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Abstract. VariOllS aspects of using language-level syntactic and semantic cOUM
straints to improve the performance of word recognition algorithms are dis~
cussed, Following a brief presentation of a hypothesis generation model for
handwritten word recognition, various types of languageMlevel constraints are
reviewed, Methods that exploit these characteristics are discussed including
intraMdocument word correlation, common vocabularies, partMof-speech tag COM
occurrence, structural parsing with a chart data structure. and semantic biasing
with a thesaurus.

1. Introduction
Information above the level of individual words can significantly improve the
performance of algorithms that transform images of text into their AScn
equivalent This area of research uses algorithms and techniques from graphical
text layout, infonnaqon .retrieval, and natural language processing, to modify
recognition decisiops so that they are consistent with the contextual infomiation
provided by a coherent passage of' text.
"
The paradigm for handwriting recognition assumed by the technlques
presented in this paper is shown in Figure l. Word images segmented from a
passage of text are passed to a word recognition algorithm that computes a
ranked set of n hypotheses or potential word decisions that are chosen from a
dictionary. Referred to as the neighborhood of the word,' this hypothesis set
should rank the correct decision at the top position as often as pOssible. In cases
where the most highly rmlked choice is not the correct decision, it should appear
somewhere in the neighborhood. The word recognition algorithm can use a comM
bination of isolated character recognition, postprocessing of the character deciM
sions versus the dictionary, and wholistic word recognition [12]. The methods
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for language-level analysis discussed in this paper utilize global contextual information extracted from the entire document to improve the performance of the
word recognition technique.

Five contextual constraints that are useful for improving the performance of a
text recognition algorithm are discussed in this paper. Graphical constraints
refer to the context between words within a document prepared by a single
writer. The consistency of physical writing style within a document allows' for
the determination of clusters of equivalent word images. The clusters are then
mapped onto language statistics and function words (short, frequently occurring·
words such as the, of, and, a, and to.) are recognized. Also, clusters are located
that contain potential keywords or content words that indicate the topic of the
passage of text. This method improves performance by recogriizing function
words with high confidence. Also, clusters of potential content words are used to
generate feature representations that improve their recognition performance.

The definition of improved performance in word recognition has many
aspects. The most basic is an overall improvement in correct rate. ie., rearranging the neighborhood so that the top decision is correct more often. Also,
a reduction in the size of the neighborhood improves performance as 10000g as an
error is not introduced. This happens when the correct word is removed.
Another important aspect of improving performance is determining a subset of
words from the input document that have a higher probability of correctness than
that provided by the recognition algorithm. Such a subset of high confidence
decisions can be used as "islands" to drive further processing of the other neighborhoods.
Many techniques have been used to improve the performance of text recognition algorithms. Baird used the semantics of chess to select a sequence of character decisions that produced a legal series of chess moves [1]. The simultaneous use of character transitional probabilities and word collocation statistics has
also been addressed [16]. Natural language information, including orthographic
constraints. syntactic and semantic knowledge have been discussed [5].
Language-level syntactic knowledge is also an important part of many
approaches to speech recognition [27]. Several methods have been used that
incorporate syntactic information including probabilities [25], and chart

parsing [3.26],
dictionary

dW1, dW2, .. " dWN
word
images
•.. Wi-1, Wi, Wi+1 ...

~

neighborhood
dWi1, dWi2, ... , dWin

word
recognition

Figure 1. Paradigm for text recognition.

Vocabulary constraints are the commonality between the words used by
authors when writing a passage of text about a specific topic. These constraints
narrow the gap between the large dictionary that is needed for general purpose
word recognition (on the order of 100,000 or more words) and the limited vocabulary that may be used in a given document (maybe as few as 200 to 500).
Techniques from information retrieval are used to match the neighborhoods of
word decisions calculated from an image to AScn documents in a free-text database. The vocabularies from the most similar documents are used to locate a
subset of word decisions that are correct with high confidence.
Statistical constraints quantify the predictive ability of words or other grammatical characteristics in a text passage. The most common of these are word
collocation data. Another technique is to use the information given by the partof-speech tag (e.g., noun. verb, etc.) for a word to constrain adjacent part-ofspeech tags. Only word decisions with those tags are "legal" in the given context. This technique improves the overall performance of a word recognition
algorithm by removing words from neighborhoods that do not have the estimated
grammatical characteristic.
Structural-syntac./ic ,coIlStraints refer to the information provided by a full
parse for a senteDfe. Typically calculated by a structural method such as a chart
parser. the parse for a sentence expresses syntactic information from several,..contiguaus words. A modified chart parser that operates directly on the neighborhoods provided by a word recognition algorithm can choose decisions from the
neighborhoods that are consistent with the entire sentence_ This technique
improves text recognition performance by choosing the single best decision for
each word. Modifications that use multiple parses to increase the number of
choices for each word are also possible.
Structural-semantic constraints refer to the "glue" that binds together words
within a document Because of the commonality of theme within a coherent
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passage. it has been observed that groups of words can be identified that are
about the same subject. For example. a passage of text about a river is likely to
contain the words water, boat, dock, bank, and so on. The semantic relationship
between words can be calculated from a data structure such as a thesaurus. This
information is used to improve the performance of a text recognition algorithm
by constraining decisions for selected words to be similar in topic.
The rest of this paper discusses each of the categories mentioned above in
more detail. Example algorithms are given and the ability of those techniques to
improve text recognition is discussed.

