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Abstract

We report on the results of our experiments on query evaluation in the presence
of noisy data. In particular, an OCR generated database and its corresponding 99.8%
correct version are used to process a set of queries to determine the effect the degraded
version will have on retrieval. It is shown that with the set of scientific documents we
use in our testing, the effect is insignificant. We further improve the result by applying
an automatic post processing system designed to correct the kinds of errors generated
by recognition devices.
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1 Introduction

As the accuracy of optical character recognition (OCR) devices improves, the practicality of
using this generated text directly without human intervention becomes feasible. But even
with a 99% character accuracy, which some devices claim, there could be up to 25 mis-
spelled words per page.! As was shown in the Licensing Support System (LSS) Prototype,
the cost associated with manually correcting these errors is high. From scanning the orig-
inal document to loading its accurate ASCII text into a text retrieval system, the capture
methodology was burdened with tedious, manual steps[11].

Since the objective of these efforts is the retrieval of pertinent information, the question
becomes:

For a particular query, how much correction is necessary to retrieve precisely the
same set of documents that would be retrieved from a corrected ASCII document
set?

We try to answer this question by querying two sets of data: a 99.8% accurate set and
a corresponding OCR set. No accuracy rates were calculated for the OCR document set
but as stated in [2], a 99% character accuracy can only be attained by commercial OCR
products if “a printed document is a fixed-pitch, typed original or a clean copy, in a simple
paragraph format and in a common typing font.” For the type of input we used, a more
realistic estimate would be an 80-90% level of character accuracy|[3].

After making observations about the characteristics of OCR data, we designed a post-
processing system that improves document recall on this kind of input. This system was
applied to the OCR set. The results of these experiments are presented in this paper.

2 Preliminaries

Three technologies employed in our accuracy project are scanning, optical character recog-
nition, and text retrieval. All three affect the results of our experimentation and therefore
will be considered briefly here.

2.1 Scanning

A scanning device breaks down an input page into pixels and produces a matrix of 0’s and
1’s. This translation is called a bit-mapped image and is only a graphical representation of
the page. This bit-mapped image produced by the scanner is the input to the OCR device.
The device then recognizes and translates the image into a computer-coded format (in our
case ASCII). This ASCII format is suitable for use by a text retrieval system.

The bit-mapped image produced by the scanning process is highly dependent on the
condition of the page being scanned as well as the care taken by the operator scanning the
page. Any flaws in the hard copy or skew introduced at scan time will greatly affect the
ability of the OCR device to translate the image accurately. Both the threshold values and
resolution settings of the scanner will also ultimately affect the character recognition of the
device. For a more complete discussion of these scanner issues, see [5] and [12]. Examples
of a flawed hard copy image and a poorly scanned image can be seen in Figures 1 and 2,
respectively.

Lor a page with 2500-3000 characters
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Figure 1: Flawed hard copy image
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Figure 2: Poorly scanned image



2.2 OCR

The OCR process can be broken down into two distinct functions: block segmentation fol-
lowed by text/graphics recognition. We do not consider or evaluate graphics recognition
in our experimentation; therefore, these methods will not be discussed. For our purposes,
OCR can be defined as the classification and translation of textual segments of bit-mapped
images into their ASCII representations.

The block segmentation function, also called zoning, segments the page into its logical
parts. For example, if the input page is formatted with two columns of text, the reading
order should be preserved—the OCR device should not concatenate the lines from left to
right. Without the ability to properly zone the page, the characters and words may be
correct but the text is randomly ordered. For OCR devices that do not support automatic
zoning, manual zoning must be done prior to recognizing this kind of input page.

The next component is text recognition. There are three general methods currently
being used by commercially available OCR devices: font matching, pattern recognition, and
omnifont feature extraction[3]. These methods are not mutually exclusive and other features
may be added to an OCR device to enhance the accuracy of these methods.

