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ABSTRA CT

We addressthe problem of content-based image retrieval in the context of complex documert images. Complex
document are documerts that typically start out on paper and are then electronically scanned. These docu-
merts have rich internal structure and might only be available in image form. Additionally , they may have been
produced by a conmbination of printing technologies(or by handwriting); and include diagrams, graphics, tables
and other non-textual elemeris. Large collections of sucdh complex documerts are commonly found in legal and
security investigations. The indexing and analysis of large documert collections is currently limited to textual

featuresbasedOCR data and ignore the structural context of the documert aswell asimportant non-textual ele-
mernts suc as signatures, logos, stamps, tables, diagrams, and images. Handwritten commerts are also normally

ignored due to the inherent complexity of o ine handwriting recognition. We addressimportant researt issues
concerning content-based documert image retrieval and describe a prototype for integrated retrieval and aggre-
gation of diverseinformation contained in scannedpaper documerts we are developing. Such complex documert

information processingconmbines seeral forms of image processingtogether with textual/linguistic processingto

enablee ectiv e analysisof complexdocumert collections, a necessiy for a wide range of applications. Our proto-

type automatically generatesrich metadata about a complex documert and then applies query tools to integrate
the metadata with text seardh. To ensurea thorough evaluation of the e ectiv enessof our prototype, we are
deweloping a test collection corntaining millions of document images. This is in cortrast to existing datasets for

content-based image retrieval which normally contain only thousands of images. We believe that the formation

of sud large dataset is essetial in understanding the problems assaiated with realistic applications.

Keyw ords: content-based image retrieval (CBIR), content-based document image retrieval (CBDR), complex
documert information processing,documert image analysis, documert image understanding, documert recogni-
tion, text retrieval, test collections

1. INTR ODUCTION

Complex Documert Information Processing(CDIP) ! involves the analysis of large massesof scanned paper
documerts, which often contain non-textual information sud as handwriting, logos, signatures, gures, and
tables. It is acritical problemin many key application areas,including litigation, intelligenceanalysis, knowledge
managemem, and humanities scholarship. Howewer, while speci ¢ solutions do exist for componert problems
such as OCR, handwriting analysis, logo recognition, and signature matching, no systemto date has integrated
extraction and analysismethods to enableusersto posequeriesthat integrate thesedi erent forms of documert
information. Current practice, therefore, is to use separate processingsystemsindependenly, sothat collating
and cross-heking information items must be done by hand, underscoring the need for integrated systems.
Furthermore, results can be degradedwhen individual processingmodules are unaware of the larger cortext in
which they operate; an integrated systemwill likely do better.

From an image analysispoint of view the problem of indexing and searding large documert image collections
can be classi ed as a subproblem of the general content-based image retrieval (CBIR) problem. Nevertheless,
there are seweral important characteristics to content-based documert imageretrieval (CBDR) problem that do
not exist in the general CBIR cortext. Primarily, documert imagescontain text and thus can be indexed and
seardied basedon noisy OCR-ed textual data. Secondly in contrast to the state of the art in CBIR in which
datasets of thousands of imagesare being processed,a realistic CBDR seard involves datasets of millions of
documerts.



In addition to textual elemers, non-textual elemers in a document cortain important information that
can be used for indexing. For example, signatures can be used for indexing documert authorship, logos can
be usedfor indexing documert organizational unit, tables can be usedfor indexing documert importance, and
handwritten commerts can be usedto index documert readership. Moreover, documert layout analysis can be
usedto identify specic zonessud asaddressor date zones,which canthen be usedto constrain interpretation
and so improve OCR performance.

Given that both the textual and non-textual analysis of documen imagesare inherertly error prone, the
e ectiv enessof these analysescan be improved by simultaneously solving both problems. For example, recog-
nizing a namein a documert through OCR can be usedto improve o ine signature recognition by constraining
the set of candidates. Conversely authorship determination through signature recognition can be usedto assist
OCR of namesin a documert. Similarly, recognizingan organizational unit through logo analysiscan be usedto
assistauthorship determination through signature recognition, and signature recognition can be simpli ed based
on the recognition of an organizational unit through logo analysis. It is mainly in this synergy that the quality
of both textual and non-textual information interpretation in documert imagescan be improved to support the
e ectiv enessof CBDR.

