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Abstract. OCRopus is an open source OCR system currently being
developed, intended to be omni-lingual and omni-script. In addition to
modern digital library applications, applications of the system include
capturing and recognizing classical literature, as well as the large body
of research literature about classics. OCRopus advances the state of the
art in a number of ways, including the ability easily plug in new text
recognition and layout analysis modules, the use of adaptive and user ex-
tensible character recognition, and statistical and trainable layout anal-
ysis. Of particular interest for computational linguistics applications is
the consistent use of probability estimates throughout the system and
the use of weighted finite state transducers to represent both alternative
recognition hypotheses and statistical language models. In my talk, I will
first give an overview of these technologies and their relevance to digi-
tal library applications in the humanities, and then focus on the use of
statistical language models and their use for the integration of OCR out-
put with subsequent computational linguistic and information extraction
modules.

1 Introduction

New digitization techniques, cheap storage, cheap imaging equipment, and fast
networking are making large amounts of scholarly literature available in image
format, including literature in, and about, Sanskrit. Unfortunately, much of this
literature remains inaccessible as existing OCR systems cannot cope well with
this type of content, for a variety of reasons.

Large scale scanning efforts, like Google Books and various Million Books
projects, tend to rely on scanning methods that result in fairly low image quality
relative to the kinds of scanning methods that commercial OCR systems tend
to be developed for.

Recognition of Devanagari has been studied, and some academic and com-
mercial systems have been developed, but their performance is not yet at the
level of systems for English. Some of the reasons are the greater complexity of
the Devanagari script, the large numbers of ligatures, and the large and un-
usual vocabulary used in academic and historical texts. In addition, scholarly
and classical uses of Devanagari may use special typographic features not found
in commercial uses of Devanagari.



In addition, scholarly texts are frequently multi-lingual and multi-script, mix-
ing Devanagari and Latin script, and occasionally using Greek letters and IPA
symbols.

Overall, for classics applications, we can at least distinguish the following
document types:

– original documents. Some documents of scholarly relevance are indeed the
original written records; these may be handwritten, severely degraded, and
use unusual fonts and styles. For Sanskrit, with its long oral tradition and
long history, such documents are quite rare.

– original texts. Many classical texts have been recorded, edited, and reprinted
within the last several centuries, using modern printing techniques and mod-
ern typography. Such texts are of great scholarly interest, as are detailed
comparisons between the different editions. Although the body of such books
primarily consists of the original text, they often also contain scholarly com-
mentary, marginal notes, footnotes, and annotations, requiring multi-script
and multi-language OCR.

– commentaries, analyses, textbooks. These kinds of documents contain a mix
of scholarly writing in modern languages, passages in classical languages,
annotations, footnotes, references, and other content.

– dictionaries, encyclopedias, catalogs. These kinds of documents contain large
amounts of structured information. They are often characterized by non-
standard grammars, complex layouts, and complex mixes of scripts and lan-
guages.

The OCRopus system (Breuel, 2008) is a multi-lingual and multi-script open
source document analysis and OCR system that is actively being developed.
In this paper, I will review some of the directions we are taking in adapting
OCRopus to the needs of digitizing and analyzing scholarly literature, with an
emphasis on Sanskrit.

2 The OCRopus System

Unlike many commercial OCR systems, the OCRopus system uses a strictly
feed-forward architecture (Figure 1). That is, each processing stage receives
some input and computes an output representation that is then used by the
next stage, with no backtracking. From a software engineering point of view,
this greatly reduces coupling between components and makes it much easier to
“plug in” other layout analysis and text recognition modules. From a pattern
recognition point of view, it is not known how to model backtracking correctly
statistically, making it difficult to evaluate, test, or optimize OCR systems based
on backtracking.

The major stages of the OCRopus system are:

– Preprocessing consists of page dewarping and deskewing, noise removal, and
page frame detection.



Fig. 1. The OCRopus system architecture is strictly feed-forward, with the three major
stages being layout analysis, text line recognition, and statistical language modeling.

– Layout analysis performs a separation of text and images on a page, and
divides the text regions into text columns, paragraphs and lines.

– Text line recognition recognizes linear sequences of characters and outputs
the corresponding text and style information, in a format that allows for
both segmentation and recognition alternatives.

– Statistical language modeling selects the best interpretation of the text tak-
ing into account prior knowledge about the vocabulary, orthography, and
grammar of the target language.

OCRopus uses only a small number of data types internally, making it easy
to reuse parts of OCRopus in other systems, and making it easy to incorporate
other systems into OCRopus:

– Images are used for representing input data, as well as page layouts, segmen-
tations, and other spatial data structures.

