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query document correct best middle worst

J maxtfl rank maxtfl rank maxtf~ rank maxtfl rank

14 193 73 1 714 I 32 630 27 109 1

28 468 96 ~~ 94 22 179 >600 396 453

Table 3. Relationship between maztfj and documentj ranking
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193
129
63
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Table 4. Most frequent terms and disparity in their maxtfj

query[3]. Whether a concept is associated with a specific document depends on both document and
collection term frequencies. Formula 1 is a simplification of the formula used by INQUERY to assign
concept t to document j[13].

[

log tz3 log f
k+ (l–k)*

log maxt fy * log c 1 (1)

where

c ~ collection size

f, = number of documents in which concept i occurs
t%~E frequency of concept i in document j
maztfj = maximum concept frequency in document j

The parameter k serves to bias the initial belief of term relevance and can be adjusted by the user to
fit the collection. We use the default belief value of k = 0.4 in our tests. The other four values (c, f,,

t %-l> maxt f] ) govern concept assignment. We found, by analyzing queries with very different document
ranking results across the four collections, that collection frequencies, f,, and document frequencies, tzj,
did not show enough deviation among the databases to adversely affect concept assignment.1 We did find
however, that maxtfl was inconsistent among the databases and the greater the inconsistency, the more
erratic the ranked results. Table 3 shows the ranking of two relevant documents to two selected queries.
Note the disparity in document ranking. The maxtfj values are a major contributor to this discrepancy.

Since the maxtf frequencies seem to dominate concept assignment and therefore document to query
relevance, their frequencies within an OCR collection is crucial to understanding the effect of this kind
of data. Some of the widely discrepant maztf terms and their frequencies are listed in Table 4.

Document 9 has two interesting anomalies. The most obvious one is the disproportionate maximum
term frequencies for each of the databases. Referring to Formula 1, one can see how these differing values
would influence concept assignment and produce unpredictable results. The second item to note is the
word image that had the maximum term frequency for this document in the correct database. Document
9 is 207 pages and contains much tabular information. The word image had replaced these tables and
became the mazt~ for this document. Document 9 was not the sole example of this phenomenon; there
were 65 other documents with “inserted” maxtfs.

Document 14 shows a common problem we encountered in our experiments. One would expect the
corrected database, in general, to have the highest term frequencies for correctly spelled words. In both
our experiments, in most cases, the correct database had fewer instances of the” co-rrectly spelled words.
This observation motivated our in depth verification of the corrected collection and our discovery of
“missing text”.

Documents 77 and 199 demonstrate another unanticipated effect of using automatic zoning to generate
the OCR collections. Although the worst OCR device may not be as effective in character recognition, we
found that its ability to ignore non-textual material worked to its advantage in some instances. Because
the best device was more resistant to excluding any part of the document that might contain textual

1 In general though, the best and middle databases had higher frequencies than the worst database,
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ments which could cause severe general intergranular snack in heavily

sensitized austenitic stainiefi S(WIS, In recent years, experience has shown

that “moderately” senbilized materials can undergo intergranular ~tress-

corrosion cracking (lGSCC) in envjronmcnls that do not cause appreciable

intergranular attack in the absence of stress I f J. ] Thus. a more discern-

ing test is required for these applications. Conversely, there are applica.

tions where the use ot moderately sensitized material, which could not pass

the current practices (or determining the presence of sensitization, would

perform satisfactorily in the semice environment [2j. in these cases, a

manufacturer would be forc~d to use an extra-low-carbon or stabilized

grade of’ material, with the associated cost or strength penalties. A test

that measured the degree of sensitization, in conjunction with ca)ibra!ion

tc$ts in the service environmnto could prOV& a “@nO ~0” materials
acceptance criteria for both cases. A rapid nondestructive test would also

to helpl”ul tor quality control on shop or Md-constructed components which

receive thvrmal treatments during fabrication.
. .

Figure 1. Image zone of document 583

material, it generated more graphic text than the other devices. Many of these strings are one or two
characters long, causing a substantial increase in term occurrences. These terms are sometimes the most
frequent terms, which determine the maxtf, as can be seen in these two examples. We believe that these
irregularities are the principal reason for slightly higher precision values for the worst database.

