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Abstract

In this paper, we consider a statistical approach to augment a limited database
of groundtruth documents for use in evaluating optical character recognition (OCR)
software. We require groundtruth documents to assign a performance measure to
the OCR component of the Forward Area Language Converter (FALCon) system.
A modified moving-blocks bootstrap procedure is used to construct surrogate doc-
uments for this purpose which prove to serve effectively, and in some regards, in-
distinguishably, from groundtruth. The proposed method is validated through a
rigorous statistical procedure.

Introduction

The Forward Area Language Converter (FALCon) is a portable, field-operated,
translation system designed to assist in intelligence collection. It enables an op-
erator with no foreign language training to convert a foreign language document
into an approximate FEnglish translation for an assessment of military relevance.
The principal components of FALCon are an optical scanner, an optical character
recognition (OCR) module, and a machine translation (MT) module. In order to
assign a performance measure to the FALCon system, measures of effectiveness of
the components must be developed and then aggregated into an overall measure.
The focus of this paper is limited to evaluation of the OCR, module.

A current procedure for determining a quantitative measure of the efficacy of
an OCR product is as follows: A selection of carefully prepared source-language
documents, called groundtruth, is stored in the computer; hardcopy of the same
document set 1s then scanned into bitmap images; the OCR software partitions a
gross bitmap image into homogeneous zones that are processed according to content.
For zones that are identified as text, specialized scoring software then compares the
OCR output against the corresponding groundtruth to produce accuracy statis-
tics, usually including percentage agreement for both words and characters, and a
confusion matrix.*

A central database of groundtruth documents, accepted as a baseline, would
enable the evaluation of OCR products to proceed from a common benchmark.

*A confusion matrix displays the number of character insertions, substitutions, and deletions
required to reconcile the groundtruth and OCR output files.



Unfortunately, such a database does not exist, making the comparison of OCR
software more difficult and any conclusions drawn more tentative. Fundamental
questions regarding sample size requirements, and suitable document composition
for such a database, remain to be addressed.

Collection of a corpus that is sufficient for evaluation of an OCR product is
likely to remain, even in the best of circumstances, a burdensome task. Access to
a sufficient number of source-language documents, representative of the document
classes of interest, may not be feasible; and, even if obtained, the expensive and
time-consuming process of preparing groundtruth remains. To address this problem,
we are proposing a statistical approach to corpus generation based on a small set
of source-language documents. Coincident with the statistical inquiry, substantial
work involving language transliteration must be accomplished.

Time Series Model

Consider the passage of Serbian text shown in Figure 1. Every character—
letters, punctuation marks, interword spaces—is represented numerically in the
computer. The set of character and numeric equivalents (the mapping) is called
a codeset. For a specific language, the codeset representation may not be unique.
Russian, for example, has four commonly used 8-bit encodings and some Asian
languages even more [1]. A representation of the Serbian text in Figure 1 for a
particular codeset assignment is shown in Figure 2.

In Figure 2, the first 80 letters (emboldened in Figure 1) of the Serbian text are
portrayed. The vertical dashed lines mark the location of interword spaces, which
have been removed, along with most punctuation, to facilitate our methodology.
The z-axis indexes the order of occurrence of the characters in the text, and the
corresponding codeset values (numeric equivalents suppressed for presentation pur-
poses) are plotted along the y-axis. If the characters are processed sequentially,
then we can assign to each character an associated time epoch, and Figure 2 can be
considered as a time series representation of the first 80 letters. The scale of mea-
surement for the y-axis 1s nominal; an alternative codeset, if appropriate, would lead
to a different graphic representation with no attendant loss or gain of information.

In attempting to generate a corpus, we would like a core of authentic documents
to serve as a basis from which to generate additional pseudodocuments. An anal-
ogous situation, arising in the analysis of time series data collected as part of a
clinical study, has been described and addressed using the bootstrap [2, 3].

