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82 BRANCHING FACTOR 

This growth rate measurement can be extended to algo
rithms whose search spaces are nonuniform trees. If d stands 
for the maximal depth reached by an algorithm A, and NA 
stands for the number of nodes generated during the search, 
then the effective branching factor, BA , can be defined by 

BA = (NA)lId (1) 

Indeed, when applied to a uniform tree, this formula gives 

( 
b )lJd 

BA = hI b (2) 

which, for large d, reduces to 

BA = b (3)" 

In general, the complexity N A may vary significantly from 
one problem instance to another and may be a complex func
tion of d. Therefore, the definition of B A is usually applied to 
the average number, lA, of nodes generated by algorithm A 
and usually invokes the limit as d ~ 00: 

(4) 

This definition extracts the basis of the dominant exponential 
term in the expression of lA (d). 

In summary, the branching factor measures the relative 
increase in average complexity due to extending the search 
depth by one extra level or, equivalently, it measures the aver
age llumb~r of branches explored by an algo:rit~ frolIl ~ typj
car-node ~of the sea:rch space (1). 

Applications 

The primary usage of the branching factor has been in compar
ing the pruning power of various game playing strategies (see 
Game playing; Game trees). Theoretical analysis of these 
strategies usually assumes uniform, b-ary game trees, 
searched to depth d, with random values assigned to nodes at 
the search frontier (1). Based on this model, it can be shown 
(2,3) that the branching factor of the alpha-beta pruning (qv) 
algorithm (as well as that of SCOUT and 88S*) is given by 

B = ~ = b3J4 (5) 
1 - ~b 

where- ~b is the unique positive root of the equation 

x b + x 1 0 (6) 

Moreover, this branching factor is the best achievable by any 
game-searching algorithm (see Alpha-beta pruning). 

Roughly speaking, a fraction of only Bib = bl/4 of the b legal 
moves available from each game position is explored by alpha
beta. Alternatively, for a given search time allotment, the 
alpha-beta pruning allows the search depth to be increased by 
a factor log bllog B = 4/3 over that of an exhaustive minimax 
search. 

Under perfect ordering of successors, alpha-beta examines 
a total of 2 bdl2 - 1 game positions, thus, 

B = b for exhaustive search. 
B = b3J4 for alpha-beta with random ordering. 
B = bl/2 for alpha-beta with perfect ordering. 

It is important to mention that the branching factor only 
captures the asymptotic growth rate of a search strategy as the 
search depth increases indefinitely; it does not reflect the size 
of nonexponential factors in led) regardless of how large they 
are. However, an exact evaluation of the average perfor
mances~of three game-searching strategies shows that the ra
tio l(d)IBd is fairly small (3); it remains below 5 over wide 
ranges of band d (b :5 20, d:5 20). 
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CADUCEUS 

An expert system for medical diagnosis (see Medical advise 
systems) developed by Jack Myers and Harry Pople at the 
University of Pittsburgh and completed in 1985. This system 
is an enhancement of INTERNIST (qv) in that it incorporates 
causal relationships in its diagnosis (see P. Szolovits (ed.), Ar
tificiallntelligence in Medicine, Westview, Boulder, CO, 1982). 
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CHARACTER RECOGNITION: THE READING OF 
TEXT BY COMPUTER 

The reading of text by computer is an AI topic that has been 
investigated for more than 25 years. An early example is the 
work of Bledsoe and Browning (1). The objective of work in 
this area is to develop the ability to convert an image (two
dimensional array of intensity values known as pixels) of text 
into a computer-interpretable form, such as ASCn code, with 
the same fluency and accuracy that a human could read the 
same material. 



 
 
Encyclopedia of Artificial Intelligence, Wiley, NY, 1987, 82-88.