Documents 87 and 583 exhibit an unforeseen side effect that alters frequencies. In these documents,
the middle and the worst devices consistently misrecognized the stopword the, causing it to become the
highest occurrence term. The images for these documents were not extremely poor; a clip of document
583 appears in Figure 1.

Document 221 shows an expected result of using OCR text. The term population was misrecognized
by the worst OCR device more than half the time, causing the misspelling population to become this
document’s maxtf. The last document, 610, was added because it was one of very few documents where
both the term and the madf were the same for all four databases. DOEis the acronym for the Department
of Energy.

The frequency changes induced by using OCR text have a broader significance than is apparent from
this limited list. All the words contained in the text have the potential for being altered in some way.
One of the ramifications is the inconsistency of document ranking caused by erratic maximum term
frequencies. Other changes to term counts may cause more subtle effects.

3.3 Queries and Relevancy Judgments

The 68 queries in our current test were a subset of those used in our first experiment. Three queries
which requested documents written by named authors were removed. We felt these were unfair queries
for a probabilistic system using solely the text of the document. We describe the source of these queries
in detail in [1].

Since INQUERY provides a natural language interface, we use this query form for our testing. We
made minor modifications to the phrasing to eliminate insignificant words. An example query appears in
Figure 2. There were approximately 270 unique search terms (after removal of stopwords) applied in the
INQUERY internal query forms. The same set of queries was batch run on each of the four collections.

The relevancy judgments were not part of the collection we received from the DOE. We have been
collecting this information since we began our original accuracy experiments. The queries were examined
and the complete set of documents was divided among a group of geology graduate students to determine
relevance. The students made binary relevancy judgments, classifying documents as either relevant or
not relevant. No relevancy ranking was assessed. Excluding seven of the queries having no relevant

documents in the collection, the average number of relevant documents per query is 10.
INQUERY provides an automatic evaluation program designed to calculate precision and recall based

on relevancy information collected, We use INQUERY’s deval program to compute average precision
over the 68 queries[3].
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Test Query INJA-T1-Q1

LSS Prototype Test Question: You have been asked to find out if the Environmental Assessment for

the Yucca Mountain Site contained any information on how the repository might affect the economic
and social conditions of Nye County. If so, your requestor would like to see those portions.

Inquery natural language translation: Find documents about the Environmental Assessment for

the Yucca Mountain Site that dwcuss how the repository might affect economic and social conditions

of Nye County;

Figure 2. Example test query translation

3.4 Post-processing

In preparation for our previous experiment, we constructed an automatic OCR post-processing system [14].
This system was designed to correct OCR errors in the text without human intervention. After we loaded
our three OCR databases, we ran the post-processing system on all three of these collections to see what
improvements we could attain.

Our original post-processing system consisted of numerous steps. We started with a full-text database
of documents and obtained an index listing all the unique indexed words in the database. Then, using
word frequency information, an English dictionary, and an auxiliary domain-specific dictionary, we
divided the words into a list of what we call centrozds, and a list of misspellings. The centroids were
the words which were spelled correctly and had high frequency (greater than 1). We then clustered the
misspellings around the centroids using approximate pattern matching techniques. We call each pair of
matched centroids and misspellings clusterings. The idea was that if we could find misspelled words
that were close to a centroid word, then we would equate those misspelled words to its centroid. This
procedure worked for the most part, but sometimes a misspelled word would be close to more than
one centroid. We developed two heuristics to alleviate this problem. The first involved using document
frequency information about the words (as opposed to collection frequency). The second process took
information about the kinds of mistakes the OCR device was likely to make, and eliminated clusterings
that were unlikely to occur. Finally, a list of misspelled words and their correct words was produced, the
replacements were made, and the database was reloaded.

The post-processing system we used for the experiment described in this paper is based on our original
system[l]. Some changes were added to improve the post-processing system in general, while other changes
were added to help rectify problems specifically related to the probabilistic system. In our first experiment
we noticed that hyphenated words caused problems for post-processing as well as retrieval. One of the
steps that improves OCR text is the removal of end-of-line hyphens and the concatenation of word parts.
This step was made smarter. We also increased the number of clustered misspellings by increasing the
edit distance for longer words. Further, the accuracy of centroid selection was increased by taking into
consideration certain suffixes.