Bootstrap Application

In this section, we present an abridged description of the bootstrap procedure,
modified for application to the textual model. Notice the time series has an in-
herent structure: the time series represents a block of text—it is not a random
sequence. Moreover, the words themselves are subject to lexical constraints; hence,
the patterns they assume in the codeset representation have meaning. These word
patterns are, however, interrupted with great frequency; the interword spaces play
the role of interventions in time series modeling. As a consequence, the time series
has local structure contributed by the word patterns but little in the way of global
structure due to the high frequency of interventions.



"Heuec OoCTaTU IIyCTO HeBecume PaBHO HO 1I1eC
OuTU OHO CTO cM Ba3na omJio:pacamauk CpicTBa
” KOJIEBKA JIapa!" "Cpbuja Mopa IoCTATH BEJIUKO
pamunucte u pomuancTe!" OBo cy caMo OBa M3BaTKa U3
ckopacmux roBopannuja Byka /IpackoBuna. AmaxpoHunHA,
cplenapajyia peTopuka, TpuMepeHa TOJUTUIAPAMA
OCaMHaeCcTOT BeKa, IpeCcTaB/ba JaHAC HAjOOJU IPUMED
JIa3W-TOBOpA WJIH je3uKa-Macke. A OHaj KO Ha cebe cTaBu
MacKy JIa3Uu-TOBOpa, Ipe NN KacHIje, M3a6paue 7 JIa3 Kao
OCHOBHH IMOJIUTUIKY TpuHIKUI. HUKO HIje m3pekrao TOMUKO
Jla3’, MO ABAJIA U JA3HUX J0Ka3a 0 kocoBy kao r. JIpackoBuin
1 lberoBa TeJieBuU3nja. Panmje cMo Ty aHAXPOHUIHY
PETOPCKY MAaCKy IPUMAJI KA0 HEKaKaB lbeTOB 0CODemh ANk
1360p, Ka0 CTO MPUMAMO HENMUJH Iy TAIKA CTUJI Y OIEBAILY.
Tpebaio je 3a meTroBy peTOPUKY PeIr OHO CTO je ONyBEK I
ouia - ma je oOUIMaH KHIII.

Figure 1. Serbian Text
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Figure 2. Time Series Representation



Denoting the time series as a sequence of ordered pairs (z1,41), (#2,92),- ..,
(Zn, Yn), we begin the bootstrap procedure by choosing a random location within
the time series, say (z,,y,). Starting with (z,,y.), we copy the subsequence
(s ¥r), (Tog1, Yrg1)s - -+, (Xpr, ) into an array. The length of the subsequence,
" —r+ 1, is determined by sampling from the distribution of word-lengths found
in the authentic document. A second random location, (z;,ys), is then deter-
mined, and a second subsequence, (25, ys), (Zs41, Ys4+1)s - - -, (€57, Ysr ), is copied and
appended to the subsequence already in the array. Figure 3 illustrates a situation in
which three subsequences have been chosen, two of them overlapping.! The overlap
does not create a problem since the sampling is done with replacement. This pro-
cess continues until terminated by a stopping rule. At that point, a bootstrapped
time series, the first 80 values of which are shown in Figure 4, has been produced.
The shaded regions appearing in Figure 3 are aligned in Figure 4 in order of their
occurrence. Inverting the codeset mapping, subject to inherent lexical modeling
constraints, yields the bootstrap document shown in Figure 5.
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Figure 3. Intermediate Results

Empirical Results

The bootstrap procedure under which the document in Figure 5 was constructed?
precludes its being “read” by an individual. Our intent, however, was to produce a
document image (or character string) sufficient to assess the character recognition
capability of an OCR product. If the OCR software has incorporated language-
specific decision aids to support character segmentation, the bootstrap document
will likely reduce the effectiveness of those procedures. Clearly, spell-checkers will

t This example is somewhat contrived, in that the three subsequences were chosen from the first
80 characters pictured in Figure 2. In practice, all subsequences are randomly chosen within the
entire document.