The accurate recognition of both function and content words is essential in a
text reCognition system. The syntactic information provided by function words
can be used to constrain the choices for nearby words. Because of their importance for document classification and subsequent information retrieval processes,
coutent words must also be correctly recognized.

2. Graphical Constraints

The consistency of writing style within a handwritten document is a valuable
source of information that can improve recognition performance. Given a document written by a single person. the commonality of appearance between images
of the same word can allow for the determination that two images are equivalent.
That is. they represent the same word.
Statistics about the frequency of word occurrence within documents are a
valuable constraint on the repetition of distinct words. This has been used for
solving substitution ciphers and OCR processes [20]. Two especially useful
word occurrence characteristics are the frequency of junction words and the internal frequency of content words within a document.
Function words are short determiners or prepositions that supply syntactic
information about nearby words. For example. over 75 percent of the words that
follow a determiner are either common nouns or adjectives. Examples of function words include the, oJ, and, a, and to. In fact. these five words as well as the
other five most common function words account for about 23 percent of the word
tokens in the over one million words of running text known as the Brown
COlJlus [18].

Content weirds are usually nouns that convey informatiOn about the topic Of
an article. Often. the same content words recur several times within an article.
This effect is utilized in document classification and information retrieval teChniques that select keywords based on their frequency. Often the first step in
locating a keyword (index term) is to discard the most frequent words. which
tend to be function words. and choose the words from the remaining set that
have high internal frequency within the document [24]. These methoos have
also been extended to phrasal indexitig that uses repeated groups of words to
improve the effectiveness of dOCllIi:tent classification.

An algorithm has been proposed that uses information about the repetition of
words within a document to improve the recognition of both function and content
words [17]. Clusters of equivalent word images are determined by matching
images to one another and improved prototypes are generated for the words in a
cluster by using inter-image redundancy to eliminate noise. Function words are
then recognized by a combination of intra-cluster and inter-cluster statistical
characteristics as w.ell as matching to stored prototypes.
Advantages of the technique include its limited use of an explicit recognition
algorithm. The basic operation of word image matching implies that relatively
high noise levels can be tolerated. Touching. broken. or degraded characters that
would render typical recognition algorithms useless are easily compensated for
by inter-word redundancy.
Figure 2 outlines the steps of the word image matching algorithm. Word
images from an entire sample of text are segmented. and sent to a clustering
algorithm sequentially. The algorithm iteratively groups the images into clusters
of equivalent words. The ideal result is a number of clusters. each containing all
the occurrences of a specific word in the document.
Several operations are then performed on the resu16ng word image clusters.

Cluster identification refers to the process of identifying the word contained in a
given cluster. possibly without direct recognition of the word images. This is
done by using both language statistics and cluster properties. This method of
identifying the content of clusters is more effective with clusters containing the
function words because their frequency of occurrence in the language is more
likely to match their frequency of occurrence in a document.
The clusters cOntaining potential content words are located by inspecting the
number of words in each cluster and the lengths of those words. Using the
redundancy between images in these clusters. improved (less noisy) prototypes
for the content words are generated. A word recognition algorithm (not
described here) could then be applied to the improved prototypes to yield better
performance than would be possible on the individual images.

This technique has been successfully applied to machine-printed documents.
Over 95 percent of the function words in a set of documents were recognized and
93 percent of the important keywords were located [17]. These experiments
were conducted on documents that exhibited moderate to extreme noise.
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Figure 2. Word image matching algorithm.

The extension of this and other techniques that use graphical context to
handwritten documents would depend on the success of the algorithm that determines whether two words are equivalent. This poses an interesting·problem for
future research. An important cOnsideration would be whether on-line or off-line
samples would be used.

