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ABSTRACT 

A relaxation-based algorithnl is proposed that improves the performance of a text recog
nition technique by propagating the influence of word collocation statistics. Word collocation 
refers to the likelihood that two words co-occur within a fixed distance of one another. For ex
ample, in a story about water transportation, it is highly likely that the word "river" will occur 
within ten words on either side of the word "boat." The proposed algorithm receives groups 
of visually similar decisions (called neighborhoods) for words in a running text that are COln
puted by a word recognition algorithm. The position of decisions within the neighborhoods are 
modified based on how often they co-occur with decisions in the neig!l~Q:t:bp2g~~()f_()th~r )J:~~IJ?y 
wo-rds-.-ThIs--proces-sis-Tter-ate~fa number of times effectively propagating the influence of the 
collocation statistics across an input text. This improves on a strictly local analysis by allowing 
for strong collocations to reinforce weak (but related) collocations elsewhere. An experimental 
analysis is discussed in which the algorithm is applied to improving text recognition results that 
are less than 60 percent correct. The correct rate is effectively improved to 90 percent or better 
in all cases. 

1 Introduction 

The recognition of inlages of text is a difficult problem, especially when the images are degraded 
by noise such as that introduced by photocopying or facsiInile transmission. Recently, methods 
for improving the quality of text recognition results have focused on the use of knowledge about 
the language in which the document is written([5, 6]). These techniques often post-process the 
results of a word recognition algorithm that provides various alternatives for the identity of 
each word that are called its neighborhood. The objective of the language model is to choose 
the alternatives for words that nlake sense in the context of the rest of the text. 

Word collocation data is one source of information that has been investigated in computa
tionallinguistics and that has been proposed as a useful tool to post-process word recognitio;g. 
results([l, 2, 8]). Word collocation refers to the iikelihood that two words co-occur within a 
fixed distance of o~e another. For example, it is highly likely that if the word "boat" occurs, the 
word "river" will also occ-ur somewhere in the ten words on either side of "boat." 
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Previous work in using word collocation data to post-process word recognition results has 
shown the usefulness of this data([9]). This technique uses local collocation data about words 
that co-occur next to each other to improve the recognition results. A disadvantage of this 
approach is that it does not allow for the propagation of successful analyses within a sentence. 

This paper proposes a relaxation-based algorithm that propagates the results of word col
location post-processing within sentences. The promotion of correct choices at various locations 
within a sentence influences the promotion of word decisions elsewhere. This effectively inlproves 
on a strictly local analysis by allowing for strong collocations to reinforce weak (but related) 
collocations. 

The rest of the paper discusses the algorithm in more detail. An experimental analysis is 
discussed in which the algorithm is applied to improving text recognition results that are less 
than 60 percent correct. The correct rate is effectively improved to 90 percent or better in all 
cases. 

2 Algorithm Description 

Word collocation measures the likelihood that two words co-'occur within a given distance of 
each other. A numerical measure of the collocation strength of word pair (x,y) is measured by 
them,utual information of (x,y): 

P(x, y) 
l(x : y) = l092 P(x)P(y) 

where P(x) and P(y) are the probabilities of observing words x and y in a corpus of text and 
P(x,y) is the joint probability of observing x and y within a fixed distance of one another. The 
strength of word collocation can also be measured by the frequency of a word pair F( x, y) in a 
corpus of fixed size. 

The relaxation algorithm that incorporates word collocation data receives the neighbor
hoods for each word in a sentence as input. Those neighborhoods are initially ranked by the 
confidence values provided by a word recognition algorithm. Each neighborhood entry Wij is 
repeatedly re-ranked by calculating the following word collocation score: 

WordCollocationScoreO f( Wi-l,l, Wij) + WordCollocationScoreO f( Wij, Wi+l,l) 

where WordCollocationScoreO f(word1, word2 ) measures the strength of word collocation of 
the word pair (word1 ,word2) and Wpq is the q-th neighborhood entry of the word image at 
position p. 