A modified moving-blocks bootstrap.
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Figure 4. Bootstrapped Time Series

A3 nmadbuiaBecuH adbusgopaca eoouna pa Po

our. 11 soc j" maenkup M cu ana Iln ajymape
Ma HIKOH NH>€ apaHNJEeCMOTy Cy TOPCKYMaCK eMOM
ApackoBUIUE oHO. Mad'" crpodan nannoses, ujemnoned
6opUTPUME BbePABHO, eNo ne(hU HUK XYMaH IeroBo.
Nxymanucra mecO6uT mpuMeneH HaM030yH ecOCTa & ank pod
TpuJs niasHnx ! Ajeobun tactpod "aMackea o n3apupe
3MKa OB aM3BATK ynyTHIp cT. ''BecTaBu kanpa Tunap aoc
obemallk ecibaBa eroBatr Cpien azel opynuBa To. A3 nx

a MKATPY IO Uaa3ka acTusbe b p pcky. CTuHepac MKaoH
amHay, oT jecM mKampume, TaTuBes ce Umk" pukanpume,
KIujoM" JZKYH OIl BbeIOBy peTo alpe, nka? Jloman nucecesnb
ankun3 TeseBu3 Mo Tkabhe Tojenas nanumoze3u, nu Mmc
CTOje By KpBoJIONaH. MIMaMoHe acKyJIa3uro ocToje M 3Ba"
POIl MHENKMPATH UT €0eCT JI BUMA UXEKCTe TN OBOP COCT
panmacyceocel uicecespeB uka. 1l pebaiioje3a Bibamgmecocta
MCHJIMHOM U Ujapa XTeBaoJace U Jie JOM ICe OJUTUIIAPH
Topukai, butu croror.

Figure 5. Bootstrapped Text



not be of value. Lexical analyzers (e.g., hidden-Markov models) will likely be de-
graded, but not rendered ineffectual, since substantial local structure has been re-
tained under the moving-blocks procedure.

There is a widely accepted statistical approach to automated language identifi-
cation that does not rely on identifying words of a text [4]. This approach is based
on the distribution of textual n-grams.? While we are not interested here in lan-
guage identification, we are keenly interested in producing documents that remain
indistinguishable from the actual language under these identification schemes.

Toward that end, we have compared n-gram profiles of an original document
against 1ts bootstrap progeny. A typical result from such a comparison, in which
the bigrams of five bootstrap replicates (labeled outl,... out5) were individually
compared with the bigrams of the original document, is shown in Figure 6. Bigrams
whose frequency differed by less than 0.005 in absolute value from the original
document for all five bootstrap replicates, |fyoot(i) = forig| < 005, i =1,...,5, were
not plotted. In this example, 7.6% of innerword bigram frequencies were determined
to differ by more than this amount. Those instances are plotted in the left panel
of Figure 6, where it can be seen that, for a given bigram, the inequality was often
violated by only a single bootstrap replicate, and the difference was seldom in excess

of 0.007.

An artifact of the moving-blocks bootstrap was the creation of bigrams that
did not appear in the original document. These typically arose at the “edges” of
bootstrap words, involving a bigram of the form (space, character) or (character,
space).T Those occasions in which the inequality was violated for these spurious
bigrams are pictured in the right panel of Figure 6. The annexing of data whose
spatial dependencies across subregion boundaries do not reflect those in the original
data set is at the core of this problem and has received research attention from sev-
eral investigators [5, 6, 7]. The rejection rate for innerword and interword bigrams
combined was 14%. This value is influenced, in addition to the stringent threshold
level, by the size of the documents; frequencies, f( ), are inversely proportional to
document size.