Font (template) matching was one of the first methods used by OCR devices. This
method uses a predefined set of character templates to match input characters. It is very
restrictive—especially if only a single font is defined for the device. Font matching is heavily
dependent on the condition of the scanned page[3].

Pattern recognition is a second method used by OCR devices. This method applies a
set of rules to the construction of characters. The shape of the input character is compared
with the set of rules and the ASCII character is selected based on its closeness to a rule.
Pattern recognition reduces the OCR device’s dependency on input page condition but some
text features, such as broken or overlapping characters, still adversely affect its ability to
determine the correct ASCII character[3].

Omnifont employs a hierarchical level of algorithms called “experts” to determine ASCII
characters. Each expert level determines added information about the input. These kinds
of systems combine feature recognition with heuristic processing and lexical analysis to
recognize the text input[3].

Again, the OCR process is highly dependent on the quality of the image. If the image
is poor, it is guaranteed that the generated text will have numerous errors. Also, the
technology used by a particular OCR device dictates the kind of input that should be given
to that device.

2.3 Text Retrieval

Text retrieval systems are designed to provide tools to store, manipulate, and retrieve textual
information. Unlike conventional database systems, text retrieval systems can not use an
exact record match retrieval method to extract information. These systems must instead
calculate similarity between a user’s request and the data stored. The hits (documents
retrieved based on calculated similarity) returned for a query may not be what the user
expects or needs. The ability to evaluate the true effectiveness of a text retrieval system is
reliant on user satisfaction—a highly subjective measure. Recall, the ratio of the number
of relevant documents returned to the total number of relevant documents in the database,
and precision, the ratio of the number of relevant documents returned to the total number
of documents returned from the query[10], are currently the standard measures used.



Among well known models of information retrieval, the inverted file, vector space, and
the probabilistic model are the most popular[9]. Other more heuristic text retrieval models,
such as pattern recognition and concept-based clustering, are also commercially available.
Describing each of these models here would be beyond the scope of this paper. We use a
boolean logic inverted file based system in our experimentation and therefore describe this
model in some detail below. For a more complete description of the inverted file and other
models, see [10].

An inverted file system is simply a list of the documents’ non stop words with pointers
to the documents in which they are found. Most of these systems do not index insignificant
words (e.g. the, and, this), called stop words, since they add no meaning to the document’s
content. Besides the document identification of an indexed word, an inverted file system
may keep track of other information such as word frequency and the exact position of the
word within the document. This kind of information is necessary when certain kinds of user
requests and ranking of the hits are expected.

The model employed for data storage influences the method of retrieval. The most
commonly used method for extracting information from an inverted file text retrieval system
is a boolean logic query language[10]. These languages can be used to locate document
information using combinations of boolean expressions or queries. The answers to the
queries are computed by manipulating the stored information for the terms? that appear in
each query. Additional query language features include wildcarding, stemming and canonical
forms, proximity searching, and a thesaurus. These features are used to try to improve
precision and recall.

For an OCR, device, the input page can be used as a measure of the effectiveness of
the method used to produce the output; however, this same kind of evaluation does not
transfer to text retrieval. Although there are standard measures to evaluate text systems,
these measures are not as sensitive to the input data as character error analysis. We assume
for our evaluation that the correct database has some percentage of relevant documents
retrieved for the queries. We use these retrieved sets to determine how much effect the
noisy data will have on the text retrieval system.

3 Experimental environment

Our experimental environment is unique in the sense that we were given a set of documents
by the Department of Energy (DOE) that had been manually corrected, together with their
corresponding images. These documents were part of the LSS prototype system. The pur-
pose of the LSS prototype was to simulate on a small scale the capture and tracking of
documents pertaining to the site licensing proceedings of the Nuclear Regulatory Commis-
sion. We use both the corrected ASCII and the images generated by the LSS in our testing
environment. Although we do not use the complete LSS prototype database, our document
set was selected without bias. The set consists of 204 documents, for which we have images,
corrected® ASCII text on line, and hard copy.