CHARACTER RECOGNITION: THE READING OF TEXT BY COMPUTER 83 

Currently, the most frequently used methodology for the person when a letter is drawn. For example, an F is composed 
design of reading algorithms has the three stages illustrated of three strokes: one long vertical stroke and two short hori
in Figure 1. The image preprocessing stage determines which zontal strokes. An advantage offeature analysis is its ability 
areas of the image are text and isolates images of individual to adapt to new characters and its tolerance to noise in an 
characters within the words of the text. These character im- image. Thus, the capabilities of a human reader are captured 
ages are then passed to a character recognition algorithm that more accurately by feature analysis than by template, match
identifies one or more letters that match each one. These deci- ing. This has caused feature analysis to be proposed as a model 
sions are then passed to a contextual postprocessing algorithm for human letter recognition (4). 
that resolves ambiguities or corrects errors in the character Many feature analysis techniques have been developed and 
decisions. applied to character recognition. Most of these are examples of 

The following sections of this entry survey the character traditional pattern recognition methods and are usually suit
recognition and contextual postprocessing aspects of reading able for application to constrained domains. Some AI methodo
algorithms. The basic strategy of each area is discussed, and )ogies have been incorporated in such traditional techniques 
several notable AI approaches to each one are presented. An [e.g., a rule-based system (5)] (see Rule-based systems). In par
analogy is developed between these methods and explanations ticular, the use of a semantic network (qv) is discussed below. 
of human reading. The large gap that exists between the per- Two additional AI approaches are also presented that have 
formance of current algorithms and human fluency is shown. utilized analogies to the human character recognition process. 
The benefits to be gained by adapting results from studies of The feature analysis technique developed by Krumme (6) is 
human reading to the development of reading algorithms are an example of a traditional solution to the character recogni
speculated about and preliminary efforts in this area are dis- :. tion problem that uses AI techniques. It uses a semantic net
cussed. work to encode knowledge about strokes. The network is also 

Character Recognition 

Character recognition techniques associate a symbolic iden
tity with the image of a character. These methods can be gen
~~IIY_5?lB:~s!fied as either template matching or feature analy
sis (see Matching) algorithms. 

Template Matching. Template matching techniques directly 
compare an input character image to a stored set of prototypes. 
The prototype that matches most closely provides recognition. 
The comparison method can be as simple as a one-to-one com
parison of the input and prototype images or as complex as a 
decision tree analysis in which only selected pixels are tested 
(2). Template matching is suitable for an application where a 
limited number of character images have to be recognized (3). 
However, it suffers from a lack of robustness because of a 
sensitivity to noise in the image and an inability to adapt to 
differences in character style. It is interesting from an AI per
spective that template matching has been ruled out as an ex
planation for human performance for similar reasons (4). 

Feature Analysis. Feature analysis techniques are more fre
quently used for character recognition. In this approach signifi
cant features are extracted from a character image and com
pared to the feature descriptions of ideal characters. The 
description that matches most closely provides recognition. A 
comparison procedure favored by several AI researchers is 
based on the size and relative placement of strokes. Strokes in 
this context are somewhat analogous to the strokes made by a 

used to direct the analysis of a character image. The Krumme 
network is made up of many types of directed arcs and nodes, 
only a small portion of which are described here. The subset 
arc s states that the node at its tail is a subset of the node at its 
head. The property arc p states that the node at its tail has the 
PE~peI1;Y at!ts head. Terminal nodes represent a primitive 
property of the image, and nonterminal nodes represent a set
theoretic property about the image. A node with outgoing s 
and p arcs represents the largest subset of the set at the head 
of the s arc with the property at the head of the p arc. A node 
with more than one outgoing s arc represents the intersection 
of the sets at the heads of the s arcs. 

Description of F. The example description of the capital F 
shown in Figure 2 illustrates these concepts. Node 2 repre
sents the subset of all the input with a major vertical line on 
the left. Note that this includes many letters such as B, D, E, 
F, H, and so on. Nodes 4 and 5 represent the strokes near the 
top and middle of the major vertical line, and node 6 repre
sents the concept that there is no other stroke near its bottom. 
Nodes 7 and 8 represent the concept that the horizontal line 
near the top of the major vertical line is on its top and to its 
right. Nodes 9 and 10 represent a similar concept for the hori
zontalline near the middle of the character. Finally, node 11 
represents F as the intersection of the sets represented by 
nodes 6, 7, 8, 9, and 10. 

This is not only a description of F but also a plan to follow 
for its recognition. The terminal node input reads a character 
image and begins recognition. The major vertical line is then 
tested for, and ifit is located, additional tests are carried out to 
locate the appropriately oriented strokes near the top and mid-

Scanning Segmented Character Code.d word 

Input 
document 

,word images decisions decisions 
~----------~ ~--------~ ~----------~ 

Image 
preprocessing 

Character 
recognition 

Contextual 
postprocessi ng 

Figure 1. Methodology of most current reading algorithms. 