Five Serbian documents of comparable size were selected as the kernel of a
more intensive investigation. Groundtruth files were created for each of the doc-
uments through keyboard entry and post-verification. Three inquiries were then
undertaken. First, the Serbian documents were scanned and submitted to the OCR
software for segmentation; the groundtruth and OCR output files were compared
for agreement using specialized scoring software [8]; the character accuracy for each
of the five documents was determined. The results, labeled original, are plotted in
Figure 7. Next, the groundtruth files were printed. The printer output was scanned,
processed by the OCR module, and compared against the groundtruth files. Those
results, labeled ground, are again shown in Figure 7. Finally, for each of the 5
original Serbian documents, b bootstrap replicates were generated, 25 bootstrap
documents in all. The bootstrap files were printed, and the hardcopy scanned and
OCR’d. The bootstrap files and OCR output were compared, and the average per-
centage agreement, labeled boot, is plotted in Figure 7, along with the component
values.

§The n-grams of a text are all the character sequences of length n contained in that text. For
example, special forces contains 14 unigrams (s,p,e,...), 13 bigrams (sp,pe;ec,...), 12 trigrams
(spe,pec,eci,.. . ), and so on.

et |, represent an interword space. The edge bigrams of an arbitrary word wxyz are then ,w
and z,.



Figure 6. Frequency Differences

Document Set

Figure 7. Character Accuracy
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Notice the range of percentages plotted in Figure 7—[98.4, 100]. For most prac-
tical purposes, and certainly for our inquiry, the bootstrap documents can serve as
a statistical surrogate for the authentic Serbian documents. More intensive investi-
gation of these data appears in an expanded version of this paper [9].

Model Validation

We have detailed in the section Bootstrap Application the mechanics of pro-
ducing a bootstrap document. The results provided in the section Empirical Re-
sults, while insightful and persuasive, still stop short of advancing a general pro-
cedure for rigorous assessment of a bootstrap document’s ability to perform as a
surrogate manuscript. Such a procedure is the topic of this section.

Up to now, we have used pseudodocument, surrogate, or progeny to describe the
role intended for a bootstrap document. An expression we have not used, but equally
appropriate, is “simulated document.” We want to introduce that expression, and
that notion, at this juncture. If a bootstrap document is thought of as a simulated
document, then the procedure responsible for its existence is a simulation procedure.
In other words, the modified moving-blocks bootstrap procedure may be considered
the central part of a stochastic simulation model.

The discussion to follow will be facilitated by the introduction of some additional
notation and terminology.

Let x = (21,...,2p) be a vector of inputs parameterizing a stochastic simula-
tion model. The inputs may be values of a mathematical variable, measurements
on a random variable, or a combination of the two. For our application, number of
paragraphs, number of sentences, number of double quotes, sentence lengths, word
lengths,. .. are all input parameters. Let y denote the output of a simulation model:
y € A takes on values in a set A determined by the model structure. Let z be
a measurement on a real-world process being simulated, whose attributes coincide
with those of the input vector x. For our application, y is the percentage measure
of agreement between a bootstrap document and its groundtruth; z is the percentage
measure of agreement between the authentic document and its groundtruth. In gen-
eral, y # z, since both y and z are observations on a random variable—y because
the model is stochastic, and z because the model specification is incomplete. For
example, point size, font family, physical attributes of the paper, are all uncontrolled
i the model under discussion. For a fixed x, many values of z may be observed,
since some but not all of the relevant variables and relationships are represented
in x. Since the purpose of a simulation model is to mimic a real-world process,
in attempting to validate the simulation, a comparison of empirical data with the
model output generated for the same conditions, as represented through the vector
X, 18 required.

Suppose that n paired observations (y1,z1),. .., (Un, 2n) are available for com-
parison, where each pair corresponds to a simulation run with a different input
vector. Here, (y1,...,Yn) are percentage accuracies for single bootstrap replicates;
(21,...,2n) are percentage accuracies for the corresponding groundtruth documents.
Since each pair was generated under different conditions, preliminary pooling of
the data is inappropriate. A procedure that examines each pair individually, and
then allows for the combination of these comparisons into an overall assessment 1s
required.



