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ABSTRACT

Over the last 15 years, the Information Science Research
Institute (ISRI) at the University of Nevada, Las Vegas
(UNLV) has conducted information access research in the
presence of OCR errors. Our research has focused on is-
sues associated with the construction of large document
databases. In this paper, we will highlight our findings and
detail our current activities.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval—retrieval models; 1.7.5 [Document
and Text Processing]: Document Capture—optical char-
acter recognition (OCR)

General Terms

Measurement, Performance, Experimentation

Keywords

information extraction, document conversion, markup, cat-
egorization

1. INTRODUCTION

The Information Science Research Institute (ISRI) has
performed in-depth research with optical character recog-
nition (OCR), information retrieval (IR), and related topics
since 1989. Our work was initially focused on the effects of
using optically recognized text in the IR environment. Since
ISRI’s work was the first comprehensive study in this area,
there were many approaches we could have taken. We de-
cided that understanding the effects of OCR with respect to
particular IR models was a well-founded one. Section 2 gives
an overview of this work and identifies published papers that
describe this research in detail.

Our decision to test OCR with various models was con-
structive because it gave us insight into potential problems
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that at first may not have been obvious. For example, nor-
malization applied in vector-space systems caused irregular
behavior in ranking. This was not a problem for the Boolean
system we had previously studied. By analyzing the issues
certain IR models had with OCR generated text, we were
able to build post-processing systems that would improve
OCR text prior to its use with these systems. In fact, cer-
tain issues identified by ISRI generated research activities
for other groups as well[19]. Section 3 describes the most
notable applications produced at ISRI from this work.

As other information access tasks became more main-
stream, the same questions we asked about OCR and IR
could also be asked of other text processing tasks like catego-
rization and information extraction. In 2001, ISRI published
several papers on the effects of OCR on text categorization.
Section 4 gives an overview of our findings in these studies.
Some of our more recent research has tried to evaluate the
effects of OCR on information extraction. Although prelim-
inary, it seems that OCR can cause unanticipated compli-
cations for this task as well. Section 5 discusses our initial
research.

2. OCR AND INFORMATION RETRIEVAL

ISRI’s initial research was ground-breaking in that no
combined OCR/IR studies had previously been performed.
Although the relationship seems obvious, the notion of ap-
plying IR directly to un-corrected OCR text was unprece-
dented. In 1989, ISRI was already performing accuracy tests
of the top OCR devices to aid OCR vendors in their pursuit
of improved recognition[14, 13, 9]. But the mission of our
institute was to discover efficient ways for converting large
paper document collections to electronic form for retrieval.

Our first objective was to evaluate retrieval effectiveness.
As mentioned in the introduction, our approach examined
specific IR models, but our most notable discovery is not
model dependent: average precision and recall is not nega-
tively affected by OCR errors. In fact, in all our experiments,
recall for the OCR versions was actually higher.

The retrieval systems we used in our experiments were se-
lected with their underlying models in mind. Among these
are Boolean, probabilistic, and vector-space models. Most
commercial products are based on techniques and principles
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insight into what one should expect when querying OCR
text. In the following sections, we review our research and
experimentation for these well-established models.



2.1 Effects on Implementation Components

There are three components of IR systems that impact or
are impacted by the use of OCR text. The first of these, the
inverted index, is the heart of the IR system. The words of
the document, together with data about their distribution,
are stored here. The inverted index is affected in several
ways by the use of OCR text, but most notably, its size
is increased. In our first experiment with 204 documents,
the index of the OCR text was three times the size of the
corrected text index. In our next two experiments, with
674 documents, the inverted index increased to 5 times its
corrected version size. Some interesting statistics compar-
ing OCR text with its corrected counterpart can be derived
from an IR system’s index. Table 1 reveals some of these
variations. This table lists various statistics for the cor-
rected collection and for three recognized versions of 674
documents. These statistics indicate that:

e An OCR collection requires more overhead (database
size and terms occurring only once).

e There will be an increase in per document processing
time (average number of terms per document).

e There is a considerable increase in the size of the index
(number of unique indexed terms).

e There is an increase in useless terms (terms occurring
only once).!

e At least in our collection, the corrected text is miss-
ing some information that is picked up by the device
(correctly spelled words).

Probably the most unanticipated set of figures is the cor-
rectly spelled words. There are more correctly spelled words
in each of the three OCR collections than there are in the
corrected collection. We attribute this anomaly to the re-
moval of document text from the corrected collections[1].