3. Vocabulary Similarity
Word recognition algorithms utilize the dictionary directly in the recognition process, effectively employing word-level context in processing image data.
Representations for words from a dictionary are matched to word images in
documents. The result is a ranking of the dictionary for each word image where
words that are ranked closer to the top have a higher probability of being correct.
A consideration in using word recognition is that a large dictionary (on the order
of 100,000 or more words) may be needed to guarantee that almost any word
that could be encountered in an input document would exist in the dictionary.
Errors in the output of a word recognition system can be caused by several
sources. When a noisy document image is input, the top choice of a word recognition system may only be correct a relatively small proportion of the time.

However, the ranking of the dictionary may include the correct choice among its
top N guesses (N=lO. for example) in nearly 100 percent of the cases.
An observation about context beyond the individual word level that is used
here concerns the vocabulary of a document. Even though the vocabulary over
which word recognition is computed may contain 100,000 or more words. a typical document may actually use fewer than 500 different words. Thus. higher
accuracy in word recognition is bound to result if the vocabulary of a document
could be predicted and the decisions of a word recognition algorithm were
selected only from that limited set.
A technique has recently been proposed in which the N best recognition
choices for each word are used in a probabilistic model for information retrieval
to locate a set of similar documents in a database [15]. The vocabulary of those
documents is then used to select the recognition. decisions from the word. recognition system. that have a high probability of correctness. A useful side effect of
matching word recognition results to documents from a database is that the topic
of the input document is indicated by the titles of the matching documents from
the database.

3.1. Algorithm Description

The algorithmic framework discussed in this paper is presented in Figure 3.
Word images from a document are input. Those images are passed to a word
recognition algorithm. that matches them to entries in a large dictionary. Neighborhoods or groups of words from the dictionary are computed for each input
image. The neighborhoods contain words that are visually similar to the input
word images.
A matching algorithm is then executed on the word recognition neighborhoods. A ~ubset of the documents in a pre-classified database of ASCII text
samples are located that have. similar topics to the input document. The
hypothesis is that those documents should also share a significant portion. of'their
vocabulary with the input document.
.
Entries in the neighborhoods are selected based on their appearance in the
matching documents. The output of the algorithm are words that have an
improved probability of being correct based on their joint appearance in both the
word recognition neighborhoods as well as the matching documents. These are
words that are both visually similar to the input and are in the vocabulary of the
documents with similar topics.
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large dictionary:
100,000+ words

An alternate formulation is to replace the binary values by weights that
represeilt the importance of the corresponding word or phrase in representing the
content of the document. One method for calculating the weight assigned to
word k in document i is:

tfik

w"
word recognition
neighborhoods

~ L(tf"

document
database

log (

.!!.n, )

)2[log

(1)

(J:!... )]2
nk

k .. l

where, tfik is the frequency of term k in document i. nk is the number of docu~
ments in the database that contain term k, and N is the total number of docu~
ments in the database.

This formulation assigns higher weights to terms that occur frequently inside
a document but less frequently in other documents. This is based on the assump~
tion that those terms should be more important for representing the content of the
document Thus. the co-occurrence of terms with high weights in two documents should indicate that their topics are similar.

word
decisions

Figure 3. Vocabulary matching algorithm.

The direct use of the weight calculation expressed in equation (1) would
assume the presence of a word recognition system with 100 percent accuracy. A
mOdification is proposed in calculating the term frequenCy for a word in an input
document that accounts for the imprecision in the recognition results. Instead of
accumulating a unit weight for each occurrence of a word. the term frequency for
a word is taken as the sum of the probabilities assigned to that word by the
recognition algorithm.
The calculation of the external frequency of words in other documents in the
database is unchanged since their true AScn representation exists.
3.3. Similarity C~Ic'ulanon

3.2. Document Matching Algorithm
The matching algorithm that determines the documents in the database that are
most similar to the input is based on the vector space model for information
retrieval [23]. In this appr9ach, a document is represented by a vector of index
terms or keywords. The similarity between a query and a document or between
two documents is calculated by the inner product of the term vectors where each
entry in the vectors is equal to one if the corresponding term is present and zero
otherwise.

"
The similarity between two documents i and j. as mentioned above. can be calculated as the inner product between their weight vectors:

,

sim (Di ,Dj

)

=

,EWik

k.'