For m runs of the simulation model with a fixed input vector xj, a set of output
values ¥;1, ..., Yim, that can be compared with a corresponding empirical value z;,
is produced. Recall that x does not contain all of the relevant input variables. This
means that z, for a specific value of x, behaves as a random variable conditioned
on x. Likewise, y is a random variable conditioned on x by model construction. To
validate a simulation model, a viable approach would be to establish that F(y|x),
the conditional distribution of y, coincides with G(z | x), the conditional distribution
of z, for —oo < y,z < 00, and x € 2, a set of relevant inputs.

For m runs of the simulation model for each of n different input vectors xq, ..., xp,
the resultant data configuration (y11,...,41m;21)s--+, (Unis-- -, Ynm; 2n) may be
treated as n multivariate observations, where the y;; for fixed 7 are independent
and identically distributed. If the components of the vector (y;1,..., ¥im;2) are
ranked for each i, and, if the simulation model is valid, the rank assigned to z;
should be equally likely among the possible ranks 1,... m 4 1. This notion finds
implementation in the Mann-Whitney test, a nonparametric two-sample test for
location.

Several independent Mann-Whitney tests can be combined through a statistical
procedure known as a permutation test. The essence of a permutation test in the
present application is as follows: Let R; denote the rank of z; in the *® observation
(Yi1, - -, Yim; %) after the components have been ordered from smallest to largest;
R; is an integer between 1 and m 4 1 inclusively. A test statistic 7" is defined as
the sum of the R;s over all n observations; T' = 2?21 R;. Values of T" that are
determined to be too small or too large lead to rejection of the null hypothesis that
F(y|x) = G(z]x), for all —o0 < y, 2z < 00, x € Q. In words, the simulation model is
valid, or, the bootstrap manuscript is indistinguishable from an authentic document
wmn terms of OCR accuracy measurements.

What remains is to quantify the expressions “too small” and “too large.” To do
this, we need to know what values the test statistic 7" might assume and with what
frequency (probability) under the null hypothesis. This is most easily explained
with a numerical example. The data described in the penultimate paragraph of the
section Empirical Results and shown in Figure 7 are, after transforming to ranks,
in the exact format required.

We will continue the discussion focusing on these data. Clearly, T" can take
on all integer values between 5 and 30, inclusively. Associating a frequency of
occurrence with each value of 7' is a more daunting exercise. An exact solution
requires the systematic enumeration of every possible permutation of ranks within
the five vectors of dimension six: (yi1, ..., %5;%),¢ = 1,...,5, and the evaluation of
the corresponding statistic 7' = "7, R;. That amounts to (6!)° = 1.934917632 x
10'* values in total.

Numbers of such magnitude may be excessive and impractical. A much smaller
random sample, taken from the set of all possible permutations, may be adequate
to construct a reference distribution for 7' [10]. This was the case here. The
resulting distribution of T, based on a random sample of 10° permutations, appears
in Figure 8.|

lA normal approximation to the distribution of T is often adequate, depending on the permu-
tation sample size and the number of ranks to be assigned.
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Figure 8. Reference distribution for 7.

The experimentally determined value of T', T'=20, is seen to lie well inward of
the reference distribution. As a matter of fact, values of T as large as we observed,
or larger, will occur 31% of the time when the null hypothesis is valid—not nearly
large enough to cause concern that our claim of indistinguishability might be in
error.

Summary

A modified moving-blocks bootstrap was applied to the construction of pseu-
dodocuments used for evaluation of an OCR module. The n-gram profiles of the
resultant bootstrap documents appeared to be consistent with that of the source-
language document in a limited empirical study. A more extensive comparison of
bootstrap and source-language documents via the OCR module produced no dis-
cernible distinction between the two classes. The procedure governing bootstrap
document generation was validated using a rigorous statistical procedure. These
results strengthen the advocacy of a statistical approach to corpus generation and
encourage the implementation of more rigorous paradigms into the field of natural
language processing.
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