Another source of problems not readily apparent are end
of line hyphenations. Hyphenations are commonly used
when documents are typeset for printing. With no special
handling, the OCR outputs exactly what it “sees” and the
IR system indexes what it “reads.” The consequence: a per-
centage of words in the index are split consuming twice as
much index space as they should. Further, the words are
useless as they are and have a negative impact on retrieval
since the full word is not available for querying.

Recall that some inconsequential words (stopwords) do
not get indexed by an IR system. Sometimes, stopwords are
misrecognized by the OCR device and in turn, are inadver-
tently indexed. In a boolean system, this recognition error
probably will not make much difference.? But for systems
that weight the importance of terms using term frequencies,
this kind of transformation can disrupt term assignment and
therefore document to query relevance in those documents
affected. Also note that since stopwords are used frequently,
these misrecognized terms can become the most frequent
“terms” for these documents.

Stemming is another common practice employed by IR
systems. In all our projects, we applied only S-removal

!These are mostly misspellings and “graphic text” strings.
2Erroneous query results would occur only if a stopword had
been translated to a correctly spelled query term (possible
but not probable).

stemming to the OCR text. We disclosed no adverse ef-
fects from this application. Although it does not seem as
if full stemming would produce very different results, ac-
tual experiments followed by a thorough analysis would be
necessary to verify this claim.

2.2 Effects on IR Models

A boolean system relies on the presence of query terms
within documents to determine relevance. We found in our
first experiment using a boolean system that redundancy in
the document text could compensate for most of the prob-
lems associated with OCR errors. Our results showed that
most of the documents returned from querying the corrected
collection (632) were also returned from querying the OCR
collection (617). After applying our post-processing sys-
tem[23], a precursor to the MANICURE system described in
Section 3.2, seven more documents were retrieved so 98.7%
of the corrected documents were returned when the OCR
set was queried[27].

For systems that apply term weighting and document
ranking, the translation of text the device produces causes a
more significant impact. This consequence can be attributed
directly to the mutations to the text that affect term fre-
quencies, and hence cause skewed term weighting. An ex-
ample of such an effect is the misrecognition of the stopword
“the.” In the probabilistic indexing system, the term with
the maximum frequency is used to normalize term weights.
When this value is uncharacteristically high, the weights of
other document terms are underestimated. This effect even-
tually manifests itself to the user when the documents are
ranked to a query.

The maximum term count is not the only frequency that
may get altered. Other normalization values suffer as well.
For example, we found in the vector space model that cosine
normalization negatively affects document ranking. The
SMART system[15], the vector space implementation used
in our experiments, allows the application of several weight-
ing techniques. One of these techniques applies vector length
(i.e. square root of the sum of squares of the weights in the
vector) to normalize the length of the documents. It func-
tions as a way of equalizing the importance of terms in short
documents even though they occur less frequently. This ap-
plication works well for documents that are clean and man-
ually typed. But for an OCR-generated collection where
the vectors are artificially padded with misspellings and
“graphic text” this normalization technique causes prob-
lems with term weighting, and in turn, document ranking.
A complete analysis showed the variability was attributed
directly to the cosine weighting component [22].

Pure document length (number of non-stopwords) is an-
other factor that is sometimes used in term weighting cal-
culations. But as we can see from Table 1 there is a marked
increase in document length for the recognized text (note:
average number of terms per document).

Note that even in the presence of these variations in doc-
ument frequencies between the corrected text and its OCR
generated counterpart, for these weighted systems, average
precision was hardly affected. Our experiment with SMART
gave us the opportunity to test OCR text within a vector
space framework, and examine several weighting techniques,
as discussed. These techniques were applied to our OCR col-
lection and these results demonstrated that no significant
difference is apparent when average precision is compared.



Table 1: Statistics for the corrected collection and three OCR collections

Statistic Corrected OCR 1 OCR 2 OCR 3
Database size (bytes) 15,686,772 | 37,080,489 | 40,918,148 | 42,247,537
Average number terms/document 6,114 9,321 8,583 7,925
Number of unique indexed terms 78,494 320,338 387,276 414,715
Terms occurring only once 36,742 223,058 278,907 296,572
Terms occurring more than once 41,752 97,280 108,369 118,143
Correctly spelled words 22,833 25,241 24,728 23,552

Relevance feedback is another well-known technique de-
signed to use information from known relevant documents
to improve query effectiveness[17]. In our experiment with
SMART we were able to apply this technique to the OCR-
generated text. We discovered an interesting phenomenon:
as the queries were expanded with more feedback terms,
the precision for the corrected collection improved while the
precision for the OCR collection leveled off after the initial
twenty word expansion.