• Wjk

for the t index terms that occur in either one or both of the documents.
In the application discussed here. the index terms in an AScn document are
calculated from the non-stop words and non-proper nouns. Stop words OCClU" fre~
quently in a normal text passage and convey little meaning. Proper nouns are
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names of specific persons, places. or things. Every other word is assumed to be
an "index term" for the purpose of matching.
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3.4. Experimental Results

Table 1. Ten most similar samples to G02
ronk

The word decision selection algorithm discussed above was demonstrated on the .
Brown corpus [18]. The Brown corpus is a collection of over one million words
of running text that is divided into 500 samples of approximately 2000 words
each. The samples were selected from 15 subject categories or genres and the
number of samples in each genre was set to be representative of the amount of
text in that subject area at the time the corpus was compiled.
One of the samples in the Brown corpus was selected as a test document to
demonstrate the algorithm discussed above. This sample is denoted G02 (the
second sample from genre G: Belles Lettres) and is an article entitled Toward a
Concept of National Responsibility, by Arthur S. :Miller that appeared in the
December. 1961 edition of the Yale Review.
There are 2047 words in the running text of G02. After removing stop words
and proper nouns, there were 885 words left. Neighborhoods were generated for
those words_ by a simulation of a word recognition algorithm that used the 53,000
unique words from the entire Brown corpus as its dictionary.
The ten most visually similar dictionary words were calculated for each input
word. This provided 8850 neighbors overalL The word shape calculation had
performance of 87 percent correct in the top choice and 99 percent correct in the
top ten choices.

The training data for the matching process and the word decision selection
algorithm was the other 499 samples in the Brown corpus besides G02. The
document matching algorithm described earlier was used to rank the other 499
samples for their similarity to 002.
The ten most similar samples in the Brown corpus, as determined by the
matching algorithm, are listed in Table 1. It is interesting to observe how similar
their titles are to that of G02. For example, the most similar sample is J42
whose title is The Political Foundation of International Law. This group of
similar articles illustrates the side-effect of the matching algorithm since it essen
tially classifies the content of a document by indicating the samples that it is
most similar to. The effectiveness of the dcx;ument classification task could be
improved by applying further' preprocessing to the text samples in the database.
More detailed representations of the database dcx;uments could be used in a more
complex classification algorithm.
w

2
3
4

5
6
7
9
lO

sarnE!e
142

'22
025
H02
H2O
072
035
HZ2
HI9
OlO

title
The Political Foundation of International Law
The Emerging Nations
The Restoration of Tradition
An Act for International Development
Development Program for the National Foresls
For a Concert of Free Nations
Peace with Justice
U.S. Treaties and Other International Agreements
Peace ColJlS Fact Book
How !he Civll War Kept you Sovereign

3.5. Word Decision Selection Results
The ability of the most similar samples determined by the matching procedure to
select the correct word decisions from the neighborhoods was tested. The top
choices of the recognition algorithm were filtered by comparing them to the most
similar samples and retaining the words that occurred in those samples. The
three selection criteria that were tested included overall performance in which all
the top recognition cho~es in G02 that occurred anywhere in the similar samples
were retained.
The G02-nouns condition refers to the case where only the top choices for
the noUns in G02 d;mt matched any of the nouns in the similar samples were
retained. The ap.\?lication of this selection criteria in a working system would
assume the presence of a part-of-speech (POS) tagging algorithm that would
assign POS tags to word images.
In the matching-nouns condition. only the nouns in the similar samples were
used to filter the top recognition choices. This case was explored because the
nouns may be considered to carry more information about the content of a text
passage than verbs or words with other parts of speech.. Thus, the co-occurrence
of nouns in two documents about similar topics should be due less to chance
than other word types.
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The results of word decision selection when applied to the original word
recognition output (with 13% ellOl' at the top choice) are summarized in Table 2.
When all the words in the most similar sample (J42) were matched to the top
recognition deCisions for G02 (top left entry in Table 2), it was discovered that
251 of those top decisions also occurred in 142. Of those. only nine words were
erroneous matches. This corresponds to an error rate of about four percent. In
other words. the correct rate for 28 peICent of the input words was raised to 96
percent from the 87 percent provided by the word recognition algorithm alone.

The other results show that as more of the similar samples are used to filter
the word recognition output. a progressively higher percentage of the eligible
neighborhoods are included and the correct rate remains stable. For example. in
the overall condition using the four most similar samples, 441 of the 885 (50%)
input words were effectively recognized with a correct rate of 97.2 percent. The
results for the G02-nouns matching condition show that up to 26 percent of the
input can be recognized with a 99.16 percent correct rate. In the nouns-matching
condition. 29 percent of the input words can be recognized with a 97 percent
correct rate.