This measure uses the top-ranked choice of adjacent words to adjust the ranking in each 
neighborhood. Repeated applications of this measure effectively propagates results across a 
sentence. In fact, it may require several iterations for the algorithm to converge on a stable 
state from which further iterations cause no significant changes in the rankings. Figure. 1 shows 
an example, using actual data, of how the algorithm operates. 
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Initial Word Neighborhoods 
position 1 2 3 4 5 6 7 8 

topl Places snow me whale Kong Kong it 
top2 Please slow we where Hong Hong is 
top3 Pieces show mo chore Hung Kung Is 

Word Neighborhoods After Iteration 1 
position 1 2 3 4 5 6 7 8 

topl Places show me where Hong Kong is 
top2 Please slow we whale Kong Hong it 
top3 Pieces snow mo chore Hung Kung Is 

Word Neighborhoods After Iteration 2 
position 1 2 3 4 5 6 7 8 

topl Please show me where Hong Kong IS 

top2 Places slow we whale Kong Hong it 
top3 Pieces snow mo chore Hung Kung Is -

Figure 1: An example of the relaxation process (the sentence to be recognized is "Please show 
me whereH ong Kong is ! " 

3 Experiments and Analysis 

The recognition data used in the experiments were generated from the Brown Corpus and Penn 
Treebank databases. These are large corpora that together contain over four million words 
of running text. The Brown corpus is divided into 500 samples of approximately 2000 words 
each([7]). The part of the Penn Treebank used here is the collection of the articles from the 
Wall Street Journal that contains three million words. We used the frequency of a word pair to 
measure its collocation strength. There are totally 1,200,000 word pairs after training. Several 
such word pairs are listed below as examples: 

the doctor 64 
a doctor 27 
doctor and 8 
doctor was 8 
doctor who 7 
his doctor 6 
doctor bills 4 
ward doctor 1 

The word collocation data used in the experiments discussed below was calculated from 
the combined corpus, which is referred to as WC*. 

Neighborhoods were generated for each of the 70,000 unique words in the combined corpus 
by the following procedure. Digital images of the unique words were generated from their 
ASCII equivalents by first converting them to an 11 pt. Times Roman font in postscript with 
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the Unix command ditroff. The postscript files were then transformed into raster images with 
the ghostscript system. 

Neighborhoods were generated for each word by first calculating a feature vector for the 
word known as the stroke direction fe~ture vector ([3]). The neighborhoods for each dictionary 
word were then calculated by computing the Euclidean distance between its feature vector and 
the feature vectors of all the other dictionary words and sorting the result. The ten words with 
the smallest distance values were stored with each dictionary word as its neighborhood. 

To mirnic the performance of a word recognition technique in the presence of noise, the 
neighborhoods were corrupted. An assumed correct rate in each position in the neighborhood 
was given. For example, the top choice might be 80 percent correct, the second choice 10 percent 
correct, and so on. 

The noise model was applied to the text by calling a unifornl random nUlnber generator 
for each word in the passage and scaling the result between zero and one. The correct rate 
distribution was then used to select the position in the neighborhood into which the correct 
word was moved. Thus, in the above example, 80 percent of the time the correct word would 
remain in the top position, 10 percent of the tinle it would be moved into the second position, 
and so on. 

3.1 Testing Data 

We randomly selected five articles from the Brown Corpus as the testing samples. They are 
A06, GD2, J42, N01 and ROJ. A06 is a collection of six short articles from the Newark Evening 
News. GD2 is from an article" Toward a Concept of National Responsibility" from The Yale 
Review. J42 is from a book" The Political Foundation of International Law." N01 is a chapter 
from an ad venture fiction "The K iller Marshal." ROJ is from a humor article "Take It Off' 
froIn The Arizona Quarterly. Each text has about 2000 words. There are totally 10,280 words 
in those testing samples. For each word in those texts, the topl0 word candidate lists were 
generated. We sirnulated a word recognition algorithm based on different performance models. 
The performance models used here have top! correct rates of 55%, 65%,70%,75%,80%,85%, 
90% and 95%. 