After analysis of the expanded queries, we found that the
difference between the results for these two collections was
not due to query degradation but was attributable to a lack
of improvement in rank for a few of the relevant documents
in the OCR collection. The documents that did not improve
in rank for the feedback runs were the same documents with
a discrepancy in rank for the initial runs. In general, these
documents represent poor candidates for recognition due to
the poor quality of the original images or the large amounts
of graphical material contained in the documents. In any
case, these results show that feedback cannot overcome some
of the shortcomings found in OCR generated collections[25].

3. OCR POST-PROCESSING

Following our initial studies on OCR and IR, the oppor-
tunity for improving raw OCR documents for subsequent
information access seemed clear. ISRI’s research became fo-
cused on developing automated systems to perform OCR
post-processing.

3.1 OCRSpell

OCRSpell is a spelling correction system designed specif-
ically for OCR generated text[33]. The system integrates
many techniques for correcting errors induced by an OCR
device. This system is fundamentally different from many of
the common spelling correction applications. The system is
based on static and dynamic device mappings, approximate
string matching, and n-gram analysis. It is a statistically
based, Bayesian system that incorporates a learning feature
that collects confusion information at the collection and doc-
ument levels. OCRSpell was designed to be as automatic
as possible and to gain knowledge about the document set
whenever user interaction becomes necessary.

Conceptually, the system is composed of five modules.
The actual implementation of the system closely follows this
model.

1. A parser designed specifically for OCR gener-
ated text

An effective scheme for parsing the text is essential to
the success of the system. For OCRSpell, we chose
to implement our parser in Emacs LISP[10] due to
its robust set of high level functions for text search-

ing and manipulation. Rather than designing many
parsing algorithms for different types of working text,
we chose to make the parser as general as possible
and provided the user with a robust set of filtering
and handling functions. The system’s treatment of
word boundaries, word combining symbols, and other
text characteristics is essential to the overall success of
the system. The other components of the system rely
heavily on the parser to make heuristically correct de-
terminations concerning the nature of the current text
being processed.

. A virtual set of domain specific lexicons

Another important issue to address prior to the de-
velopment of any candidate word selection method is
the organization of the lexicon, or dictionary, to be
used. Our system allows for the importation of Is-
pell[6] hashed dictionaries along with standard ASCII
word lists. Since several domain specific lexicons of
this nature exist, the user can prevent the system from
generating erroneous words that are used primarily in
specific or technically unrelated domains.

OCRSpell provides an infrastructure that is extremely
conducive to lexicon management. Since the system
allows for the importation of dictionaries, they can
be kept separate. Optimally, each collection type (i.e.
newspaper samples, sociology papers, etc.) would have
its own distinct dictionary that would continue to grow
and adapt to new terminology as the user interactively
spell checks documents from that collection.

. The candidate word generator with global/local

training routines (confusion generators)

At the heart of the system is a statistically-based string
matching algorithm that uses device mapping frequen-
cies along with n-gram statistics pertaining to the cur-
rent document set to establish a Bayesian ranking of
the possibilities, or suggestions, for each misspelled
word. This ensures that the statistically most probable
suggestions will occur at the beginning of the choices
list and allows the user to limit the number of sugges-
tions without sacrificing the best word alternatives.

A two-level statistical device mapping word generator
is used to generate possibilities for incorrect words.
A simple level saturation technique is used to gener-
ate new words from static confusions. This technique
relies heavily on a Bayesian ranking system that is ap-
plied to the subsequent candidate words.

The confusion generator determines the longest com-
mon subsequence and the subsequent confusions for
words that have been manually replaced. It uses the



popular dynamic programming longest common subse-
quence algorithm. This algorithm was chosen so that
heuristically optimal subsequences can be chosen. The
method used here is from[3].

Dynamic device mappings are created and applied by
the user interface in much the same way that static
device mappings are applied in the level saturation
generation process. A longest common subsequence
process is invoked whenever the user manually inserts
a replacement to a misspelling.