The most notable problem we found with using OCR text with the probabilistic system was the
amount of “junk” in the text, and subsequently in the index, that caused unreliable term frequencies.
One difficulty is determining which terms are “junk” and which terms are misspellings that could be
rectified by the post-processing system. After analyzing the list of indexed words we implemented the
following heuristics. We set limits on the minimum and maximum lengths of words (3 and 27 respectively)
and removed words with four or more identical consecutive characters. We also ignored strings that had
a high ratio of non-alphabetic characters or an irregular vowel-to-consonant ratio. These words were not
indexed. The results from running the best database through the post-processing system are compared
to its original version in Section 4.2.

4 Retrieval Results and Evaluation

Before presenting the results of our experiments, the context within which these tests were run should be
stated. Our purpose was not to increase recall or precision for any of the document collections, Therefore,
we did not use all the capabilities INQUERY offers. We used INQUERY version 1.5 with a minimized
stopword list of 148 words. We did not apply stemming for purposes of our post-processing system so
all the databases are in unstemmed form. Other options provided by INQUERY were ignored and any
default values were exploited. Our most basic requirement was consistency throughout our testing. We
present two precision and recall tables for each of the experiments run. These are presented in Sections 4.1
and 4.2.

2We use 2spel[[15]
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>
10 53.5

20 46.0

30 38.6

40 33.8

50 30.4

60 23.3

70 17.8

80 14.7

90 12.7

100 11.8

average 28.2

Precision ( YO chan~e) – 68 queries I
v,

best middle

53.1 –0.7 52.9 –1.0

44.8 [-2.6] 45.7 [-0.5]

38.9 (+0.8) 40.8 (+5.7)

;::: (+0.1) 35.3 (+4.5)

(+0.4) 31.0 (+2.2)

24.6 (+5.9) 24.6 (+5.9)

17.3 (-2.8) 17.5 (-1.6)

13.5 (-8.5) 13.2 (–10.8)

11.1 (–12.2) 10.8 (–14.6)

10.5 (–10.7) 10.2 (–13.9)

27.8 (–1.5) 28.2 (–0.1)

worst

3

54.0 +1.0

47.6 (+3.4)

39.7 (+2.9)

35.6 (+5.4)

31.9 (+5.1)

24.7 (+6.2)

18.5 (+4.0)

14.1 (-4.2)

11.6 (-8.6)

10.6 (–10.5)

28.8 +2.1

Table 5. Precision at standard recall points for the corrected document collection and the three OCR collections

Recall

10

20

30

40

50

60

70

80

90

100

correct

53.5

46.0

38.6

33.8

30.4

23.3

17.8

14.7

12.7

11.8

28.2

Precisio

best-pps

54.6 (+2.1)

48.0 (+4.4j

39.8 (+3.3)

34.7 (+2.8)

30.8 (+1.5)

::.: (+4.9)

(+1.2)

15.3 (+3.8)

12.3 (-2.5)

11.4 (-3.4)

28.9 (+2.5)

v’o change) – 68 aueries

mlddl e-pps

55.8 (+4.3)

48.7 (+5.8j

40.1 (+3.9)

34.8 (+3.0)

30.2 (-0.5)

23.4 (+0.6)

17.7 (-0.8)

14.5 (-1.4)

11.5 (–9.2)

10.8 ~-8.7j

28.7 (+1.8)

worst -pps

54.0 +0.9

47.4 [+3.1]

38.8 (+0.6)

34.2 (+1.1)

30.0 (-1.2)

H.; (+4.9)

(+3.1)

15:5 (+4.9)

12.5 (-1.5)

11.5 {-2.5j

28.7 (+1.5). . .1 average

Table 6. Precision at standard recall points for the corrected document collection and the three OCR collections

after post-processing

4.1 Results: Experiment 1

Experiment 1 examines the run of the 68

shows precision and recall results for this

queries described on the four

experiment. It compares the

database collections. Table 5

three OCR collections to the

corrected document set at 10 standard recall points. The percentage of difference at each recall point

can be found in parentheses.

The results in Table 5 are counterintuitive. The worst collection has the highest average precision

and the best collection has the lowest. On the surface it seems as the accuracy of the device improves,

the lower the ranking of the relevant documents in its generated collection.