– Weighted finite state transducers are used for representing the output of text
line recognition (that is, text with associated segmentation and recognition
alternatives), as well as statistical language models.

– The hOCR format is used for representing the final output of the OCR sys-
tem; it encodes OCR information in completely standards-compliant HTML
files. By building upon existing HTML standards, hOCR automatically has
a rich set of representations for typographic phenomena in the world’s major
languages.

OCRopus is primarily a set of C++ libraries implementing a variety of dif-
ferent document analysis and OCR-related functions. OCRopus contains a set of
simple standard internal C++ abstract interfaces for major document analysis



and OCR functionality, like isolated character recognition, text line recognition,
segmentation, and layout analysis. In addition, most of the OCRopus function-
ality is available through scripting languages, and major functions are available
as command line programs (Figure 2).

while pages:nextPage() do

pages:getBinary(page_image)

segmenter:segment(page_segmentation,page_image)

regions = RegionExtractor()

regions:setPageLines(page_segmentation)

page = PageNode()

for i = 1,regions:length()-1 do

regions:extract(line_image,page_image,i,1)

lattice = make_FstBuilder()

bpnet_recognizer:recognizeLine(lattice,line_image)

bestpath2(line,lattice,langmod)

page:append(line:utf8())

end

document:append(page)

end

Fig. 2. The top-level driver loop (in Lua) for multi-page, multi-column OCR with
statistical language modeling. Users can easily modify this loop, for example, to use a
different recognizer, to change the way language modeling is handled, to construct a
different output format, or to pre-process pages or lines to remove noise.

OCRopus can be used in a variety of ways for document analysis and OCR:

– Users can access it through hosted web services, submitting images through
a web browser or command line web client, and obtaining document analysis
and OCR results as web pages or images.

– Users can run OCRopus from the command line or use it from shell scripts.
– Users can customize how OCRopus performs OCR by scripting the OCR

engine in Lua (a widely used, easy-to-use scripting language); in fact, the top-
level driver loops are all written in Lua and can be modified to suit particular
needs (e.g., different image preprocessing, different output formats).

– Users can add C++ functions and components to OCRopus. Components
that conform to the existing OCR-related interfaces can be used as drop-
in replacements for functions like layout analysis and text line recognition.
Pre-existing OCR systems can be integrated into OCRopus in this way.

3 Preprocessing

The OCRopus OCR system has a fully scriptable library of efficient image pro-
cessing and statistical operations, including efficient binary morphology and ge-



ometric transformations. Obvious uses of these tools include noise removal and
other document cleanup.

However, many standard document analysis algorithms can also be formu-
lated as image processing tasks. For example, layout analysis by smearing, layout
analysis using the docstrum, and similar high-level operations can be expressed
in terms of binary morphology, distance transforms, marker morphology, and
statistics.

Even simple shape recognition problems, such as finding staffs, bars, circles,
and lines can be expressed using these primitives.

4 Layout Analysis

OCRopus features a number of different layout analysis methods:

– The primary layout analysis method used in OCRopus is based on compu-
tational geometry algorithms for finding whitespace and robust least square
matching.

– We are developing a trainable statistical layout analysis method that will be
included in future versions of OCRopus.

– XY cuts and Voronoi methods are widely used methods from the literature.
In benchmarks, we find that these methods do not genernally perform as
well as the previous two methods, but they may be useful in some specialized
applications.

– Custom “smearing” and morphologically based layout analysis methods can
be explicitly scripted in Lua and used in place of one of the built-in methods.

Two key questions that arise in the context of applications to scholarly San-
skrit literature are how well these algorithms work on Devanagari, and how well
they work on mixed text.

The primary layout method used in OCRopus performs layout analysis in
several steps:

– First, it computes a whitespace cover of the background, by computing all
locally maximal rectangles.

– From this whitespace cover, it selects column separators.
– Then it performs robust least square matching of text lines against the con-

nected components on the page, subject to the constraint that text lines
cannot cross column separators.

– Finally, it performs reading order determination by computing a “text-line-
after” relationship between pairs of text lines and extending that partial
order to a total order via topological sorting.

Generally speaking, OCRopus’s layout analysis methods seem to work quite well
on both types of input (see Figure 3). Text column styling is similar between the
two languages and there is no need to modify the white space cover algorithm.



The fact that Devanagari largely lacks intra-word whitespace actually reduces
the probability of column misdetection.