Table 2. Word selection performance on the 885 neighborhoods.
decision selection criteria

samples

=d
1
2
3
4
5
6
7
8
9
10

overall
om
matches
251
9
345
11
393
12
12
441
451
12
459
13
474
16
483
16
16
498
526
22

corr.%
96
97
97
97
98
97
97
97
97
96

G02-nouns
om corr.%
2
98

matches
130
177
199
229
234
248
254
254
261
300

2
2
2
2
2
3
3
3
4

99
99
99
99
99
99
99
99
99

nouns"matching
om
corr.%

matches
187
206
241
257
258
272
280
284
288
2%

6
6
6
8
9
9
11
11
11
12

97
97
98
97
97
96
96
96
96
96

4. Statistical Constraints
The statistical transitions between pairs of words are one source of syntactic
information that have been used to improve word recognition [10]. Alternatives
for the identification of a word were removed from consideration if they never
followed the previous word in a large training sample of text. Even though this
technique improved performance. it was computationally unacceptable as the
transitions were difficult to estimate with even very large samples of text.
An improvement on word-to-word transitions was to model language syntax
with binary constraints between a group of words with the same shape and'the
syntactic classes that could follow them [11]. The constraints were compiled
from a training ·text and applied to restrict the decisions for the syntactic class of
a word to be consistent with the shape of the previous word. Even this limited
binary information was shown to be effective at reducing the average number of
words that could match any image by about 16 percent on average with an error
rate of about one percent. An error occurred when a word was erroneously
removed from consideration.

This section discusses an algorithm that models English grammar as a Markov process where the probability of observing any syntactic category is depen~
dent on the syntactic category of the previous word or words [14]. This model
is applied to text recognition by first using a word recognition algorithm to supply a number of alternatives for the identity of each word. The syntactic
categories of the alternatives for the words in a sentence are then input to a
modified Viterbi algorithm that determines the sequences of syntactic categories
that best match the input. An alternative for a word decision is output only if its
syntactic category is included ,in at least one of these sequences. The Markov
model improves word recognition performance if the number of alternatives for a
word are reduced without removing the correct choice.

4.1. Syntax Model

"

The syntax of a sentence is summarized as the sequence of grammatical
categories for each of its words. There are several ways to define the grammatical categories. The part~of~speech CPOS) tags assigned to each word are one
definition. For example, in the sentence "He was at work.". He is a pronoun.
was is a verb. at is a preposition. and work is a noun.
Since the appearance of a grammatical category probabilistically constrains
the categories that can follow it. a Markov model is a natural representation for
syntax [19]. An example of such a constraint are the probabilities that certain
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POS tags follow an article in a large sample of text. The word following an arti·
de is a singular or mass noun in 51 percent of all cases and is an adjective 20
percent of the time. The other 29 percent of occurrences are scattered over 82
other syntactic classes [7].

The estimation of the sequence of states with the maximum a-posterior probability of occurrence is efficiently performed by the Viterbi algorithm [6]. The
adaptation of the Viterbi algorithm to this problem is similar to its use in postprocessing character decisions [9]. The Viterbi algorithm has also been successfully used for speech recognition [2}.

A hidden Markov model (HMM) can be specified that links ilie recognition
process described earlier and a Markov model for language syntax [21]. The
grammatical categories in the English language are assumed to be the N states of

a discrete

rlh

order Markov process. The states are defined to be P~S tags.

Many words can be assigned one POS tag and a relatively small number (typically 25 to 100) ofPOS tags have been used for English.
In the word recognition algorithm. the states are "hidden" because they are
not observable at run-time. Rather. the feature vector that describes a word
image is the observable event. The number of such feature vectors is finite and

provides a fixed number of observation symbols.
The transition from one state to another is described by a state transition probability distribution. IT the Markov process is assumed to be first order, this distribution can be given by an N X N matrix. A second order assumption would
imply the use of an N x N x N probability distribution matrix.
There is also a probabilistic mapping function from the set of observations
onto the set of states. Each observation is first mapped onto a set of words by
the neighborhood generation or word recognition algorithm. Each word is
assigned a probability of correctness by this process. Those words are then
mapped onto the set of POS tags by a many-to-one function. The probability of
an observation given that the process is in a specific state is provided by a combination of the recognition and word-to-state mapping probabilities. This is
sometimes referred to as the confusion probability.
There are also initial and final state distributions that specify the probability
that the model is in each state for the first and last words in a sentence. These
constraints can be powerful. For example. it has been observed in a sample of
newspaper reportage that the first word in a sentence is an article or a proper
noun wiili probability 0.31 and 0.14, respectively, The oilier 55 percent is
divided among 24 other classes.
The HMM: is completely specified by the five elements just described (states.
observation symbols. state transition probabilities. observation symbol probabilities. and initial probabilities). The HMM: is applied to word recognition by
estimating the sequence of states with the maximum a-posterior probability of
occrurence for a given sequence of observations (feature vectors). The performance of the word recognition algorithm is improved by reducing neighborhoods
so that they contain only words that map onto states in the estimated sequence.