We describe a rst researt prototype for integrated Complex Documert Information Processing(CDIP) we
are deweloping to facilitate CBDR, and provide the details of a public test collection of millions of documert
imageswe are preparing to support CBDR evaluations. The prototype currently contains modulesthat extract
and analyzetext, signatures,and logosfrom complex documerts, enabling integrated documert image retrieval.
The systemcontains a set of ingestion modules, which processdi erent forms of documert imagedata, importing
them into a database schema which includes traditional documert indices by keyword and relations between
documerts and their componerts (logos, signatures,and named ertities). Retrieval operatesvia SQL querieson
this unied database.

The remainder of the paper describesour current developmert e ort in more detail. Section 2 describesthe
architecture of the researd prototype we are deweloping. Section 3 details the test collections and evaluation
procedureswe are developing. Section 4 preseris somepreliminary results. Section 5 concludesthe paper.

2. CDIP SYSTEM DESIGN

This sectiondescribesthe CDIP researt prototype we are developing. The prototype currently contains modules
that extract and analyze text, signatures, and logos from complex documerts, enabling integrated documert
image retrieval. The system contains a set of ingestion modules, which processdi erent forms of document
imagedata, importing them into a databasesthemawhich includestraditional documert indicesby keyword and
relations between documerts and their componerts (logos, signatures, and hamed ertities). Retrieval operates
via SQL querieson this unied database.

2.1. Functional comp onents

Our prototype comprisesan integrated tool suite, based on seweral existing technologies, implemerting three
core CDIP functionalities: document image analysis named-entity recognition, and integrated retrieval. This
prototype tool will facilitate later the inclusion of a fourth core technology: data mining. As noted, specic
attention is being paid to modular design,to ensurethat the deweloped software modules will easily integrate
into di erent task-level applications.

Documentimage analysis extracts information from raster scannedimagessuc asthe overall structure of the
documert,? the content of text regions? the location of images/graphics, the location of logosand signatures,
the location of signatures and handwritten commeris,* and the identi cation of signatures®’ It should be
noted that OCR of machine printed text in real-world documerts haslimited accuracy(depending on the quality
of the input documerts) and sothe textual featuresobtained are unavoidably noisy.

Named-entity recognition identi es meaningful entities such as people and organizations in textual compo-
nents. Our prototype relies on ClearForest technology provided by Text Solutions. It is interesting to note that
initial tests on real-world data show that the the e ectiv enessof ertit y extraction on noisy text obtained from
OCR of a test collection is reducedto 70% of its performanceon noise-freetext.



Integrated retrieval from dierent kinds of data sourcesis the key high-level function. Sud integrated
retrieval is possiblethrough the IIT Intranet Mediator technology .2° The IIT Intranet Mediator is capable
of integrating traditional data sourcessuc as unstructured text, semi-structured XML/text data, as well as
structured databasequerying. A rule-basedsourceselectionalgorithm selectsthose data sourcesmost relevant
to an information request, enabling the systemto take full advantage of domain-speci ¢ searting technigues,
such as translation of a natural language requestinto a structured SQL query. Results are then fused into
an integrated retrieval set!? Although the IIT Mediator is protected by an issuedpatent providing us with
guaranteed unconstrained free use the technology, the mediator implementation technology that exists is only
at the prototype level. Consequetly, as we needa more robust framework by which to implemernt our CDIP
prototype, we have built our prototype using the Claraview integration fabric.

Data mining which is not implemented in our current prototype, will be able to leveragetext, metadata,
and information extracted from complex documerts. Our approad allows application of traditional data mining
and machine learning methods to discover relationships betweendi erent data sud as assaiation rules*! and
documert clusters?> Wewill further dewvelop routinesto nd correlationsin documert descriptors (for example,
possiblerelationships betweenthe author of a documert and particular languagestyles). Note that data mining
is not targeted in our initial implementation of the system prototype but is a goal for follow-on e orts.