ASCII, 
EBCDIC, 

etc. 



 
 
Encyclopedia of Artificial Intelligence, Wiley, NY, 1987, 82-88.

84 CHARACTER RECOGNITION: THE READING OF TEXT BY COMPUTER 

7 

11 

Clear bottom 

Figure 2. Representation ofF in the Krumme network (adapted from 
Ref. 6). 

dIe of the image. If any of these tests fail, backtracking takes 
place and the presence of primitives from other characters is 
determined. For example, in the complete system, if the major 
vertical line cannot be located, a loop, such as occurs in an 0, is 
tested for next. Advantages of this approach include its use of 
a more flexible control structure than most traditional meth
ods. Disadvantages include its application to a limited alpha
bet of only 20 uppercase letters. Although many cases of dis
torted input were recognized correctly, the robustness of this 
technique remains unclear. 

Isolated Characters. The development of an algorithm for 
the recognition of isolated characters that overcomes the con
straints of traditional techniques was pursued by the MIT re
search group composed of M. Eden and B. Blesser, among 
others. As part of this work they developed a character de
scription scheme that was based on human experiments. The 
idea behind this approach was that if the features people use to 
recognize letters are properly described and used in a charac
ter recognition algorithm, the algorithm should perform as 
well as a human. 

functional, Skeletal, and Physical Levels. Three levels of de
scription were distinguished. The abstract or functional level 
defined the essential meaning of letters in terms of a set of 
f~atures or functional attributes. These were determined by a 
procedure that included the presentation of ambiguous charac
ters to human subjects and the use of their responses to deter-

mine the functional attribute at the pivot of the ambiguity (7). 
An intermediate skeletal level provided a description that dis
tinguished characters from everything else as well as from 
characters in other families of type fonts (8). This level of 
description was implemented as a set of graphs, one for each 
character in each font family. The lowest physical level in this 
hierarchy is where actual character images were placed. 

This representational system can be used for recognition in 
several ways. Functional descriptions can be used directly if 
procedures are developed to detect the features they specify. 
This would be appropriate if it were known a priori that only 
character images (not graphics, halftones, etc.) might be pre
fJnted to a recognition system since functional descriptions 
can only distinguish one character from another. Otherwise, a 
skeletal representation would be a better choice since it can 
discriminate characters from everything else. This corre
sponds more closely to the way people read letters; however, 
its font-specific nature loses some robustness. The main ad
vantage of this line of research is its acknowledgement of the 
~omplexity of the character recognition task and the necessity 
to incorporate knowledge about human character recognition 
in algorithms. 

Knowledge Source Organization. The robustness of human 
letter recognition and its place in a more complex reading 
process that involves the syntax and semantics of an input text 
was acknowledged by Brady and Wielinga (9). They studied 
the organization of knowledge sources needed to read 
-handprinted-FORTRAN coding sheets. As part of this project 
they developed algorithms for the recognition of isolated char
acters that could utilize syntactic and semantic information 
provided by a FORTRAN reasoner. 

A stroke-based character recognition scheme similar to 
that of Krumme was implemented in an early version of this 
system. In this method strokes and relations between strokes 
were used to specify models for characters. For example, the 
model for an F shown in Figure 3 specifies that it must contain 
one vertical stroke and two horizontal strokes. One of the hori
zontal strokes must be above both the other strokes, and the 
two horizontal strokes must be to the right of the vertical 
stroke. The junctions between strokes were also specified. 
There must be an L junction between the vertical stroke aild 
one of the horizontal strokes, and there must also be a T junc
tion between the vertical stroke and the other horizontal 
stroke. 

