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Abstract. In this paper, we study the effects of auto-
matic zoning on retrieval and ranking variability. We will
show that OCR generated text from automatic zoning,
followed by post processing, produces retrieval results
equivalent to OCR generated text from manual zoning.
We further show that there is a strong linear association
between the ranked query results obtained from these
two methods of zoning.

1 Introduction

In both the government and private sector there has been
a directed effort to convert paper-based information to
electronic form. The Digital Libraries Initiative, Free-
dom of Information Act, information sharing, mandated
state and federal regulations for improved record access,
electronic health records, litigation support, and IRS re-
form is a short list of projects that require this form of
conversion. The notion of hard copy conversion though,
conjures up a long list of manual processing steps that in-
clude scanning, organizing, indexing, re-keying, manual
cleanup, etc. The costs associated with these conversion
steps for a project of any magnitude is prohibitive. Op-
tical Character Recognition (OCR) was one of the first
technologies that reduced the amount of manual inter-
vention into the conversion process, but the generated
text still contained errors.
From the retrieval point of view, it has been shown

that OCR errors do not affect average precision[2,11,
12]. It is also known that for low quality documents
(e.g., faxed documents, nth generation photocopies), we
may have to work harder in order to retrieve them[12,
4]. This brings up a few interesting and open problems
that should be addressed. For example, at what char-
acter accuracy do we start seeing a degradation in re-
trieval? Hawking[4] has shown that a 5% character error
rate may hinder the retrieval of certain documents. Also,
Taghva[12,16] has shown that feedback is not as effec-
tive in OCR generated text as it is in clean text. Both

authors report on ranking variability caused by OCR er-
rors: a relevant document may be ranked 20 in the clean
text but ranked 100 in the OCR generated text.
One major task in the conversion process is zoning

which separates document text from non-text while pre-
serving the reading order. In a production environment,
the task of zoning can be done manually or automati-
cally. Automatic zoning can introduce errors that may
affect the reading order of the text. It may further pro-
duce long spurious character strings known as graphic
text or garbage strings. Since these garbage strings be-
come a part of the index for retrieval, it can increase
document length[11,12,9]. It is also shown that docu-
ment length normalization techniques are the main cause
of ranking variability. For these reasons, some organiza-
tions with large conversion projects employ manual zon-
ing instead of automatic zoning.
This paper addresses the issues of retrieval effective-

ness and ranking variability when automatic zoning is
applied. We show that post processing of OCR text can
help solve the ranking variability problem that may be
encountered in the production environment.

2 Background

The Licensing Support Network (LSN), managed by the
Nuclear Regulatory Commission (NRC), will provide in-
formation that is potentially relevant to the licensing
of the high-level radioactive waste repository proposed
for Yucca Mountain, Nevada to all interested parties.
There are several organizations contributing documents
to the LSN, but the Department of Energy (DOE) as
the licensee, will submit the vast majority of these docu-
ments. Since the document collection will be very large,
the identification and retrieval of documents must be
timely and effective. What’s more, effective retrievabil-
ity should be of the utmost concern. Whatever capture
method is selected, it should produce the expected re-
sults.
The retrievability studies we perform and explain in

this paper evaluate and compare automatic and manual
methods that can be used for document conversion of
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Document count 1055
Number of pages 75,236
Query Count 40
Average number of relevant documents/query 100
Median number of relevant documents/query 64
Fewest relevant documents for a query 2
Most relevant documents for a query 608

Table 1. ISRI Collection Statistics for Auto-Zoned vs.
Manual-Zoned Test

text from images. These results will enable the DOE,
and other organizations with similar projects, to make
a well-informed decision for their document conversion
processes. We report on optical character recognition’s
(OCR) impact on retrieval for the following:

– Manual zoning vs. automatic zoning (Section 3).
– Differences in ranked results between manually-zoned
and automtically-zoned OCR text (Section 3.3).

– Post-processing methods applied to improve the OCR
text produced (Section 4).

