ordinates describing the start and ending points of the path 
used to determine positional relationship between loops and between loops 
nd touching path (e.g. "b" = left touching path, "d" = right touching path). 

4. Loop: pointer indicating paths joining previously explored section (e.g. "e" ," 6") 

The completed tracing results in the segmentation of the character into paths 
or strokes which will be formed into primitives. 

3.3 Smoothing 
Upon completion of the binary tree, a smoothing step allows redundancies and 
noise to be removed from the tree, a smoothing of the binary tree is designed to 
minimize the number of nodes in the tree and minimize the Freeman code chain. 
Loops whose paths contain multiple nodes are identified and then compressed 
to single node. Redundancies in the Freeman code are smoothed and noise is 
reduced. At points of change in the Freeman code, we use simple, but effective, 
smoothing algorithm, illustrated in Figure 3 for direction 0 only. The patterns 
and codes are rotated for other directions. Any pattern in the first column is 
replaced by the pattern in the second column. Thus the string 070010 is replaced 
by 000000. 

Pattern 

0 0 

o T k  / o 
O* 

Replaced by 

0 0 0* 0 0 

0 0 0" 0 0 

Fig. 3. Smoothing algorithm. 

3.4 Pr imi t ives  

The structure information in the binary tree allows the formation of pattern 
primitives, or sub-pattern, which are used to describe the original image. There 
are two main primitives described in this system: straight lines and curves. A 
path may be described by a single primitive or by multiple primitives. The struc- 
ture information in the tree is converted to these primitives using the following 
definition. 
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B r e a k p o i n t  (Separator): divides a path  into sub-paths more easily described 
by primitives. A breakpoint has at least one of two possible conditions: 

- inflection point: a change in curvature, a positive (clockwise) curve followed 
by a negative (ani-clockwise) curve, or vice versa. 

- cusp point: a sharp change in direction, two segments form an acute angle 
< 9 0  ~  

S t r a i g h t  l ine:  has its usual geometric definition as two points in sequence 
within a path. A point in a Freeman chain can be defined as a change in the 
Freeman code. Lines can be distinguished from curves in two ways: ~he length 
of a line segment is significant in comparison to the length of the path. or the 
path  contains only two points. 

C u r v e :  these are formed by at least three segments of nearly equal length 
(usually small in relation to the length of the path) with no breakpoint. Two 
types of curves: Open and Closed. 

- Open: there are four open curves useful in describing Latin characters. They 
face the four main points of the compass, eg. U, S, C. 

- Closed (Loop): described by three sized (small, medium, and large) and also 
includes the double loop. e.g. a, R, D, 8. 

Figure 4 shows the primitives used in this system. 

Primitives 
Line --) 71 ,lx t~ 

E NE N NW 

Curve (open) ~ c ~ D 

CN CE CS CW 
Curve"(closed)- o o O OO 

LS LM LL DL 

Fig.  4. Primitive features used in this system. 

4 C l a s s i f i c a t i o n  u s i n g  I n d u c t / R D R  

A data set of preprocessed Latin characters is passed to the Induc t /RDR machine 
learning algorithm [9]. This produces a knowledge base which is then used with 
an interpreter to return a classification for an unseen character. The unseen 
characters go through the same preprocessing as the training data. 
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4.1 Background 

The most common approach to machine learning for classification tasks, as ex- 
emplified in C4.5 [14], is to a t tempt  t o  build a decision tree where each node 
represents an at tr ibute and there is a branch for each value of the attribute. 
There are a variety of heuristics for deciding on which is the most useful at- 
t r ibute to add as a node at any point. The  aim of the at tr ibute selection is to 
produce a tree which is highly accurate on unseen cases and is normally fairly 
compact. C4.5 uses an entropy/information based algorithm which essentially 
at tempts to find the most important  at tr ibute in separating the population into 
different classes at any given point in the decision tree. The information measure 
maximizes overall separation of the population into classes, irrespective of the 
separation between branches of members of individual classes 

Induct also produces a decision tree but  the tree has a different structure 
and is built quite differently [9, 8]. With Induct the most common classification 
is identified and then an at tr ibute value pair is chosen as a selector for this 
classification and then further at t r ibute value pairs conjoined to this to produce 
a rule for the classification. The at tr ibute value pair is chosen by calculating 
the probability of the particular group of cases that  it selects being chosen by 
chance. The at tr ibute value pair which gives a result most different from a ran- 
dom chance is chosen. This process is repeated recursively for all cases selected 
by the rule and all cases not selected. The result is binary tree with a rule at 
each node providing a classification; if a further rule is satisfied the classification 
is replaced by the later classification. As Catlett  has pointed out, the resulting 
tree is normally very unbalanced and is probably bet ter  described as a decision 
list with exceptions which are further decision lists [2]. Induc t /RDR also provide 
a very compact representation [9, 2] and because of the way the probabilities are 
calculated is particularly suited for missing or noisy data  [8]. Because the knowl- 
edge base is built by dealing with a single classification at a time, a character 
recognition knowledge base should tend to have good general rules for each char- 
acter, but with exception rules where a general rule may encompass more than 
one character. These features of Induc t /RDR would seem to suggest that  it is a 
particularly suitable machine learning method for handwriting recognition. 