Recognition was determined by the features specified in 
such models. The relations and junctions between strokes ap
pear to have been particularly important features. It is inter-

STROKES 3 [ V HT HB J : Vertical, Horizontal Top. and Horizontal Bottom 
·DIRECTIONS horizontal [ HT HB ] 

vertical [ V ] 

RELATIONS [ (ABOVE HT HB) 
(ABOVEHTV) 
(RIGHT HTV) 
(RIGHT HB V) J 

POSITIONS [(H-TOP HT) 
(H-MIDDLE HB) 
(V-LEFT V)J 

JUNCfIONS [ (L-JUNCTION V HT) 
(T-JUNCTION V HB) ] 

Figure 3. Brady's representation for F (adapted from Ref. 9). 
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FOR 111fT 
Figure 4. Example of handprinted FORMAT statement. 

esting that FORTRAN knowledge could be used to modify the 
search for these features. For example, if Figure 4 was input 
and a FORMAT statement was expected, an F would be sought 
in the first position. At some point in this process confirming 
evidence would be sought for the L junction at the top of the 
character. However, since this junction is not physically con
nected, additional image processing could be invoked to in
crease the length of the strokes to see if they could be con
nected. If this occurred, the junction was confirmed; otherwise 
the presence of an F was denied. 

The sensitivity of this approach and its dependence on 
many empirically determined thresholds such as how far to 
increase the length of strokes was acknowledged. An alterna- ~ 
tive representation based on a two-dimensional version of gen
eralized cylinders was proposed to better capture the charac
teristics ofletters that are used by human readers. However, it 
was not extensively described in published accounts. The im
portant point of this work is its acknowledgment of the com
plexity of reading and the necessity to use many knowledge 

-sources-tfradequately recognize-isolated characters.- On-the-
detrimental side, one knowledge source that apparently was 
not incorporated is very important to human readers. This is 
the dependencies between letters of an input vocabulary. This 
knowledge source has been extensively investigated and used 
in contextual postprocessing techniques. 

Contextual Postprocessing 

Contextual postprocessing techniques utilize a knowledge 
source one step above the level of individual characters to 
resolve ambiguities and correct errors in character recogni
tion. These methods use information about other characters 
that have been recognized in a word as well as knowledge 
about the text in which the word occurs to carry out this task. 
Typically, the knowledge about the text takes the form of a 
dictionary (a list of words that oc~ur in the text). For example, 
a character recognition algorithm may not be able to reliably 
distinguish between a u and a v in the second position of q*ote. 
A contextual postprocessing technique would determine that u 
is correct since it is very unlikely that qvote would be in an 
English language dictionary. Thus, some of the knowledge 
possessed by human readers is incorporated in such methods. 

Methods of contextual postprocessing differ in their manner 
of knowledge representation (qv). Some methods use all. ap
proximation to a dictionary that often takes the form of proba
bilities of letter transitions (10). Other approaches use an ex
act representation such as a serial representation (11), a hash 
table (12), or a graph structure (13). . 

Binary n-Grams. The method of binary n-grams is one ap
proach that uses an approximate representation (14). In this 
method a set of n-dimensional binary arrays represents a dic
tionary. Each of the dimensions can take on one of m values, 
where m is the number of letters in the alphabet, and the 

binary data in the matrix indicates whether or not the letter 
combination that specifies its location occurs in the dictionary. 
A 1 (logical true value) indicates the occurrence of the letter 
combination, and a 0 (logical false value) indicates its nonoc
currence. Typically other n values (position indices) are associ
ated with each array. These tell the positions in which the 
letter combinations occur within dictionary words. . 

This method can be used to detect as well as correct errors 
in the output of a character recognition algorithm. Many error 
types can be handled by this approach; however, only the sub
stitution of one character for another is described here since 
this is the most common error in character recognition. A word 
is considered correct only if the intersection of all its appropri-

"ate n-gram entries is nonzero. Otherwise, it must contain an 
error. The position of the error is determined by intersecting 
the sets of position indices that returned zero in the detection 
phase. If there is only a single position in this intersection, it 
contains the error. Vectors from all the arrays that involve 
that position, given that the other positions are correct, are 
then intersected. If there is only a single letter in that inter
section, it can be substituted in the error position to produce a 
word that is acceptable to the n-gram arrays. 

An example illustrates these points. Figure 5 shows a dic
tionary of the three three-letter words {cat, cot, tot}. The three 
binary digram (n = 2) arrays for this dictionary are also 
shown. 