In some respects this is true. As mentioned in Section 3.2, the best device recognized zones aggres-

sively. If there was a possibility of text within a figure or graph, the zone would be recognized. This

maximized the maximum term frequencies and in turn suppressed the weight, and therefore the impor-

tance, of query terms in relevant documents. The worst device, on the other hand, applies a more passive

approach, skipping zones it assumed were not text zones. These differing methods of recognition had an

amplified effect on the mazt~ and a less significant effect on other term frequencies in the documents.

So even though in most cases more terms were recognized correctly by the best device, their significance

was weakened by the normalization techniques IN QUERY applies.

From an IR perspective though, since the precision results are so close, the differences we see are

considered insignificant. Possibly with a minor change in the way we conducted our testing, the results

would fluctuate. However, the average values over the 68 queries conceal large individual differences

arising from OCR artifacts.

4.2 Results: Experiment 2

Experiment 2 demonstrates the usefulness of our automatic post-processing system (pps). The precision

values in Table 6 are what we would anticipate for the three levels of OCR accuracy. Although the averages

are still considered insignificant in comparison to the correct database, there is a decided improvement in

the best post-processed version when compared to its original version in Table 5. The increase in average

precision is over 4’?Io.
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query 8 document ranking

best 1 4 5 16 22 29 32 51 85 99

best after

post processing 1 2 3 5 7 22 38 47 61 99

I auerv 11 I document rankin~ I
L .“

best 113 I 115 I 152 I 228 / 275 I 309 /

best after

post processing 12 58 75 166 243 297

query 14 document ranking

~

Table 7. Improvements in relevant document ranking after applying post-processing system

We attribute this improvement to an extreme shift in document ranking for a few queries. In Table 7

we list three queries that show this improvement for the best database over its raw original version. Query

8 ranks every relevant document higher except the ?th. Query 11 shows a considerable upward shift in all

the documents, but in particular, the document ranked lst. Query 14 shows a more acceptable ranking

of document 193. We pointed out in Table 3 that document 193 had an exceptionally high maztf. In

the best collection this document was ranked 32nd; after post-processing it is ranked 1st.

Note that the average precision for the worst-pps collection (Table 6) has actually decreased. We

attribute this decrease to the artificially inflated precision values calculated for the worst collection in

experiment 1. These were stabilized after post-processing by increasing the number of correctly spelled

words; in particular, the maxtfs for the documents in the collection.

5 Conclusion

IR systems use different methods to construe the content of a document. Whatever method is applied, the

words of the document are an essential element. For a boolean system, as long as a single term occurrence

is found, the document is returned. Our first experiment showed that for a simple boolean system, the

problems caused by OCR error could be overcome by redundancy in the document text. As the IR model

becomes more so~histicated and tries to extract information from a document’s words, their role in the

outcome becomes more evident. The level of confidence that could be placed in a presumably correct

collection, can no longer be assumed with OCR text; the information extracted may not be reliable. OCR

collections then, have an impact on the information the system infers. From our analysis, this impact is

more apparent with statistical-based systems.

The impact we see is more specific than what Table 5 shows. Although the average differences

seem insignificant, individual queries can be greatly affected by OCR text. Further, when ranking is

so disparate, the user’s ability to filter through irrelevant documents might be all but impossible. For

these reasons, we believe the results of the post-processing system are consequential. Note that the post-

processing system [14] we use for this experiment is an enhanced version of the system we used in our

original work[l]. We have tuned our post-processing system to deal with the problems we encountered

using a probabilistic system. Its goal though is the same: to minimize OCR error and acquire text that

is more com~atible with the a~Dlied form of IR.

With fai~ly good images, c~~e taken during each of the processes, and automatic post-processing, the

results show OCR-generated text can be equivalent to manually typed and corrected text. This happens

in part because manually handled text is not as precise as we had hoped and in part because IR system~

and the methods for evaluating them are resilient to irregularities in the text. This is especially true for

longer documents. As the length of the document decreases the effect on recall and precision may be

more apparent [2, 16].

We pointed out in our first paper that we do not view our experiments as a means of evaluating IR

systems. We are combining two technologies that, until very recently, were being tested and judged in

two separate domains. Our experiments have given OCR evaluation a new perspective. In general,- OCR

devices have been tested at the character and word level. We have enhanced this objective by testing

OCR generated text at the document and collection level which should contribute to research in both
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the OCR and IR disciplines
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