The constrained text line finder in OCRopus uses a “western style” text line
model based on baselines and descenders; however, this model works well for
Devanagari, since Devanagari characters effectively have size variations corre-
sponding to descenders and ascenders. However, the statistics for those varia-
tions are somewhat different from those of Latin script, with a larger “x-height”
relative to the size of the descenders and ascenders.

Fig. 3. The result of applying the standard OCRopus page layout analysis tool to
documents consisting of mixed Devanagari and Latin script. Standard OCRopus line
and column finders work well on Devanagari text, as well as mixed Devanagari/Latin
text.

Layout analysis also appears to work well on mixed Latin/Devanagari text
using the current model (see Figure 3). However, in the medium term, it will
be desirable to modify OCRopus text line finding to perform a pre-classification
into Devanagari and Roman characters and to create separate text line mod-
els for the two types of text. The prominent horizontal line running through
most Devanagari characters may provide a convenient, if ad hoc solution to this
classification problem until a more general purpose, trainable pre-classification
mechanism is implemented in OCRopus.



5 Line Recognizers

Although “OCR for classical Sanskrit” might primarily be understood as recog-
nition of Sanskrit texts written in Devanagari, the task is actually considerably
broader. Some historical texts may use different writing systems, since Devana-
gari is not the only script in historical use for Sanskrit. Scholarly writing on
Sanskrit almost always uses Latin script, and Latin script is also used for writ-
ing Sanskrit itself, including extended passages. Sanskrit written in Devanagari
and Latin scripts also makes use of numerous diacritics that need to be recog-
nized. In addition, IPA may be used for pronunciation, Greek letters may be
used for classical Greek quotations, and Greek letters and other special charac-
ters may be used for indicating footnotes or other references. Text recognition
for literature involving Sanskrit therefore needs to be able to cope with this wide
variety of symbols, as well as mixing them within the same text and even the
same line or sentence.

As indicated above, OCRopus abstracts all actual character recognition in the
form of text line recognizers; that is, text line recognizers for different scripts
are responsible for segmenting the text line into characters, then recognizing
the characters, and then returning a data structure that represents all possi-
ble segmentation- and recognition alternatives for the input line. This approach
allows the same interface to be used between the rest of the system and the char-
acter recognition engine despite the fact that different scripts require different
approaches to word and character segmentation.

5.1 Built-In Line Recognizers

OCRopus already has built-in line recognizers for Latin scripts. These are im-
portant in their own right in OCR systems for recognizing scholarly texts on
Sanskrit, since, in order to recognize Latin script texts, for scholarly texts in
languages like English, German, or French, and for recognizing Romanized De-
vanagari, an OCR system needs a high performance, high accuracy text line rec-
ognizer. By the beta release, OCRopus will have four such recognizers: (1) the
Tesseract recognizer, a shape matching recognizer based on character outlines
(Smith, 2007), (2) an MLP-based recognizers that performs oversegmentation
followed by character classification with a MLP, (3) a shape-based recognizer
using a hierarchical database organization and robust shape matching under
transformations, and (4) an HMM recognizer that integrates segmentation and
recognition. By the 1.0 release, OCRopus will likely also incorporate a text line
recognizer based on word shape.

Unlike many other approaches to OCR, these recognizers make few assump-
tions about the character set or fonts they are recognizing; instead, they are
trained on text line input, perform alignment against ground truth data, and
then train individual character shape models automatically. The feature set used
by these recognizers are generic and applicable to many scripts. Language mod-
eling is handled separately (see below). Recognition accuracy of these recognizers
approaches that of commercial OCR systems.



Diacritics are currently handled by treating character+diacritic combina-
tions as novel characters--an approach that works well for the limited char-
acter+diacritic combinations found in modern European languages. Scholarly
literature has a much large number of possible combinations, for example when
diacritics are used to indicate stress. In addition, some diacritics in scholarly liter-
ature span multiple characters. Increased use of OCRopus for scholarly literature
may therefore require the development of diacritic recognition and removal prior
to character recognition, with an integration of character recognition results and
diacritics at a later stage.

5.2 External Line Recognizers

As already mentioned above, OCRopus makes it easy to incorporate external
OCR and character recognition engines into the system. This will permit the use
of Devanagari OCR engines that have already been developed within OCRopus
for text line recognition, while still taking advantage of the layout analysis and
statistical language processing facilities of OCRopus.