2.2. Software Arc hitecture

The prototype's architecture is designedas a generic framework for integrating componert technologieswith
appropriate APIs and data format standardsthrough SOAP (Simple Object AccessProtocol) to allow “plugging
in' di erent subsystemsfor performing componert tasks. Our current e ort integratesavailable componerts with
little emphasison the dewelopmert of new ones.

The current system architecture is depicted in Figure 1. The work o w of the system consistsof three main
processes:a documert ingestion process,a data transition process,and a documert querying process. The
documert ingestion processis a straightforward pipeline that consistsof:

Low-level image processingfor noise removal, skew-correction, orientation determination, and documert
and text regionszoning (using Abbyy's SDK?® and the DocLib padkage?).

OCR in text regions (using Abbyy's SDK?), recognition of logos (using the DocLib pacage?), and recog-
nition of signatures (using CEDAR's signature recognition systen?*8) and a signature warping module.”

Linguistic and classi cation analysisof extracted information for annotation in the database: ertit y tagging,
relationship tagging, and stylistic tagging in text regions(using Text Solutions).

At the end of the ingestion process,we have an operational data storein 3rd normal form (3NF). At this point,
it would be complexto perform sophisticatedroll-up or drill-down computations along various data dimensions.
Hence, we transition the data from 3NF that has beeningestedinto a multidimensional star schema. This is
a very common technique for analyzing structured data, and it is well known to dramatically improve decision
support. Using this structure for complex documert metadata results in a scalablequery tool that can quickly
answer questionslike \How many documerts do we have from Fortune 500 companies”and then quickly drill
into di erent market sectors(e.g., manufacturing companies,|IT companies,etc.)

At the center of this processare tools from Claraview. These tools use web servicesto accessthe point
solutions and identify metadata about complex documerts to populate the 3NF schema. Claraview tools also
migrate the 3NF schemato a star schema using well known extract, transform, and load processing.Claraview
is a startup dedicated to the application of well known structured data techniques such as a star schema and
applying theseto integrate structured data and text. As the analysisof documert imagesinvolveserrors which are
inherent to the automated interpretation process,ead attribute in the databaseis ass@iated with a probability
that indicates the con dence in this value as obtained from the corresponding point solution. Finally, following
the ETL process,aquerytool is usedto accesdoth aninverted index of all text and the star schemato integrate
structured results.
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Figure 1. Architectural overview of the current CDIP researd prototype.

A key componert that is facilitated by our approad is a tight integration of the processe®f documert image
interpretation, symbol extraction and relation, and information retrieval. This integrated approad could be
usedto increasereliability for all of these processes.Constraints on image interpretation, basedon consistency
with other data, can improve reliabilit y of image interpretation. Similarly, gapsin the databasecan potentially
be lled in at retrieval time, by reinterpreting image data using top-down expectations basedon user queries.
Due to its added complexity, this tight integration model is not followed in our current implemertation of the
system prototype.

A summary of the CDIP architecture is preseried in Figure 1. Each componert in this gure is a separate
thread, so that processingis fully parallelized and pipelined. Image les are serned to processingmodules
dealing di erent typesof documert image information. The Abbyy OCR engineis usedto extract text from the
documert image. This text is fed to the ClearForest information extraction module, which nds and classi es
various named entities and relations. Signaturesare segmeited and then fed to CEDAR's signature recognition
systemwhich matchesdocumert signaturesto known signaturesin a database. Logosare segmered and matched
using the DocLib padkage. Thesethree threaded processingpaths are then synchronized, and the data extracted
are transformed into a uni ed databasesdcemafor retrieval and analysis.