4. The graphical user interface

The user interface combines the word and confusion
generator and adds many options and features to in-
sure an easy to use, robust system. This interface was
written in Emacs LISP. The interface can be controlled
by a series of meta commands and special characters.
Many of the commonly used interface options can be
selected directly from the menu. The user can join the
current word with the previous or next word, insert
the highlighted word or character sequence into the
lexicon, select a generated choice, or locally/globally
replace the highlighted text by a specified string. If the
user chooses to replace the text, the confusion genera-
tor is invoked and the subsequent confusions are added
to the device mapping list. This means that any er-
rors occurring later on in the document with the same
confusions (e.g rn — m) will have automatically gen-
erated choices in the interface’s selection window. Of
course, this means the effectiveness of OCRSpell im-
proves as it gains more information about the nature
of the errors in any particular document set. Table 2
contains a list of all of the interactive features of the
system.

OCRSpell was designed to be a tool for preparing large
sets of documents for either text retrieval or for presen-
tation. It was also developed to be used in conjunction
with MANICURE (see Section 3.2). OCRSpell is designed
around common knowledge about typical OCR errors and
dynamic knowledge which is gathered as the user interac-
tively spell checks a document. For a complete description
of this system, its design and evaluation, please see [33].

3.2 MANICURE

ISRI ran many experiments comparing OCR output to
manually corrected versions of the same collections. From
these analyses, we were able to characterize the problems
that OCR text may cause when applied in retrieval. We
found that by post-processing the complete document, mis-
recognized words could be corrected and other post-cleanup
could be performed with a very high level of accuracy[23,
21].

MANICURE (Markup ANd Image-based Correction Us-
ing Rapid Editing) is ISRI’s software solution for performing
automated OCR post-processing. The system is designed
to take advantage of document characteristics such as word
forms, geometric information about the objects on the page,
and font and spacing between textual objects (if available)
to mark the logical structure of a document. In addition,
the system automatically detects and corrects OCR spelling
errors by using dictionaries, approximation matching, the
knowledge of typical OCR errors, and frequency and distri-
bution of words and phrases in a document.

MANICURE is specifically designed to prepare text col-
lections from printed materials for information retrieval ap-
plications. In this capacity, depending on the application,
requirements on accuracy and text structure vary. In what
follows, we will list important applications for which MAN-
ICURE is designed.

e MANICURE will try to distinguish between the ac-
tual content of the document and the superficial in-
formation which is part of its presentation. For ex-
ample, the sequence of words in the printed document
identifying the journal in which it appeared is pre-
sentational rather than being a part of a document’s
content. This extra text (and extra non-alphanumeric
characters such as end of line hyphenation) can be both
helpful and harmful. It is helpful in the sense that it
identifies meta-knowledge about the document such as
date of publication, but it could also be harmful if it is
not properly removed or managed, such as with end of
line hyphenation; this extra text will also clutter the
retrieval system’s index with useless information.

e ISRI studies on effects of OCR errors on retrieval|27,
24, 25] have pointed out that certain advanced func-
tionalities of information retrieval systems, such as
ranking, are not robust enough to overcome OCR er-
rors. It is our view that the more advanced retrieval
techniques and applications require a higher character
accuracy rate and less graphic text. MANICURE can
be used in both automatic and semi-automatic modes
to produce text with higher levels of accuracy.

e Associated with each document is a list of structured
data. This data generally contains information such as
the author, the date of publication, document control
number, title, and so on. Some of this information is
already in the text of the document (such as the ti-
tle) and some is added for the sake of record keeping
(such as a document control number). By properly
marking some of the structured data, MANICURE
provides an environment in which this information can
be extracted automatically, or in the case of structured
based retrieval systems[11], can be manipulated by the
retrieval engine itself.

e The logical structure of the text can be used in many
retrieval applications. For example in [4, 7, 16, 2, 34]
the individual sentences, paragraphs, sections, and sec-
tion titles are analyzed as a part of the solution to these
particular applications. MANICURE builds a logical
representation for each document in which all these
objects are marked.

e The text from printed materials can be produced in
different formats for different uses. For example, the
Hypertext Markup Language (HTML) (derived from
SGMLI[5]) is a common format used for marking up
documents for viewing by World-Wide Web. MAN-
ICURE, in addition to providing text in HTML for-
mat, also outputs documents in another SGML-based
format with detailed information about logical struc-
ture, font, subscript, superscript, and geometry infor-
mation. One use of this format is to enable retrieval
systems to search on the text of a document and high-
light hits on the original page images.