3.2 Experimental Results 

Before testing the algorithm, we found a baseline for performance comparison. We found the 
accuracy rate of each position in the topl0 candidate list that is obtained by re-ranking using 
word. frequency (see Table. 1). The result shows that the correct rate of the first choice is 
around 75 percent by using word frequency data alone. 

The result of applying the relaxation algorithm to the noisy text images is shown in 
Tables 2 and 3 (see also Figure 2 and 3). The average correct rate at the top choice across all 
the passages tested is given for five iterations of relaxation. Table 2 shows the results obtained 
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Article 
A06 G02 J42 NOI R07 Average 

# of words 2040 2075 2078 2021 2066 2056 

topl 73.6% 74.7% 75.1% 76.6% 76.1% 75.2% 
top2 89.0% 88.7% 91.8% 89.8% 90.1% 89.9% 
top3 94.6% 94.6% 95.7% 95.5% 95.8% 95.2% 
top4 96.9% 97.1% 97.8% 97.7% 97.5% 97.4% 
top5 98.0% 98.0% 98.7% 98.8% 98.5% 98.4% 
top6 98.4% 98.9% 99.0% 99.4% 99.2% 99.0% 
top7 99.2% 99.3% 99.3% 99.6% 99.4% 99.4% 
top8 100.0% 99.9% 99.9% 100.0% 100.0% 100.0% 
top9 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 

toplO 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 

Table 1: Baseline for comparison (Re-ranking ToplO List by Word Frequency) 

when the test passsages are included in the corpus used to compile the word collocation data. 
Table 3 shows the results obtained when the test passages are not in the training data (the word 
collocation data used here is referred to as WC). 

The best perforrnance possible, as shown in Table. 2, raises the correct rate at the top 
~ chQi<;:~tQCl,b.QJll95.pE!:rcent iuall conditions. The top choice correct rate when the training data 
does not include the test passages is between 87 and 92 percent correct. This is interesting when 
it is considered that the top choice correct rate of the input was initially as low as 56 percent. 

Initial It"er. 1 Iter. 2 Iter. 3 Iter. 4 
--

Iter. 5 
56.2% 88.6% 94.2% 94.9% 95.1% 95.1% 
65.5% 91.5% 95.0% 95.2% 95.4% 95.3% 
71.0% 93.1% 95.3% 95.3% 95.4% 95.3% 
76.0% 93.7% 95.4% 95.3% 95.4% 95.3% 
80.6% 94.3% 95.4% 95.3% 95.4% 95.3% 
85.0% 94.6% 95.5% 95.4% 9.5.5% 95.4% 
89.5% 95.0% 95.4% 95.4% 95.5% 95.4% 
94.1% 95.3% 95.5% 95.4% 95.5% 95.4% 

Table 2: Correct percentage of top 1 by relaxation algorithm based on WC* 
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4 Conclusions and Future Directions 

In this paper a relax.ation algorithm was described that used word collocation information to 
improve text recognition results. The experimental results were promising and showed that the 
correct rate at the top choice of a word recognition algorithm could be improved from 56 to 
87 percent correct. The perfonnance gap between WC* and WC suggested that we should 
collect word collocation data from larger and more balanced English corpora. Analysis of the 
remaining errors showed that many of them could be correeted by using a larger window size 
and special strategies for processing proper nouns. Modifications of the ranking function will 
also be considered. 

The relaxation algorithln currently works as one part of our degraded text recognition 
systenl. There are two types of linguistic constraints used in the system. One is local word 
collocation under statistical language modelling. Another is global structural constraints carried 
by English grammar. Visual global contextual information available inside a text page is also 
being considered for integration with the linguistic knowledge sources to further iInprove the 
perfonnance of degraded text recognition. 
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