Our collection is heterogeneous. There are numerous fonts, differing qualities of hard
copy, and there is a diversity of content. The documents are scientific in nature. They
contain formulas, graphs, photos, and maps. All sixteen subject areas (concepts) contained
in the complete LSS are covered by our 204 documents. We use the full document text, with

2We use term and word interchangeably.
3to a level of 99.8% character accuracy[6]



documents ranging from a single page to 679 pages and an average length of thirty-eight
pages. For a more complete description of these documents, consult [6].

3.1 Scan and OCR environment

The scanning of the images was not controlled in this experiment. The images produced
by the contractors of the LSS are the same images we use for our testing. The use of these
gives more credibility to our experimentation in the sense that they can be considered real
world samples. According to our records, the images were produced with either a Ricoh or
Fujitsu scanner at 300 dpi[6]. We have no information on the threshold values.

The scanned images were converted into a format usable by ISRI’s vendor-independent
interface[6] prior to the OCR process. Each image was then recognized using ExperVision
RTK (beta version 1), a software-based OCR system for PC-DOS. For a complete accuracy
assessment of this device and other OCR devices please see [7]. Eighty-one of these page
images could not be recognized using this beta version, so we completed the collection using
the Calera RS 9000.

We use automatic zoning for two reasons:

1. Manual zoning of 9,300 pages would have been labor intensive and time consuming.

2. The correct text had been manually zoned by the DOE contractors using a complex
set of rules. There was no guarantee that the zones we selected would have matched
their set exactly.

The lack of manual zoning may have had some adverse effect on the accuracy of the
corresponding output. Sciences Applications International Corporation (SAIC)* claims
“lmanual] zoning. . . results in higher output accuracy which, in turn, reduces required OCR
editing”[11]. Also as stated in [2], the presence of non-text data and noise increases the
difficulty of character classification and recognition.

Another side effect of automatic zoning is the generation of graphic text. Since graphics
are not always recognized by OCR devices, non-text data, such as maps, photos, and graphs
are translated to ASCII. This erroneous translation produces lines of unreadable ASCII
characters.

The process described above was performed on each of the 9,300 pages. The ASCII pages
generated were concatenated into complete documents for loading into the text database.

3.2 Text Retrieval environment

BASISplus is the text retrieval system we use for our experimentation. This system is
based on the traditional boolean logic positional inverted file methodology[3]. BASISplus
incorporates a relational database for querying structured fields on top of its original full
text retrieval system (BASIS). The inverted file model was chosen for our experimentation
because it is the most widely used technology[9].

3.2.1 Document environmen t

The correct text and raw OCR document sets were loaded as continuous text structures
using the default options such as stop word lists and break characters (e.g. blank . , :).

4SAIC was one of the LSS contractors.



Test Query INJD-T3-Q1

LSS Protot ype Test Question:  Your office is trying to trace the evolution of NRC’s
position on repository sealing concepts (e.g., shaft and borehole seals). You need to
produce a listing of all documents (including meeting material) discussing seals.

Text only translation: Find documents discussing repository sealing concepts (shaft and
borehole seals).

FQM translation: find document where text include phrase like ‘repository’
& 'seal' or text include phrase like ‘'shaft & 'seal' or text include
phrase like ‘borehole’ and 'seal' order by docid

Figure 3: Example test query translation

Since the OCR text was not formatted neatly like the correct document set, a number of
load parameters had to be adjusted before BASISplus would accept this OCR text properly.
In particular, the index sort parameters needed to be adjusted. The number of “terms” to
be indexed was 150,000—three times the size of the corresponding correct set. Each time a
character is incorrectly translated by the OCR device, a new word is formed and in turn,
indexed by the text retrieval system.