Table 2: OCRSpell’s Interactive Features

Key OCRSpell Feature

insert highlighted word into lexicon

replace word, find confusions

backward join (merge previous word)

SRR

forward join (merge next word)

g global replacement

<space>

skip current word or highlighted region

<character> | replace highlighted word with generated selection

q quit the OCRSpell session

Over the past several years, MANICURE’s most applied
resource has been its ability to automatically correct mis-
spellings in the OCR text. The number of corrections made
seemed impressive but there was no measurable proof that
MANICURE made a significant difference in error correc-
tion. In 2003, ISRI prepared an experiment that tested the
corrections made by MANICURE. These tests showed that
the word accuracy improvement of MANICURE output over
raw OCR output ranged from 0.51% up to 2.55% (depending
on the quality of the document) for all non-stopwords. This
percentage of improvement is comparable to correcting as
many as 30% of the misspellings. In addition, these results
showed that the improvement provided by MANICURE in-
creases as page quality decreases[12].

These tests prove that MANICURE improves the qual-
ity of OCR text for retrieval and has the potential to in-
crease average precision[29]. For many conversion projects,
a MANICURE'd collection may be all that is required. But
MANICURE also provides a semi-automated correction in-
terface that can bring a document to any required level of
accuracy.

3.3 OCRQC

Having an automated way of measuring OCR quality is a
critical part of any large document conversion project. Yet,
the only measures available were the estimated character
accuracy provided by the OCR or time-consuming ground-
truthing and sampling. ISRI found a solution to measuring
OCR quality by building on information we already had. Us-
ing word accuracy, actually non-stopword accuracy, instead
of character accuracy was the first necessary modification to
enhancing the quality control (QC) process.

To estimate non-stopword accuracy of recognized docu-
ments, statistics about non-stopwords must be collected.
For example, the QC procedure must know the number
of misspelled and correctly spelled words in a document to
calculate its percentage of non-stopword correctness. Since
MANICURE has access to this data as it processes a doc-
ument, it made sense to include the QC procedure within
MANICURE.

The QC process takes the number of correct words and
misspellings on each page and for the entire document and
computes a ratio. The document’s accuracy is then com-
pared to a predetermined threshold. This process is com-
pletely automated. Documents that do not pass QC can be
marked for subsequent review. For a complete description
of the MANICURE QC, see [20].

4. CATEGORIZATION OF OCR

Our goal here was to formulate experiments that would

give us the most insight into what effect OCR errors may
have on document categorization[31, 32]. Broadly, there are
two ways in which errors can influence categorization. First,
by introducing errors into the training set, and second, by
reducing the ability of incoming documents to get catego-
rized correctly. In [32] we report on four experiments that
help explain both these possibilities.

Good Training/Bad Test Set (E1): In this experiment,
the training set, although uncorrected OCR, was se-
lected for its good quality. The test set was just the
opposite; it was selected for its poor OCR quality.

Mixed Training/Mixed Test Set (E2): This test used
the same set of documents as E1, but documents were
selected randomly from the complete set for both train-
ing and testing.

Good Training/Auto-Corrected (E3): E3 is the same
as E1, except that two difficult to categorize documents
were initially run through MANICURE, a system we
built to improve OCR documents prior to classification
or retrieval[29)].

Good Training/Manually-Corrected (E4): This set of
runs, labeled E4, is the same test as E3 except that the
two documents in E3 are manually corrected.

In each experiment described above, we performed several
runs based on both the Bernoulli and multinomial proba-
bility models. In addition, each experiment included a lim-
ited vocabulary run that applies the multinomial probability
technique. The limited vocabulary “list” consists of several
merged dictionaries that include domain specific terms that
a general dictionary may have missed in the indexing pro-
cess.

As with other classification experiments[18], our results
showed that dimensionality reduction improved categoriza-
tion. Dimensionality reduction eliminates terms that con-
tribute the least amount of information for the categories.
With respect to OCR text, this includes terms that are mis-
recognized by the device and contribute no value to the
category. Removal of OCR errors through dimensionality
reduction clearly improves the accuracy of categorization.

Another observation we made with respect to categoriza-
tion of OCR documents is that OCR-generated text may
have little or no effect in general when incoming documents
are being classified but the selection of good quality OCR
documents for training is essential.

Finally, we have seen examples of degraded documents
that were incorrectly categorized while the error-free version



of the same document is categorized correctly. We discov-
ered in several of our experiments with information retrieval
and OCR that some poorly recognized documents were unre-
trievable without some corrective intervention[27, 26]. This
dilemma is paralleled in categorization.