5.3 Devanagari

It will be desirable to take advantage of the built-in text line recognition meth-
ods in OCRopus for Devanagari recognition. Although the visual appearance of
Devanagari is very different, its basic approach to writing is not all that different
from Latin scripts (in fact, it has been hypothesized that the two writing systems
share a common origin): Devanagari consists of a linear sequence of graphemes.
Each grapheme represents a consonant or vowel, although consonants carry an
implicit vowel, meaning that it is usually considered a syllabic script. Phenomena
like diacritics, word spacing, and kerning are common to both writing systems.

There are some significant differences to Latin script:

– In printed Latin script, graphemes do not touch each other in clean renditions
of the script; in Devanagari, touching characters are the norm.

– The text line model is different, with character “hanging from” a horizontal
line running through most of the Devanagari text.

– In Latin script, grapheme order corresponds mostly to phoneme order, while
in Devanagari, order is frequently violated. For example, graphemes repre-
senting vowels frequently precede graphemes representing consonants, even
though the vowel phoneme follows the consonant. Unicode encoding follows
phoneme order in many cases, necessitating a transformation of grapheme
to Unicode order.

– Devanagari makes extensive use of ligatures for consonant clusters; this
means that although the basic character set is about the same size as Latin
character sets, there is a much larger set of ligatures that needs to be recog-
nized.



– Devanagari makes extensive use of diacritics; as in Latin script, these can
either be recognized as part of the character itself, resulting in a large char-
acter set, or they can be recognized as separate units and later be combined
with the base character set.

Many of these issues also arise with other writing systems and therefore need
to be addressed within a multi-script, multi-lingual system. For example, Ara-
bic and Urdu both are mostly-touching writing systems and have different text
line models from Latin script. And Urdu and historic Latin script both make
extensive use of ligatures and diacritics. CJK languages require recognizers and
classifiers that can cope with character sets containing tens of thousands of char-
acters.

Our general approach to direct recognition of Devanagari within OCRopus
is to adapt the existing recognizers. The two recognizers most easily adapted are
the HMM recognizer and the MLP recognizer.

In order to enable training, the first step that will be necessary will be to
decide on a set of graphemes for representing Devanagari text lines. Some of the
graphemes will be treated as separate character (e.g., “i”), while others may be
treated as diacritics (e.g., “ii”). Then, we need to construct an invertible Unicode-
to-grapheme mapping; the mapping can be represented and computed out using
finite state transducers, the same technology used for language modeling within
the OCRopus system.

For the HMM recognizer, models are trained using standard methods: the
forward-backward algorithm, the construction of HMM models for each charac-
ter, and forced alignment with ground truth. Alignment has to be carried out
against the grapheme sequence, not the original Unicode character sequence.

An oversegmenting MLP-based recognizer can likewise be trained directly
against the grapheme sequence (where it is important that the graphemes chosen
correspond to the “characters” identified by the segmenter).

In Figure 4, we see that the primary segmenter used within OCRopus for
Latin scripts, a segmenter based on computing near-vertical cuts using a dy-
namic programming algorithm (Breuel, 2001), also yields reasonable grapheme
sequences for Devanagari; the output of this segmenter can then be used as
input for MLP-based grapheme recognition, and the resulting hypothesis graph
can then be transformed into a unicode character sequences using the grapheme-
to-Unicode mapping established previously.

A second segmenter within OCRopus is based on skeletal features and leads
to a much higher degree of oversegmentation; it could potentially be used with
other sets of graphemes.

6 Language Modeling

As already mentioned above, OCRopus relies for both the representation of
segmentation and recognition alternatives, as well as for the representation of
statistical language models, on weighted finite state transducers [?] (WFSTs).



Fig. 4. Segmentations of an input string (top) into character parts. Character parts
are indicated by color. Character parts are grouped together into character hypotheses,
which are then recognized by the character shape recognizer. Character parts that span
multiple actual characters frequently lead to recognition errors (undersegmentation).
On the other hand, splitting characters into many small parts results in longer recogni-
tion times (oversegmentation). Two segmentations are shown, obtained using standard
OCRopus segmenters: the first segmentation is based on the curved cut segmenter (a
dynamic programming method), the second segmentation is based on the skeletal seg-
menter. Here, segmenters were used with their default parameter settings (performance
can likely be improved further by adapting parameter settings to Devanagari)
.

WFSTs allow language models and recognition alternatives to be manipulated
algebraically: they can be concatenated, unioned, intersected, composed, mini-
mized, reversed, complemented, and transformed in a variety of other ways.

WFSTs can be thought of as directed graphs whose edges are associated
with symbols and weights. The symbols are often Unicode characters, but can
also represent graphemes, phonemes, ligatures, fonts and styles, and even entire
strings.