If a character recognition technique outputs the string coo, 
Clerectionofthe error would be done by 

d1,2(C, 0) n d 1,3(C, 0) n d2,3(O, 0) 

This would return 0 from both d1,s and d2,s. Since the intersec
tion of {I, 3} and {2, 3} yields {3}, correction is done by inter
secting the vectors: 

d1,s(c, *) n d2,s(o, *) 

The resulting vector has only one nonzero element, corre
sponding to a t. Therefore coo is corrected to cot. 

This short example illustrates several of the advantages 
and disadvantages of this method. The computations to locate 
and correct errors are relatively simple and involve only bi
nary comparisons. Hence they can be economically imple
mented. However, the potential storage costs are also appar
ent by observation of the sparseness of the arrays. This is a 
major weakness of this method as discussed in Ref. ~5, where 
the binary n-gram technique is compared to an approach that 
uses an approximate statistical representation of a dictionary. 
The binary n-gram method is shown to be good for error detec
tion; however, the statistical approach is better for error cor
rection especially because of the large amount of memory 

dictionary: { cat, cot, tot} 

a c 0 a c 0 a c 0 

a 0 0 0 0 a 0 0 0 0 a 0 0 0 1 
c 1 0 1 0 c 0 0 0 1 c 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
t 0 0 1 0 t 0 0 0 t 0 0 0 0 

d1.2 d1,3 d2• 3 

Figure 5. Example dictionary and its representation by binary di-
gram arrays. 
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needed to yield good correction performance with the binary 
n-gram method. 

OVA. The dictionary viterbi algorithm (DVA) is a contex
tual postprocessing technique that uses an exact representa
tion for a dictionary (see Viterbi algorithm). A graph of letter 
alternatives produced by a character recognition algorithm is 
first set up. An example of such a graph is shown in Figure 6. 
The string tof at the top of the graph is assumed to be input 
from a character recognition algorithm and {a, c, 0, t} is the 
alphabet of the source text. Each node is labeled with a letter 
of the alphabet and has a cost associated with it that is the 
probability that the letter on the node is confused with the 
corresponding letter of the input word. Each arc in the graph$ 
also has a cost associated with it that is the probability that 
the letter at its head follows the letter at its tail in the source 
text. 

A path is traced through this graph in a left-to-right man
ner one column at a time. The costs of all the ways of reaching 
a node from nodes in the previous column are computed, and 
only the partial path with the best cost is retained. Each time 
the cost of an arc is evaluated, the presence in the dictionary of 
the substring composed of the letters on the path from the 
beginning of the graph to the node at the head of the arc is 
determined. If it does not occur in the dictionary, this partial 
path is discarded from future consideration. This evaluation 
process is performed once for every node in the graph of alter
natives. The-letters on the best path from the first node to the 
last node are output. 

Trie. The simultaneous searching of the graph of alterna
tives and the dictionary is done with a data structure for the 
dictionary known as a trie. An example trie for the dictionary 
{cat, cot, tot} is shown in Figure 7. If the graph of alternatives 
shown in the previous figure was evaluated with this trie, only 
the c and t nodes in the first column would be considered since 
these are the only two letters at the first level of the trie. At 
the next step only one path to each of the a and 0 nodes in the 
second column would be retained. These partial paths would 
most likely be ca and to. At the next step, only cat and tot 
would be considered because of the absence of any other paths 
in the trie. Most probably tot would be output because it is 
most like the input. 

The DV A, as other techniques that use an exact representa
tion for a dictionary, is more accurate than methods that use 
an approximate representation. It is shown in Ref. 13 that its 
performance is better than a similar technique that uses an 
approximation. However, methods based on exact representa-

o f 

Figure 6. Example graph of alternatives for DV A. 

Figure 7. Trie representation for {cat, cot, tot}. 

tions incur additional processing costs. The acceptability of 
these costs should be determined by the application and the 
need for improved performance. 

Applications 

Reading technology has many examples of practical applica
tions in the marketplace. Small desk-top character readers 
that cost about $10,000 each and can typically recognize up to 
six fonts have recently been appearing in offices. The Kurzweil 
Corporation manufactures medium-sized character readers 
that cost about $35,000 each but can recognize a wide range of 
character fonts (16). The United States and other countries 
have recently installed large postal address-reading machines 
that-costabout-$500,000 each; however, they must meet more 
stringent performance requirements than most other charac
ter readers (17). 