In nearly all our experimental runs, there were two poorly
recognized documents that just couldn’t seem to get cate-
gorized properly. In experiment E3 listed above, we applied
MANICURE to see if automated OCR cleanup and error
correction could improve classification. In fact, one of the
two documents did get categorized correctly after running
the documents through MANICURE. The fact that auto-
matic correction helped classify this document correctly is
just part of the story. We also reported on the improvement
to the category itself. Both of these poorly recognized doc-
uments belonged to a single category. After MANICURE
and retraining, the percentage of correctly spelled category
terms also improved. Full manual correction of these docu-
ments (experiment E4) offered no additional categorization
improvement over the automatically MANICURE’d runs.

5. HMM EXTRACTION IN OCR

Like other information access tasks, extraction from OCR
is complicated by erroneous recognition. This includes both
character and zoning errors. Our personal address extrac-
tion task is a case in point. We apply the Hidden Markov
Model (HMM) for discovering personal addresses in free text
and found that several difficulties caused by OCR affected
HMM training. For example, the order of the address com-
ponents in the OCR output did not always correspond to the
correct order of the address on the image. This affected the
tagging applied by the HMM because the order of the tags
did not fit the topology of the HMM. In some documents,
personal addresses on a page image were either partially or
completely lost in the OCR, process. Also, contextual infor-
mation useful for identifying an address would occasionally
be lost as well.

These OCR issues raised the question of whether tagged
training data should be “cleaned up” to reflect our pre-
conceived ideas about how the HMM should be structured,
or whether it should be left “as is” to reflect the nature of the
data. In our testing, we decided to compare the performance
of an HMM trained on tagged data which included “incor-
rect” personal addresses (default) with an HMM trained
only on correct personal addresses (correct) where the train-
ing addresses fit our assumed topology[30].

Human experts identified 251 documents which contained
personal addresses. Addresses in 187 of these documents
were tagged with the METAmarker tool[28]. Eighty-nine
documents were randomly selected for the training set and
were designated as the default HMM. Some of these 89 docu-
ments contain “incorrect” tagging due to the OCR misrecog-
nition. A second training set was derived from the default
HMM by removing all examples which contained “incorrect”
tagging. The HMM based on this training set was called the
clean HMM. Three experiments were performed. In the first,
the default HMM was run on the test set. In the second,
the clean HMM was run against the same data. Finally,
the emission table for the clean HMM was optimized using
shrinkage.

The standard performance measures of precision, recall,
and F1 were calculated for each experiment. Let TP be the
number of true positives, that is, the number of documents

in which both experts and the HMM agreed contained per-
sonal addresses. Let FFN be the number of false negatives,
i.e., the number of documents which experts said contain
personal addresses, but the HMM marked as not having
personal addresses. We then define recall as
TP
recall = TP+ FN (1)
Letting F'P signify the number of false positives, i.e., those
documents which the HMM marked as containing personal
addresses but which experts decided does not, precision is
defined as

TP
TP+ FP 2)

The harmonic mean of precision and recall is called the
F'1 measure, defined as:

precision =

-2
1 + 1

precision recall

Fl= (3)

The results of our experiments are presented in Table 3.
The value T'N represents the number of true negatives, i.e.,
documents where both the experts and the HMM agreed no
personal addresses were discovered.

Our testing indicates that shrinkage does not significantly
improve an HMM'’s performance for this task. In fact, there
was some degradation although probably only an insignif-
icant amount. Furthermore, the surprising success of the
default HMM seems to indicate OCR noise is affecting the
ability of the HMM to locate addresses.

Although it has been shown that OCR errors do not af-
fect the average effectiveness of information retrieval[25, 26],
some studies have indicated that noisy data can degrade in-
formation extraction tasks such as text summarization [8].
For this limited sample, it seems the default HMM worked
best. This could indicate that an HMM designed for clean
text would give degraded results with OCR generated text.

6. CONCLUSION

In the last fifteen years, ISRI has concentrated its efforts
in a very focused area: the combined use of OCR with infor-
mation access. But our research has truly had a significant
impact on government, large corporations, and on entities
performing large-scale document conversions. We believe
our solutions to many of these problems can aid other re-
lated projects. ISRI is referenced as the research authority
in this area and our technologies are currently being applied
in several conversion projects.
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