– The automatic document conversion methods com-
pared to nearly perfect (99.8% correct) text (Sec-
tion 5).

These tests, in conjunction with the results reported
in [5], will provide an in-depth analysis of the perfor-
mance of our automatic document conversion system.

3 Manual Zoning vs. Automatic Zoning

3.1 Environment

The zoning experiments described in this paper dupli-
cate the DOE production environment. The documents
and queries are a good representation of the expected
LSN collection and its anticipated use. Our environment
consisted of the following software:

OCR: Scansoft v10 with the MTX OCR module[7]
Post Processing: MANICURE v1.7[15]
Retrieval Engine: Autonomy Server v2.2.0[1]

The test collection that we use to compare manual vs.
automatic zoning consists of 1055 documents that were
selected from documents in the RIS with the document
type “Report,” “Plan,” “Design Document,” or “Cor-
respondence.” Manual zoning information for each page
was made available by the Yucca Mountain Project man-
agement and operations contractor. Forty queries with
relevancy judgments were developed by UNLV Geology
students who were familiar with the DOE collection. Ta-
ble 1 shows some statistics for this dataset.

3.2 Recall/Precision Results

We produced two versions of the 1055 document collec-
tion described in Section 3.1. For one version, we applied
the manual zoning information described above (call it

Manual-Zoned Auto-Zoned
Recall Precision Precision
0.00 0.78 0.84
0.10 0.58 0.61
0.20 0.50 0.54
0.30 0.44 0.46
0.40 0.41 0.42
0.50 0.36 0.35
0.60 0.31 0.31
0.70 0.27 0.26
0.80 0.22 0.22
0.90 0.18 0.18
1.00 0.12 0.12

Average 0.379 0.392

Table 2. 11-Point Precision for Manual-Zoned Vs. Auto-
Zoned Sets

manual-zoned). We also produced another version ap-
plying automatic zoning performed by Scansoft (call it
auto-zoned). Both collections were loaded and indexed
into Knowledge Server. All 40 queries were batch run
against these two datasets in exactly the same way.
The objective is to compare these two result sets

against each other. Recall and precision are the accepted
measures applied in the Information Retrieval (IR) com-
munity for comparing retrieval results[6][3]. In Table 2,
recall percentages are shown in the left most column with
the corresponding precision values at these recall points.
For example, when the system has returned 20% (0.20
recall) of the relevant documents in the collection, 50%
of those returned in the manual-zoned set were relevant
and 54% of the auto-zoned were relevant. The precision
values represent averages across all queries. The last row
of Table 2 is the average of the precision values in the
columns. Table 2 shows precision at 11 recall points for
both the manual-zoned and the auto-zoned versions of
this collection.
Note that the 11-point average for auto-zoned is 3.5%

better than for manual-zoned. This higher average re-
turn for auto-zoned indicates that running these queries
against this data set gives better results from automatic
zoning than one could expect from manual zoning. This
difference is not statistically significant though. To be
statistically significant for this size collection, the differ-
ence would have to be 5% or greater. What we can learn
from these results is that in general, automatic zoning
can give results as good as those obtained from manual-
zoned OCR.

3.3 Ranked Query Analysis

The 11-point precision average indicates that there is no
difference in query results for the methods used for col-
lection preparation. On the micro level, we felt it was
important to investigate what exactly happens to in-
dividual query rankings. In other words, if a relevant
document was ranked 25 in the automatic results, what
would be the rank of the same document in the man-
ual version? By reviewing the query-by-query results for
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All Documents
Auto-Zoning Manual Zoning

Average Rank SD Average Rank SD
289 258 289 258

correlation coefficient r = 0.97
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Top 25% of Auto-Zoned
Auto-Zoning Manual Zoning

Average Rank SD Average Rank SD
103 76 109 91

correlation coefficient r = 0.82

Fig. 1. Auto-Zoned Ranks vs. Manual-Zoned Ranks scatter
plot and summary for all documents, and high ranking auto-
zoned documents.