3.2.2 Query environmen t

BASISplus provides a query language called Fundamental Query and Manipulation or FQM.
FQM is a command language based on boolean logic that supports wildcarding and proxim-
ity searching. These features are used infrequently in our queries. One of our queries uses
wildcarding and only phrase proximity searching is employed. Although thesaurus facilities
are available with FQM, none were used.

The queries we use for our testing are a subset of the LSS prototype test questions. These
queries were artificially constructed to evaluate how well users were able to retrieve needed
information from the database—a very different intention than ours—and therefore should
reflect no bias in our testing. Many of the queries were written to retrieve information from
the structured fields of the records, not the actual text. Some of these structured fields
are: author name, title, descriptor field, and document type. Because of this difference,
some of the original queries were excluded from our test set; many others were reworded
so as to reference only the text of the document. The translation of the original English
queries to their FQM representation was done by a geologist, two computer scientists, and
two research assistants to ensure correctness. The interpretation of the original queries was
not lost and they represent an unbiased set of seventy-one queries. Figure 3 is an example
of an original test query, its text-only interpretation, and its FQM translation.

There are 205 unique search terms for the seventy-one queries. The average number of
terms for the queries is five. The queries were quite relevant to the subset of 204 documents
used in our testing since there was an average of eight hits per query. The same set of
queries was automatically run on each database—mno interactive searching was done.



4 Evaluation, Results, and Conclusion

4.1 Evaluation

The purpose of our experimentation is to determine the effect of a single independent vari-
able, the input data, on the performance of a boolean logic inverted file text retrieval system.
The dependent variable under assessment is the retrieved documents from the queries. Keep-
ing all other variables constant, we would like to measure differences using the number of
hits returned in the correct database as a benchmark. As discussed in [14] we would like to
ensure the validity, reliability, and efficiency of our experiment and its results.

First, we would like to point out that we are not trying to evaluate each individual
technology separately—we are evaluating the results of their synthesis. This unification
introduces a number of variables into the experiment: different scanners, different settings
different OCR devices and different text retrieval systems will give different results. But
relative to the environment we have used for our experiments, we believe our testing is valid.
The independent variable, the OCR input data, is a good indicator of the concept under
investigation|[14].

The reliability and efficiency of our testing stems from the diversity and size of the
collection we use. Although the number of documents may seem small in comparison to
other text retrieval experiments, the number of pages (9,300) and the number of index terms
(150,000 in the OCR database), is quite sufficient for the kind of testing we do.

The technologies we use represent a reasonable sample of the those currently available.
The OCR and TR systems, the input data, and the queries were not selected or designed with
this kind of testing in mind. Their selections were not only independent of this experiment,
they were independent of each other. Further, since no human influence is introduced in
our retrieval testing, many of the considerations for evaluating experimental results[14] are
eliminated.

The only factor that could possibly alter our results to some degree would be a modi-
fication in the definition of correct text. We state the correct text has a 99.8% character
accuracy. We assume this measure to be correct; however, we only performed a cursory scan
of the text. Further, a complex set of rules was used to determine the formatting, inclusion,
and exclusion of text. If these were changed, it may affect the outcome.

Although precision and recall are the standards for evaluating performance, we do not use
these criteria for our current measure of evaluation. Instead, we report on the comparison
of the result sets for each query run on both collections. This evaluation method, although
simplistic, will give us some indication of the answer we should expect to the question
proposed in the introduction. Since it turns out that, in general, these result sets are
identical, we do not expect a significantly different conclusion if precision and recall are
used. We would eventually like to consider precision and recall, and also ranking[8][10] as a
means of evaluation on a larger test set.