3. DATASETS AND EVALUA TION

Researt and dewelopmert of information accesstechnology for scannedpaper documerts has been hampered
by the lack of public test collections of realistic scope and complexity. As part of the CDIP project we are
assenbling a 1.5 terabyte dataset to support ewaluation of both end-to-end complex documert information
processing(CDIP) tasks (e.g., text retrieval and data mining) aswell ascomponert technologiessud as optical
character recognition (OCR), documert structure analysis, sighature matching, and authorship attribution. One
goal of our project is to evaluate the e ectiv enessof the CDIP researt prototype and how that e ectiv eness



responds to changesin the e ectiv enessof componert technologies. This requires datasets that are annotated
with desiredoutputs for end-to-endtasks and, selectively, annotated for intermediate analyses(optical character
recognition, documert structure analysis, signature matching, authorship attribution, etc.), aswell.

A good test collection should cover the richnessof inputs CDIP faces:arangeof documert formats, structures,
lengths, and genres,manifested with varying print and imaging quality. Documerts should include handwritten
text and notations, diversefonts, and elemens suc asgraphs,tables, photos, logos,and diagrams. The volume of
documerts, and the number of redundant or uselessdocumerts, should be large enoughto stressthe componernt
technologies and the system as a whole. Finally, the data in the collection should be publicly available to
researtiers with minimal costsand licensing restrictions.

Existing documert image collections are lacking in many of these dimensions,and this has hampered CDIP
researd. Considerthe main meetingat the intersection of documen analysisand information retrieval: the yearly
IS&T/SPIE Documert Recognition and Retrieval conference. Of the 170 papers presertied at this conference
between 2001 and 2006 only four cortain e ectiv enessresults from text retrieval experiments. No two of these
studies usethe sametest collection, none of the papersindicate how to accesgheir collection, the documerts are
largely homogeneousn genreand other characteristics, and the largest collection cortains only 3000documerts.
While Taghva and colleagueshave conducted many larger studies® their data have beentied up with legal
issuesand are not publicly available.

3.1. The Tobacco Documents

We are building a new test collection, the I1IT Complex Documert Information ProcessingTest Collection,
to support the diverse needsof CDIP researt, both in our project and in the IR and documert analysis
communities at large. Our collection is basedon the MSA (Master Settlemert Agreemert) documerts from the
Legacy TobaccoDocumerts Library (LTDL), created and hosted by the University of California San Francisco
(UCSF).1*15 Theseapproximately seven million documerts (roughly 40 million scannedpagesin TIFF format)
becamepublic through legal proceedingsagainst v e US tobacco companiesand two tobacco industry researd
institutes. The documerts were scannedby the tobacco industry using diversetechnologies.

Besideshaving the size and diversity necessaryfor CDIP researd, the MSA documerts have two unusual
advantages over other materials we considered. The rst is an active resear@i community. Hundreds of peer-
reviewed papers have been published using documerts from LTDL and related sources!® and the US National
Cancer Institute has funded researd using the documerts.t’

The secondadvantage is the LTDL metadata records, one for eady documert. The tobaccoindustry created
theserecordsbasedon examination of the original paper documerts, sothey represern a huge amourt of manual
labor. While the recordsare of highly variable structure and quality (despite UCSF's normalization e orts), they
do meanthat every documernt hassomeretrievable cortent, even those whoseimagesare beyond the capabilities
of current documert analysistechnology.

We obtained a snapshotof the LTDL TIFF les, metadata, and optical character recognition (OCR) output
from UCSF. The total size of the data set is about 1.5 terabytes. Figure 2 shows a typical documert image,
portions of its metadata, and a few words at the start of its OCR. The documert shows seweral of the challenges
typical in CDIP, including multiple fonts, poor reproduction quality, and important information in handwritten
annotations.

We have cleanedup and combined two versions of the UCSF metadata (containing slightly dierent infor-
mation) plus the UCSF-produced OCR to produce XML recordsfor 6,878,327documerts in the IIT CDIP Test
Collection, Version 1.0. The recordsare bundled in 650 les, totaling approximately 62GB. This data has been
made available by FTP and DVD to TREC 2006 participants (seebelow). TREC 2006 will not usethe 1.5
TB of TIFF les, and we are still investigating how to e cien tly and cost-e ectively distribute these les to
researders. The fact that the MSA® requiresthe public availabilit y of the documerts simpli es the legal issues
in distributing the data, though somespecial treatment of material for which the tobaccoindustry organizations
did not hold copyright is necessaryas mertioned at LTDL. 1°
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Figure 2. A documert plus selectedmetadata and OCR.