The performance of all these machines is controlled by 
many constraints. Deviations from these constraints can cause 
a large .deterioration in performance (18). In most cases indi;. 
vidual characters must not touch one another, and text must 
be clearly printed in dark ink on a lightly colored background 
(19). In some units the location of individual characters must 
fall within pre specified limits. Such constraints are present 
even in products manufactured by the Kurzweil Corporation. 
Even these machines require that characters be unsmudged 
and that adjacent characters not touch one another. Further
more, although the ability to read many different fonts is 
claimed for the Kurzweil Data Entry Machine, this capability 
is achieved by requiring an operator to train the machine on 
new fonts. This constraint frequently causes the machine to 
misrecognize text printed in a font that it has not previously 
seen (20). . 

The mere presence of such constraints in even the most 
sophisticated reading machines illustrates that the ability to 
read text automatically with the same fluency as a human 
remains an unachieved goal. This is further evidenced by the 
performance of portal address-reading machines that have 
been the subject of much research and development and are 
designed to read relatively unconstrained text. These ma
chines can correctly read over 90% of the addresses that ap- . 
pear on machine-printed first-class mail. However, they can 
only read about 34% of the addresses on mail from collection 
boxes. Overall, 62% of the addresses on mail processed by 
postal reading machines are correctly recognized (21). These 
percentages are base'd on mail samples that were readable by a 
human operator. This shows that even the most expensive 
commercial equipment is not nearly as fluent as a human 
reader. Obviously mu,ch work is needed if a program is to 
reach levels of human competence. 
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Conclusions 

Levels of performance comparable to human capabilities are 
thus unachieved. Although some notable efforts exist (dis
cussed above) for studying the human process of character 
recognition and applying the results of those studies to the 
analogous machine process, no such effort has been carried out 
at the word level. The potential success of this approach is 
clear when the basic strategy of current algorithms is com
pared to explanations of human performance in word recogni
tion. The recognition of individual characters followed by 
postprocessing with a dictionary as an explanation for human 
performance was rejected in 1886 (22). Although some inter
esting similarities exist between the relaxation-based word 
recognition system of Hayes (23) and the contemporary theory 
of word perception proposed by McClelland and Rummelhart 
(24), the algorithm is different from the theory in essential 
places. The development of a synergism between algorithms 
and theories is essential if algorithms are to reach levels of 
human competence. 

A preliminary study of word perception by human and com- " 
puter was carried out by Brady (25). He used a computational 
simulation of human early visual processing to show that pre
vious psychological results that were attributed to higher level 
processing could in fact be accounted for by visual processing. 
He also speculated on the importance of such an investigation 
to the development of an understanding of human and ma
chine reading. 

--The reIatlonship between the shape of words and their rec
ognition by humans and computers has been investigated (26). 
Word shape (the pattern of ascenders, descenders, and normal
height characters in a lowercase word) is a visual cue that has 
been known for many years to be useful for word recognition 
by humans. Several alternative representations for word 
shape are looked into, and a representation is found that pro
duces a small search space in a large dictionary. This repre
sentation is based on features that can be reliably extracted 
from word images and does not require the segmentation of 
words into characters. This avoids the major pitfall of current 
reading algorithms and more closely reflects the way visual 
information is used in the early stages of word recognition by 
humans. 

These efforts are just the beginning of what is needed to 
develop a fluent reading ability for computers. The back
ground material discussed in this article points out the great 
amount of effort already expended in the development of read
ing algorithms and shows several notable approaches suitable 
for application to limited domains. However, the many con
straints imposed on implementations of these techniques and 
their lack of demonstrable general-purpose performance illus
trates a large gap between human and machine reading capa
bilities. Only if further efforts are made to apply results from 
studies of human reading to the design of algorithms will this 
gap be bridged. 
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element of chance. The presence of clear rules and goals makes 
it a game of strategy. Also, the game is one of perfect informa
tion in the sense that at any given time both players have 
complete knowledge of all the previous moves and the current 
board situation. Finally, the outcome of a game is either a win 
for one of the two players and a loss for the other or: a draw: 
Checkers is therefore a zero-sum game. 