WFSTs are a mature technology used, for example, in speech recognition
(Mohri et al., 2000), information extraction (e.g., Kramer et al., 2007) and sta-
tistical machine translation (e.g., Kumar and Byrne, 2003). WFSTs can be con-
structed manually or learned from training data.

WFSTs can be used to implement the kinds of language processing problems
traditionally encountered in OCR systems:

– Dictionary-based language models are very common in OCR systems; dictio-
naries can be represented efficiently as WFSTs by first constructing a WFST
whose paths correspond to individual words and whose weights correspond
to logarithmic word frequencies, then minimizing that WFST using WFST
minimization algorithms, and finally computing the closure of that WFST.
The resulting WFST is similar to a trie data structure with additional com-
pression of word suffixes.

– WFSTs can be used for training by substituting the recognition language
model in the OCR system with a special language model that accepts only
the actual transcription of the input text; the result of recognition with this
special language model is an input that has been forcibly aligned to the



ground truth. This alignment is then used to extract images for training
HMM or MLP classifiers.

Beyond these traditional uses, there are a wide variety of other potential applica-
tions. For example, WFST-based language models allow us to solve the following
problems:

– For source documents written in multiple languages (e.g., English and San-
skrit), we can take existing language models for English and Sanskrit and
combine them. As part of the combination, we can train or specify the proba-
ble locations and frequencies of transitions between the two language models,
corresponding to, for example, isolated foreign words within one language,
or long quotations.

– We can represent and learn (from sample data) the correspondence and
statistics of modern dictionary forms and classical spelling variants of words
using WFSTs. The resulting WFST can be used in both directions: it can
be used to map historical documents onto modern orthography, it can be
used for aligning and comparing modern and historical texts, and it can be
applied for using language models developed for one orthography in the OCR
recognition of documents written using the other orthography.

– A WFSTs model can be used for transliterating Devanagari into Latin script,
and the same model can then also potentially be used for the reverse direc-
tion.

– Often, ground truth data for OCR training is not perfectly aligned with the
actual image data due to transcription errors, different source editions, etc.
Instead of using the exact transcription of the ground truth text, we can
transform it into a WFST that can be used instead of ground truth and is
tolerant to misalignment, transcription errors, insertions, and deletions.

– By composing such language models, we can, for example, use a modern
transliterated version of a text using modern orthography as the ground
truth data for training OCRopus on a historical text printed in Devanagari.

– Some source documents, like dictionaries and catalogs, are described by small
grammars. For example, a dictionary entry may have a head word in San-
skrit notated in Devanagari, followed by IPA notation in brackets, followed
by a word class in italic Latin script, followed by a translation in Latin script
alternating with usages examples in Sanskrit, concluding with a list of nu-
merical references. This sequence of script, style, and language changes can
be represented as a WFST and the WFST can drive not only the recognition
of each part of the entry, but also mark the logical function of each substring.

– Statistical machine translation systems tend to be quite sensitive to OCR
errors. However, most OCR errors are actually not strictly speaking errors,
but instead places where the OCR system itself recognized an ambiguity and
was forced to make a decision. OCRopus represents segmentation and recog-
nition alternatives as WFSTs. By using the WFSTs generated by OCRopus
directly as input to a statistical machine translation system (e.g., Kumar
and Byrne, 2003), the error rate of the overall system can potentially be



greatly reduced. Similar considerations apply to other statistical language
processing steps based on OCR output, such as named entity recognition,
parts of speech tagging, and parsing.

7 Other Applications

The renewed interest in OCR systems was, in part, motivated by the widespread
scanning activities by organizations like Google and the Internet Archive. These
efforts tend to be large scale operations with expensive imaging and post-processing
equipment.

Separately from the OCRopus effort, our research group is also developing
portable, low-cost technology for document image capture applications, intended
to make the ability to capture historical and scholarly literature universally
available, as well as to enable handheld machine translation for both students
and researchers in the field.

We have also developed non-OCR-based image alignment for historical doc-
uments, permitting the automated comparison of low-quality historical docu-
ments, as well as the recovery of annotations and differences between editions.

8 Discussion

This paper has described on-going work in the development of a multi-lingual
OCR system, and how the architecture of the system is supporting multiple
languages, scripts, layouts, and language models.

As a community project, the quickest way of obtaining support for Sanskrit
and Devanagari is through community support. The infrastructure and tools
are already in place for this, and, as we have seen, image pre-processing, layout
analysis, and linguistic post-processing are already in place for this and function
well for Devanagari. Simple Devanagari support will likely appear this year, both
based on the Tesseract recognizer and based on the OCRopus MLP recognizer.
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