4.2. Example
An example of applying the IDvllv! for syntactic constraints is shown in Figure 4.
The original input sentence is shown along the the top of the figure (HE WAS
AT WORK.), The complete neighborhoods for each word are shown below the
input words. Each word is shown along with an indication of its syntactic class
and the confusion probability for that neighborhood given the syntactic class.
The first and third words in the sentence have only one word in their neighborhoods. The second neighborhood contains eight different words. two of which
have different syntactic classes. The fourth neighborhood contains six different
words. one of which has three different syntl!.ctic tags.

The transition probabilities are shown along the arcs. It is seen that some
transitions. such as PPS-NNS (third person nominative pronoun followed by a
plural noun) never occrured in the training text and hence have a probability of
zero. Other transitions are much more likely. such as PPS-VBD (third person
nominative pronoun foIIowed by a verb in the past tense. e.g., he ran) which bas
a probability of 0.3621.
In this case. the top choice of the Viterbi algorithm was PPS-BEDZ-IN-NP
and the second choice was PPS-BEDZ-IN-NN. In the top choice, three of the
four classes included the correct identification for each word. The correct answer
for the fourth word (NN) was only contained in the second choice of the Viterbi.

4.3. Experiment3J Investigation
Experimental tests were conducted to determine the
reduce the number of word candidates that match any
from test samples of running text. a neighborhood was
by a simulation of the word recognition process. These
by ilieHMM,

"

ability of the HM:M to
image, Given
calculated for each word
data were then processed

se:nte:nces

PeIformance was measured by calculating the average neighborhood size per
text word before and after the application of syntax. This statistic is defined as:

\
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he

was
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ANSI was reduced to 1.75. This is an overall reduction of about 44 percent in
ANSI with a zero percent error rate.

work

at
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4.4. Experimental Results
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Five state-sequences were output for each sentence by the HMM and used to
filter the neighborhoods. Both first and second-order syntactic class transition
probabilities were estimated from the remainder of the corpus.

VB.O.SS

13.3~

~

="

The HMM was -applied to,correct the text recognition results for the neighbor~
hoods generated from sample A06. A06 is a sample of newspaper reportage that
contains excerpts from the Newark Evening News of March 22, 1961.

5.'

0.'

~~7
NN.OiiI

0.'

~

Results showed that the neighborhoods could be reduced by between 70 and
80 percent with an error rate that ranged from one to five percent. The best performance was achieved with five state sequences and first order transition probabilities. Interestingly enough, using seconft order transitions had litde effect on
performance. This might be attributed- to a/lack of training data.

Q1...,0.43

S. Structural Syntactic Constraints

w,.

1 26.6

11>15.0.22

Figure 4. Example of applying the Viterbi algorithm .

N.

ANSI

N

w

1::

nSj

j ..1

where Nw is the number of words in the test sample and nSj is the nwnber of
words in the neighborhood for the jlh word in the text. The improvement in performance is measured by the percentage reduction in ANSI' The error rate was
also measured. This is the percentage of words with neighborhoods that do not
contain the correct choice after the application of syntax.
nSl = 1, n82 = 8, nS3 = 1, and
(1+8+1+6) = 4.0. After the application of both parses,

In the example presented in Figure 4. Nw is 4,
nS4

=

6. ANSI

=

i

Structural techniques that produce a complete parse (or a number of parses) for a
sentence have been used to improve the performance of speech recognition devices. Typically, such methods require that a grammar and lexicon be supplied
that summarize the syntax of the sentences of the language that will be encountered. An input sentence is then parsed and word decisions are output that
appear as terminal nodes in the parse tree{s).
Difficulties with such techniques include the need to specify a grammar that
will cover all the inStances of a language that will be encountered in practice.
Recently. statisticliI and structural approaches have been combined to overopme
some of the difficulties in extending parsing techniques to umestricreg text.
Automatic acquisition of lexical knowledge also has become a_ promising
approach for building the large-scale dictionaries needed by such tecbD.iques.
Recently, parsing techniques have been applied to correct the output of a
word-based text recognition system [8]. A probabilistic lattice was described
that used syntactic and semantic constraints to find the best candidate for each
word image.
Two types of linguistic constraint were used. One is local word collocation
in which the identity of a word is Used to predict the identity of other nearby
words [4]. Global structural constraints are exploited with a chart parsing

,;
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model. A lattice parser was used that allows for several word candidates at the
same position. and therefore can be directly applied to correcting the neighbor~
hoods output by a word recognition algorithm. The parser chooses the words on
a path through the lattice that correspond to a legal sentence with the highest

<<<S-BODY <S-BODY <NP
<NP
<NP
<VP
<VP
<S
S
S

probability of being correct. given the sentences represented in the lattice.
Given the word images from an English sentence, a word recognition algorithm generates a neighborhood for each word image; next. a relaxation pro-

cedure reduces the top-n candidates for each image to the two best candidates by
applying _word collocation information: the top-2 lists for a sentence form the
word lattice processed by the probabilistic lattice chart parser. All possible parse
trees are built from the reduced word lattice; finally, the word candidates
involved in the most preferred parse tree are selected as the correct word candidates and the most preferred parse tree is output.