both versions, there seemed to be no significant variation
between rankings. The following paragraphs report the
technical details supporting our observation.
The collection has 1055 documents. Hence, for a spe-

cific query, a relevant document can be ranked between
1 and 1055. Obviously, we would like to see the relevant
documents ranked as close to 1 as possible. Now consider
all the relevant documents that were ranked 3 for the au-
tomatic version. We can find the corresponding rank of
the same documents in the manual version and represent
the resultant pairs as points: (3, 6), (3, 1), (3, 135), etc.
If we continue this process for all the ranks and plot

these points, we will discover the scatter plot in Figure 1.
This graph exhibits the relationship between the corre-
sponding rankings. In other words, for a fixed rank m on
the x axis, the auto-zoned ranks, then the y values, the
manual-zoned ranks, represent the corresponding ranks
for the same documents for the manual-zoned.
Formally, we are interested in the relationship be-

tween the quantitative random varaiable y (Manual-Zoned
Rank) to the quantitative variable x (Auto-Zoned Rank).
Intuitively, we want to know if we employ automatic zon-
ing in our production environment, then how will rank-
ing of the relevant documents be affected. One measure

All Documents
Predicted

Auto-Zoned Manual-Zoned
Rank Rank
200 203
150 154
100 106
50 56
10 19
350 349
400 397

Top 25% of Auto-Zoned
Predicted

Auto-Zoned Manual-Zoned
Rank Rank
50 57
25 32
5 13
150 155

Table 3. Predicted Manual-Zoned Ranks using the Regres-
sion Method

of the strength of the relationship between two variables
is the correlation coefficient. Figure 1 also contains a
summary of the plot by average ranks, standard devia-
tion, and correlation.
We can use method of Least Squares to obtain the

regression line and predict the manual ranks from the
automatic ranks. The solid line in Figure 1 represents
the regression line.
As can be seen in the scatter plot, the points in this

graph are tightly clustered around the regression line.
This clustering indicates a strong linear association be-
tween the two variables. In general, we use the equation
of the regression line for calculating the predicted man-
ual ranking of the same document in the manual version.
We can use the above analysis to extrapolate the rank

performance of manual-zoned from the auto-zoned ver-
sion. As can be seen from Table 3, the further away we
are from the point of average the bigger difference we
see in the ranks. This is the way the regression method
works. To lend more credence to our analysis, we did
the same calculation for the highest ranking documents
(i.e., only the ranks between 1 and 261), since these are
the documents that the user will most likely evaluate.
The correlation when considering only these documents
is given in Figure 1 and Table 3 under ‘Top 25% of Auto-
Zoned’.
The regression method is one way of comparing the

ranking correspondence between the two collections or
in this case, between two versions of the same collection.
In our experiments, it can be seen that there is no signif-
icant difference in the ranking between the two methods
of document preparation.

4 Post Processing of Auto-Zoned Text

Based on ISRI’s OCR and information retrieval research,
several post-processing routines were built to improve
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Auto-Zoned Auto-Zoned
Recall with rmgarbage w/o rmgarbage
0.00 0.84 0.83
0.10 0.61 0.60
0.20 0.54 0.53
0.30 0.46 0.44
0.40 0.42 0.40
0.50 0.35 0.35
0.60 0.31 0.31
0.70 0.26 0.26
0.80 0.22 0.22
0.90 0.18 0.18
1.00 0.12 0.12