4.2 Results: experiment 1

Experiment 1 includes the loading, querying, and comparing of the correct document set
with the raw OCR set. The results of the seventy-one queries that were run on the 204
documents appear in Table 1. Of the seventy-one queries that were run, sixty-three of the
OCR database result sets were identical to the correct database result sets. For these 71
queries, there were a total of 632 documents returned in the correct database and 617 in the



Total number of documents

retrieved for correct data 632
Total number of documents
retrieved for OCR data 617
Percentage returned 97.6%
Number of queries for which

result sets are identical 63
Number of queries for which

result sets are different 8

Table 1: Experiment 1 query results

Poor original images
or hard copy 5
Hyphenation errors 3
Original document misspellings | 1
6
1

OCR character errors
| Total [ 15 ]

Table 2: Experiment 1 source of errors

OCR database. Fifteen documents were missing from the OCR result sets. The source of
errors for these fifteen missing documents can be found in Table 2. Since the images were
not generated by us, we do not correct errors caused by poor scanning or bad hard copy.
But by massaging these OCR documents, removing end-of-line hyphenations, and making
some spelling corrections, the other missing documents should be retrieved. This kind of
automatic document processing is described in [13]. Cleaning up this OCR text leads us
to the second version of our experiment: re-examining the query results after automatic
correction of the OCR text with the post-processing system.

4.3 Results: experiment 2

Experiment 2 is experiment 1 with an additional processing step. Before loading the OCR
documents into the text database, they are filtered through an end-of-line hyphenation re-
mover and the post-processing system. No manual correction was made to these documents;
only two automatic processes were applied. For this set, the break character list was ad-
justed to aid in the location of misspellings. For example, if the OCR device cannot make a
decision on what a character should be, it puts a “»” in its place. Since the tilde is a default
break character for BASISplus, this substitution caused incorrect word breaks and therefore,
partial words were indexed. Although these adjustments helped the post-processing system
locate errors, it may have had an adverse effect on other properly indexed terms. Evaluation
of this effect was not considered.

The results of the query retrieval are documented in Table 3. Since no attempt was made
to improve the images by rescanning, the errors due to poor images are not corrected. Of
the remaining ten, the automatic post-processing corrected seven. Only three documents
were not recalled. It is difficult to say whether two of the remaining three errors can actually
be attributed to OCR error. The only necessary condition for both these documents to be



Total number of documents

retrieved for correct data 632
Total number of documents
retrieved for OCR data 624
Percentage returned 98.7%
Number of queries for which

result sets are identical 65
Number of queries for which

result sets are different 6

Table 3: Experiment 2 query results

Poor original images
or hard copy 5
Missing SCPstring 2
Incorrect OCR translation not corrected
by the post-processing system 1

| Total | 8 |

Table 4: Experiment 2 source of errors

retrieved was the inclusion of the string SCP Both documents in the correct database had
had only a single occurrence of this string. After examining the hard copies, we found the
string was not part of the original document text and therefore was not relevant to the
query. In any case, these are counted as errors in Table 3.

Since there is little room for improvement from experiment 1 to experiment 2, the impact
of the post-processing system is not obvious. But 1100 misspellings of the 205 distinct query
terms were actually corrected in the OCR’d text. We believe that the impact of this post-
processing system will be more apparent when applied to a larger test collection and ranking
is used as an evaluation tool.

4.4 Conclusion

The simulation efforts for the LSS prototype demonstrated how painstaking and error-prone
the conversion of hard copy documents to ASCII text could be. Further, not only was it
found that manual intervention was costly, it increased the possibility of human error[11]—
error that is usually inconsistent and less obvious. What our experimentation suggests is
that with fairly good hard copy, with care taken during scanning, with a reasonable OCR
device, and with some automatic correction, most manual preprocessing of documents is
unnecessary prior to its use with a text retrieval system.

As previously stated, we are in the process of expanding the size of the database. We are
also planning to perform a much larger scale experiment using OCR devices with different
levels of accuracy. For this more full-blown version, we will calculate precision and recall and
incorporate ranking into the evaluation. For this purpose, we will be using the INQUERY
retrieval system[1]. These standard measures should further validate our results. We hope
to empirically identify a rate of character accuracy with which a text retrieval system can
cope.
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