5.1. Word Collocation Data

S-BODY
WH-S-BODY ?
YN-S-BODY
NP VP
S-BODY CC S-BODY

NN
NP PP
NP CC NP
VB NP
VB

Each of the rules in the grammar is associated with a confidence score which
indicates the priority of the rule in comparison to other rules. A rule with a high
score means that it is more likely to be used.
The parser is a bottom~up chart parser. A chart is a graph, that is a set of
nodes and a set of edges linking them, As a data structure, the chart provides a
general. flexible. efficient and economic framework for parsing. Every constituent
or structure derived during parsing is recorded as an edge.
There are five steps in the parser, They are:

A relaxation algorithm based on word collocation statistics is used as a filter to
reduce the top~n word candidates at each location to the into top~m. where m <n .
The basic idea of the relaxation algorithm is to use local word collocation con~
straints to select the word candidates that have stronger word collocation with
their neighbor words.

2,

Let Wi denote the word image at position i and Wij denote the jth word can~
didate for the word image Wi. where lsjsn. The word collocation score of
Wjj. where lsj sn, is

4.

sentence parsing;

5.

checking the chart to find the most preferre~ parse tree if it exists.

•
max WordCollocalionScoreOf
k .. l

(Wi-I); , Wij)

.

•

+ max WordCollocationScoreOf

'.1

(Wij • Wi+l);)

where WordCoIlocationScoreOf (word l • word 2) is the measurement of the
strength of word collocation of the word pair (word 1.word 2 ). After sorting the
word collocation scores of Wjj. for j =1. .,. ,n. the first m word candidates
with the highest word collocation scores are output.

5.2. Probabilistic Lattice Chart Parser
There are 668 rules in the CFG used in this system. For example, the following
rules are typical.

1.

3.

loading a word sequence or word lattice;
loading word tags;
noun phrase parsing;

When parsing is finished. the parser decides whether it failed by checking
whether there exists any edges with label "S", H parsing succeeds. it will print
out the parse tree represented by the_ US" edge with the highest confidence
score. If parsing fails. parse trees for fragments of the input word sequence are
output.

5.3. Experimental Results
The chart parsing model was applied to sentences from sample G02 of the
Brown corpus. A model for word recognition was used to generate neighbor~
hoods for the words in the sample, Each neighborhood contained ten words on
average and no infonnation about the confidence value for the recognition deci~
mons was used. The overall correct rate for relaxation was 86.4% and the parser
correctly selected 76.2% of the words. 1his is a significant improvement over the
ten percent correct rate that would be obtained from the neighborhoods.

'.\.
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Table 3. Thesaurus activation values after two levels of lookup
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The underlying meaning of text has been utilized in an innovative way to
improve perfonnance in a restricted domain by allowing only alternatives that
were sensible in context [1]. The use of definitional overlap in machinereadable dictionaries and word collocations as semantic representations to
improve the performance of a handwriting recognition system has also been discussed [5,221
This section discusses a technique that models the semantic relationships
between words by the network of connections in a thesaurus [13]. The thesaurus
is represented by a directed graph in which root nodes point to related words.
These words can also be root words that in turn point to other words. and so on.
This structural representation is applied to text recognition by first using a word
recognition algorithm to supply a number of alternatives for the identity of each
word. The alternative~ for the words in a passage of text are then recursively
looked up in the thesaurus. Counters associated with each thesaurus word are
incremented when the words are encountered in the lookup process. Semantically related alternatives in the neighborhoods from a passage of text are thus
reinforced and unrelated words are suppressed. A threshold is applied to the
scores to remove unrelated words from neighborhoods.