3.2. Task-Specic Data

Text retrieval experiments require, in addition to documernts, both queriesand relevance judgments. We are
pursuing three avenuesfor producing these. First, the [IT CDIP Test Collection, Version 1.0 XML recordsare
being usedin the TREC 2006Legal track.2%?* A total of 46 queriessimulate requestsfor documert production
of the sort that occur in legal cases. Relevance judgments will be produced by judging pooled retrieval results
from diverseparticipant systems,asis usualin TREC. To increasethe diversity of the judged documert set, we
have contracted with a tobaccodocumert information specialist to do manual seardheson these queriesas well.

Second,we are working with tobacco documert researdersto produce topics corresponding to their actual
information needs. For example, ProfessorRobbin Derry of Northwestern University has collected documerts on
seweral topics relevant to teaching businessethics. The large numbers of documerts already found by researders
will form our initial relevancejudgmerts, followed by relevancefeedbad and further judging by tobacco experts.

Third, we are creating known item queriesthat seekparticular documerts. By choosing appropriate docu-
merts, we can more directly measurethe impact on retrieval e ectiv enessof particular componert technologies,
e.g., signature recognition or OCR. Interestingly, known item queries are of intense interest to the tobacco
documert researtt community, which has often struggled to nd a particular important documert known only
through an indirect mertion elsewhere. Indeed, while not of use for convertional IR experimerts, we plan to
create "unknown item queries" for documerts of interest to scholars that are believed to exist in the MSA
documerts, but have not yet beenfound.

Weintend the IIT CDIP Test Collection to support researt in areasbeyond text retrieval aswell. One goal
in our metadata clearup work is to improve the usefulnessof the data for social network analysisand other data
mining tasks. Componert tasks are also of interest. To support work on signature recognition, we segmered
within documert images 10 or more examplesof the signatures of 66 distinct people. We are also deweloping



datasetsfor OCR, logo recognition, and other tasks. We welcomefeedba& and suggestionson how to maximize
the usefulnessof the |IT CDIP Test Collection.

4. PRELIMINAR Y RESUL TS

The rich collection of attributes our system assaiates with ead documert (including words, linguistic ertities
sudch as namesand amouns, 10gos, and signatures) enablesboth novel forms of text retrieval, and the evidence
combining capabilities of a relational database.

We strongly believe that quartitativ e e ectiv enessevaluation, while dicult to perform, is essetial in this
project in seweral ways. Primarily quartitativ e e ectivenesscan be usedto roughly assesthe expected perfor-
manceof the system. While this measureis of coursedata dependert, it canbe usedto comparethe performance
of systemsshould such becomeavailable in the future. Secondly quartitativ e e ectiv enessevaluation is essetial
in measuringimprovemerts within our system. Finally, such a quartitativ e evaluation will allow usto study the
e ectiv enessof the the overall systemas a function of the e ectiv enessof its individual componerts.

We have nished the initial implementation of our researt prototype and are currently in the processof eval-
uating it quartitativ ely. A snapshotof the systemcon guration screenis presened in Figure 3. The evaluation
includes using a subsetof seweral hundred documert imageswhich were manually labeled for authorship (based
on signatures), organizational unit (basedon logos), and various ertit y tags basedon textual information (such
as monetary amournts, dates, and addresses). The evaluated tasks include authorship-based, organizational-
based, monetary-based, date-based,and address-baseddocumert image retrieval, whereasin ead experiment
the precision and recall is recorded as a function of a decision threshold. This experiment is expected to be
expandedin the near future to include a larger subsetof seweral thousand documert images. We realizethat this
testing methodology cannot be extendedto higher order subsetsasit requires complete manual labeling which
is labor intensive. Consequetly, e ectivenessusing larger subsetswill be be evaluated by inserting documernt
imagescontaining unique labelsinto large subsets. Theseinserted documerts will be manually labeled and their
uniguenesswill guarantee that documerts with similar labels should not exist within the subset.