Average 0.392 0.385

Table 4. 11-Point Precision for Auto-zoned with/without
rmgarbage

the quality of OCR text loaded into a retrieval system.
This set of processes eventually was streamlined into a
system we call MANICURE[15].
The major components of MANICURE include ppsys[10],

a process that automatically corrects misspellings in the
text, and rmgarbage, a process which removes “graphic
text” and other non-retrieval strings from an automatically-
zoned and OCR’d document. Previous experiments [11]
have proven the effectiveness of ppsys but the level of
improvement together with rmgarbage had not been mea-
sured. A simple means of testing its effects was to run the
same experiment discussed in Section 3 except that the
tested sets would be two versions of auto-zoned: auto-
zoned with rmgarbage and auto-zoned without rmgarbage.
All other processing steps remained the same. The re-
sults of this test appear in Table 4.
Reviewing these results, we see slightly increased pre-

cision at the highest recall values and average precision is
nearly 40% when rmgarbage is used. Again, although not
statistically significant for this set of documents, a small
but definite improvement is apparent with the complete
MANICURE system.
These experiments show that with automatic zon-

ing and MANICURE, users will obtain retrieval results
equivalent to what could be expected with manual zon-
ing. Further, since in many cases non-stopwords [5] are
corrected when MANICURE is applied, retrievability can
potentially be improved.

5 Automatic Zoning vs. 99.8% Correct Text

One might believe that the closer we get to 100% char-
acter accuracy, the better the retrieval results we will
obtain from a search engine like Autonomy. In fact, one
of the goals specified by the NRC is that collections sub-
mitted for the LSN should try to reach 99.5% character
accuracy across the collection and 98.5% for any particu-
lar page. What this next experiment shows (and several
other experiments performed at ISRI have shown)[14,11,
2,12,13] is that close to 100% character accuracy may
not be necessary for good retrieval performance.

Document count 1058
Number of pages 46,731
Query Count 62
Average number of relevant documents/query 17
Median number of relevant documents/query 9
Fewest relevant documents for a query 1
Most relevant documents for a query 99

Table 5. LSS Prototype Collection Statistics

99.8% Auto-Zoned
Recall Correct with MANICURE
0.00 0.55 0.54
0.10 0.46 0.45
0.20 0.35 0.34
0.30 0.29 0.30
0.40 0.26 0.26
0.50 0.22 0.22
0.60 0.18 0.18
0.70 0.14 0.14
0.80 0.12 0.11
0.90 0.08 0.07
1.00 0.06 0.05

Average 0.245 0.242

Table 6. 11-Point Precision for 99.8% Correct Text vs.
Automatically-zoned and Recognized Text

We have a collection of 1058 documents, 62 queries,
and 1104 relevancy judgments that we will use to answer
this question. This collection is particularly well-suited
for determining how character accuracy may affect re-
trieval performance for a couple of reasons. First, we have
two versions of the collection: one version with 99.8%
character accuracy[8] and another version that has been
recognized and processed as described in Section 3.1.
Second, the documents and the queries in this collec-
tion were part of the original LSN Prototype Collection
and so they should have similar characteristics and topic
content as the planned LSN. Collection statistics appear
in Table 5.

Again, as in our tests comparing manual vs. auto-
matic zoning, we report on retrieval results using the
standard measures of recall and precision. We loaded
and indexed both collections into Knowledge Server and
the 62 queries were batch run against these two datasets
in exactly the same way. The recall/precision results ap-
pear in Table 6.

The difference between average precision for the two
runs is less than 0.3%. As we pointed out for the manually-
zoned vs. automatically-zoned runs, the difference is too
small to be considered statistically significant. This test
tells us that the process used by DOE to prepare the
documents for the LSN will return results equivalent to
a collection that was corrected to meet 99.8% character
accuracy. With respect to retrievability, an artificially
high character accuracy does not guarantee better re-
sults for the end user.
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6 Conclusion

The aggregation of the experiments explained in this pa-
per tells us in no uncertain terms that using automatic-
zoning followed by OCR post processing will give re-
trieval results equivalent to what one could expect from
manually-zoned pages or even from a 99.8% correct col-
lection. We have also shown that there is a strong linear
association between ranked results. This association im-
plies that for all practical purposes, the two ranked query
result sets are statistically equivalent as well.
We believe these retrieval tests, in conjunction with

the results reported in [5], demonstrate that, in general,
OCR technology coupled with post processing provides
an economical solution to the migration problem from
paper documents to electronic form.
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