RANGE

3423
2360

TLRN

1985

SPACE

1790
1608
1548

STEP

1383

NOTCH

COURSE

ROUND
HOLE
CRACK
MEASURE

3187

cur

2330
1885

POINT
PLACE

SHADOW
DESCENT

1334

RACE

1292

SIRING

170S
1607
1526
1374
1318
1290

J!'ITERVAL

1239

GALLERY

1232_

SCALE
STAGE
OPENING

RANK

MARK
ORDER

2445
2121
1862
1687
1571
1493
1350

BEAT
CYCLE
BANK
PASSAGE

1274

COVER

1227

1304

LINE

2427

SET

1990
1794
1625
1561
1393
1348
1304
1260
1224

CHECK
PERIOD
FlELD
LEVEL
PIT
GROUND
CmCUIT
WAY

It is very interesting to observe that key terms about golf are very frequent.
For example, golf COURSE, ROUND of golf, make the CUT, driving RANGE,
HOLE in one. are all near the top of the ranking. Numerous other similarities
are also observed.

6.1. Semantic Model: The Thesaurus
6.2. Algorithm

The thesaurus used in this work was a directed graph of worcls that was commercially available. The thesaurus contained entries for 25.072 words. Each entry
provides a ~oot word and a list of related words. A minimum. of two. a maximum of 257. and an average of 49.2 related words are in each entry. There are
50.357 different non-root words in the thesaurus.
The potential usefulness of the thesaurus in text recognition is illustrated by
looking up all the words in a sample of text. accumulating the counts. and
observing their distribution of values. The result of applying this process with
two levels of lookup to 2000 words of a story about golfingl is illustrated in
Table 3. The top 40 scores and the associated words are shown. It should be
noted that no scores were accumulated for the true words. Thus any natural bias
is eliminated and the pure effect of the thesaurus is given.
I Alfred Wright, "A dud golfers will never forget," SportB illustrated, 64, pp. 18-21, April 17,
1961.

A statement of the algorithm for applying the thesaurus constraint to .filtering
neighborhoods output by the word recognition process is below:
1.
2,

Initialize counters for every thesaurus word (50.357)
For every wQfd in every neighborhood:
Recursively increment aCtivation counters for lookup(word).

"

3.

Rank the neighborhoods of content words (nouns) by:
Confidence( word ) = counter( word) / sum of counters in neighbor-

4.

Reduce neighborhoods by thresholding the confidence value.

hood

The function lookup(word) returns the list of related words from the thesaurus.

<.
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6.3. Experimental Results
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The thesaurus algorithm was applied to correct simulated text recognition results
from subset A38 of the Brown corpus. Two levels of thesaurus lookup were performed and the lexicon for the ·entire corpus was used. Using one level of
lookup in the thesaurus. a neighborhood size reduction of about ten percent was
achieved with an error rate of less than half a percent. Using a simUtation in·
which the input neighborhoods contained approximately 15 words. a reduction of
14.82 percent was achieved with an error rate of 1.54 percent. When two levels
of lookup were used. this was improved to a 19.59 percent reduction with a 0.77
percent error rate.
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7. Discussion and Conclusions

This paper-discussed several classes of technique that utilize language level syntactic and semantic constraints to improve the performance of a word recognition
algorithm. The information used by such methods can generally be classified as
graphical. vocabulary. statistical. structural-syntactic. and structural-semantic.
Each area was discussed and algorithms that use each type of information were
presented.
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1 Introduction
The British postcode system consists of between five and seven alphanumeric characters which can specify any geographical postal location in the United Kingdom
down to the resolution of a single office block or a group of several residential houses
in a street. It is therefore possible to attempt to automatically sort handwritten letter
mail by locating and recognising the handwritten characters of the postcode. However, OCR of handwritten characters is not perfect and misrecognitions will occur
resulting in an unacceptable error rate in the sorting performance.
A verification process based upon correlating the postcode against the remainder
of the handwritten or hand-printed address can reduce the error rate. In practical
applications of automatic mail sorting, a low error rate is essential, although a higher
rejection"rate can be tolerated.
In this paper a verification method based on the concept of fuzzy sets is proposed.
The verification is carried out by first defining a fuzzy membership function to measure the word similarities between an address image and the reference address corresponding to the recognised postcode. Degree of word matches are derived by
measuring positional and structural feature similapties. The degree of similarity of
the whole handwritten address is then obtained by finding the aggregation value of
optimal word matches denved using the assignment problem in linear prograuuning.
Postcode recognition and generation of the reference address corresponding to 'upe
recognised postcode are described in [1,2J.

2 Preliminary Processing
In this work the handwritten addresses are partially"constrained in that boxes are provided to write the postcode and horizontal guidelines are provided for guiding the
position of the rest of the address. Therefore, whilst location and separation of the
individual postcode characters can be achieved using a fairly simple algorithm, segmentation of the rest of the address is not trivial. The address images were scanned
using the front end of an ABO postal sorter producing binary images of 512 x 2048
pixels at a resolution of a little better than 200 pixels per inch.