A requirement in any induction is appropriate preparation of the training 
data. Appropriate selection of attr ibutes for Latin characters and appropriate 
examples are a key part of the process. The rules produced should perform 
correctly for items in the training set and in addition should accurately classify 
unseen Latin characters. The suitability of the training set for inductive methods 
does not depend just on the number of training cases but  on how well prepared 
the cases are. The cases have to be accurately classified and the appropriate 
features extracted. The best results are obtained on large training sets with 
thousands of cases. 

4.2 Induction Using Induct /RDR 

Induc t /RDR takes as input a training set entered as a file of ordered sets of 
primitives values, each terminated by a comma, and uses induction techniques 
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to produce a set of rules in the form of a binary tree with IF T R U E  and IF 
FALSE branches. Thir ty  three primitives were chosen to describe the character 
as shown in Figure 5. 

LINES 

1. small vertical Line (svl) 
2. medium vertical Line (mvl) 
3. large vertical Line (lvl) 
7. small backslash line (sbl) 

8. medium backslash line (mbl) 
9. large backslash line (lbl) 

4. small horizontal line (shl) 
5. medium horizontal line(mhl) 
6. large horizontal line (lhl) 
i0. small slash line (ssl) 
ii. medium slash line (msl) 
12. large slash line (isl) 

CURVES 

13. s m a l l  n o r t h  cu rve  (snc)  
14. medium n o r t h  cu rve  (mnc) 
15. l a r g e  n o r t h  cu rve  ( l nc )  
19. s m a l l  e a s t  cu rve  ( sec )  
20. medium east curve (mec) 
21. large east curve (lec) 

16. small south curve (ssc) 
17. medium south curve (msc) 
18. large south curve (lsc) 
22. small west curve (swc) 
23. medium west curve (mwc) 
24. large west curve (lwc) 

LOOPS 

25. sma l l  loop  p r e c e d i n g  ( s i p )  
26. medium loop  p r e c e d i n g ( m l p )  
27. large loop preceding (llp) 
31. small loop (sl) 
33, large loop (Ip) 

28. sma l l  l oop  a f t e r  ( s l a )  
29. medium loop  a f t e r  (mla) 
30. l a r g e  loop  a f t e r  ( l l a )  
32. medium loop (mp) 

Fig .  5. The primitives to describe the characters. 

5 Experimental  Results  and conclusion 

The technique which has been adopted for this s tudy is combines a purely struc- 
tural  method (based on structural  primitives such as curves, lines,etc, in a similar 
manner  to which human beings describe characters geometrically) and a classifi- 
cation test using Induct machine learning. In addition, this approach is efficient 
for feature extraction and recognition. 

The system has been tested by using 15 alphabets  in the learning stage 
to generate a decision tree. We then a t t empted  to recognize characters from 



196 

seven unseen alphabets using the constructed decision tree and the rate of the 
recognition is 84promising result and clearly shows that  Induct machine learning 
technique is well suited to this type of application. 

One of the advantages of using the Induc t /RDR method is that  not only can 
the performance be improved by adding further cases to the training data, but  
potentially rules can be added by hand for any cases that  have been misclassi- 
fled. The RDR knowledge acquisition methodology depends on the same type 
of knowledge base structure as produced by Induc t /RDR to facilitate manual 
knowledge acquisition [3]. In fact using this technique a knowledge engineer is 
not required apart from initial pre-processing rules. In a medical domain an ex- 
pert  has used to RDR to build a 2000 rule expert system which is in routine use 
interpreting pathology reports, without support from a knowledge engineer [4]. 
This feature is of particular importance in the character recognition domain, 
because in fact in the cases misclassified it is generally clear to a non expert 
human what the actual character should be. In some cases however, it is not 
simply a mat ter  of identifying features in the preprocessed characters, but of 
adding further features which are obvious to the human as needing to be in- 
cluded. In further work we intend to develop an appropriate interface for both 
rules and features to be added, not so much by a hand writing analysis expert, 
but by anybody who can read the writing. The final system would use the ad- 
vantages of induction to rapidly build a fairly substantial knowledge base but 
then the advantages of individual refinements added by hand. The major chal- 
lenge in this work will be in adding further features, however it has already been 
demonstrated in a medical domain that  this can be achieved [5]. 
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