G. Nagy, Optical Character Recognition: Theory and Practice, in P. R. Like most other game-playing programs all known pro-
Krishnaiah and L. N. Kanal (eds.), Handbook of Statistics, Vol. 2, grams for playing checkers search a game tree (qv), an exam. 
pp. 621-649, 1982, is a survey of statistical feature analysis tech-

• .c. h t 't' pIe of which is shown in Figure 1. In such a tree nodes corre-mques lor c arac er recogni IOn. . . 
, . . .. .. spond to board POSItIOns and branches correspond to moves. 
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application to isolated word recognition," Acta Poly tech. Scand. e roo no e rep~es~n s e. oa P~SI Ion om w c e 
Ma 38 1-92 (1983) contains a brief survey of methods for contex- .JI player whose turn It IS to play IS reqUIred to make a move. A 
tual p~stprocessing and an exhaustive bibliography. node is at ply (or depth) k if it is at a distanc~ of k branches 
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the reading of text by computer. Twenty basic papers and an ex
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handprinted characters-the state of the art," Proc. IEEE 68(4)," 
469-487 (April 1980) is a survey of techniques developed for the 
recognition of isolated handprinted characters. 
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Press, Orlando, FL, 1983, is an overview of research about human 
reading .. Contains a comprehensive bibliography. 
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pp._19_7::-::236, 1982, is.a general overview of character recognition 
techniques oriented toward practical applications. A comprehen
sive bibliography including many U.S. and U.K. patents is given. 

from the root. A node at ply k, which has branches leaving it 
and entering nodes at ply k + 1, is called a nonterminal node; 
otherwise the node is terminal. A nonterminal node at ply k is 
connected by branches to its offspring at ply k + 1. Thus, the 
offspring of the root represent positions reached by moves from 
the initial board; offspring of these represent positions reached 
by the opponent's replies; offspring of these represent positions 
reached by replies to the replies, and so on. The number of 
branches leaving a nonterminal node is the fan-out of that 
node. The term branching factor (qv) is used to denote the 
average fan-out for a given tree over all nonterminal nodes. 

A complete game tree represents all possible plays of the 
game. Each path from the root to a terminal node corresponds 
toa~c6mplete game with the terminal nodes representing a 
win, loss, or draw. It has been estimated that a complete game 
tree of checkers contains approximately 1040 nonterminal 
nodes (3). Assuming that a program is capable of generating 3 

~~Y~~~UffalO billion (109) such nodes per second, it would still require in the 
vicinity of 1021 centuries in order to generate the whole tree. 
Instead, checkers-playing programs, like programs for playing 

CHECKERS-PLA VI NG PROGRAMS 

Game-Playing Programs 

Programming computers to play games is one of the earliest 
areas of AI research (1,2). As it did in the past, it continues 
today to attract workers for a number of reasons. The first and 
most obvious of these is that the ability to play complex games 
appears to be the province of the human intellect. It i~ there
fore challenging to write programs that match or sutiass the 
skills humans have in planning (qv), reasoning, and choosing 
among several options in order to reach their goal. Another 
motivation for this research is that the techniques developed 
while programming computers to play games may be used to 
solve other complex problems in real life, for which games 
serve as models. Finally, games provide researchers in AI in 
particular and computer science in general with a medium for 
testing their theories on various topics ranging from knowl
edge representation (qv) and the process of learning (qv) to 
searching algorithms (see Search) and parallel processhig. The 
game of checkers was one of the first for which a program was 
written. This entry describes the early and important work of 
Samuel (3,4) as well as more recent efforts by Griffith (5) and 
Akl and Doran (6) (see also Game playing). 

The Game of Checkers 

Checkers is an old board game believed to have originated in 
ancient Egypt (7). It is played by two persons and involves no 

most other similarly challenging games, search an incomplete 
tree. The depth of such a tree is limited and, in addition, it is 
often the case that not all paths are explored. In an incomplete 
tree terminal nodes are those appearing at some predefined 
ply k or less and do not necessarily represent positions for 
which the game ends. A static evaluation function is used to 
assign a value to each of the positions represented by terminal 

D player I 

o player 2 

ply 0 

ply I 

ply 2 

ply 3 

Figure 1. A game tree: P, Q, and R are board positions. Number 9 is 
the value of the alpha-beta search of position P. 
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