While we have, asyet, no quartitativ e evaluations to report, we give exampleshere of the kinds of capabilities
that our prototype currently supports. The mini-corpus usedfor this consistsof 800 documerts taken from the
testbed we are building. We considerintegrated queriesthat our prototype makespossiblefor the rst time. We
apply conjunctive constraints on documert image componens to a straightforward documert ranking basedon
total query-word frequencyin the OCRed documert text; in Figure 4 we shov documert imagesretrieved for
two sudh queries. The rst is the unique document found containing both of the words \income forecast" aswell
asthe American TobaccoCompary logo and a dollar amourt (a recognizedentit y type) greater than $500K. The
secondexampleis the top-ranked documert for \ Itration e ciency" that alsohasthe R.J. Reynoldslogo and a
signature. Note that neither of thesedocumerts would have beenfound just basedon their printed text, asneither
contains the compary name explicitly. In Figure 5 we show a ranked retrieval results for a documert componert
query which asksfor the v e signatureswith the highest total of dollar amounts mertioned in documerts with
ead signature. This shows another novel way of integrating useful information extracted from documert images
which is easily implementable in our framework.

Seweral examplesthat demonstrate the ability of the CDIP systemto assaiate both textual and non-textual
data are preseried below. Figure 6 demonstratesthe ability of the CDIP systemto identify personassaiation
in a documert collection. The left column lists the seard person. Subsequeh columns show assaiated dates,
compary logos, assaiated persons,and dollar amounts. For example, Dr. D. Stone was active during 1986,
was assaiated with a compary whoselogo template is \liggett.tif ", wasassaiated with dollar amounts between
$140K and $1.68M, and was assaiated with seweral other personssuch as Dr. Calabrese. By clicking on the
documert ID, the systempreseris the userwith the original documerts for full examination. A similar example
which demonstratesthe ability of the CDIP systemto assaiate personswith organizationsis presered in Figure
7.
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Figure 3. A snapshotof the CDIP system con guration screen.

5. SUMMAR Y

Content-baseddocumert imageretrieval in complexdocumert datasetsis of increasingimportance, and yet, little

work hasbeendoneon developingintegrated solutions to this problem. We have described the researt prototype
we are developing which uni es various componert technologiesand which is expectedto give a clear roadmap
for future researd in this area. It is already clear that a key focuswill needto be the estimation, propagation,
and use of reliability estimates for data extracted and processedirom documert images;this information ow
will likely needto be both bottom-up (from ingestion processes)and top-down (in the form of expectations).
We expectto esh out this important issuemore completely oncewe have a complex documert test collection to
systematically evaluate the performanceof the systemand its various componerts. As described, suc a testbed
is in developmen, basedon the large collection of documert imagesavailable in the Legacy TobaccoDocumerts
Library; the many researtersinterestedin usingthis material makesit a prime candidate for a usefuland feasible
testbed for CDIP. We provide preliminary results to demonstrate the performanceof our system. Generally, we
expect that the prototype and test collection that we are dewveloping will help in steering constructive researt
e orts toward the solution of this complex problem.

Ac knowledgmen ts

This work is supported in part by a Challenge Workshop grant from ARDA. We thank and adknowledgeall the
participants in the March 2005 ARDA CDIP Challenge Kicko Workshop for their suggestionsand help with
our many follow-up questions. We also greatly thank our collaborators from Claraview, TSI, and the CEDAR
and DoclLib eorts. A large number of people have provided resources,information, and suggestionson this
work, and we likewisethank them. We in particular acknowledge David Roberts for his guidance;Karen Butter,
Albert Jew, Kirsten Neilsen,and Heidi Schmidt of the University of California San FranciscoLibrary Center for



(@) (b)

Figure 4. Retrieval results. (a) With ATC logo, the words "income forecast", and mertion of than $500,000.
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Figure 6. Example of the ability of the CDIP systemto identify personassaiation in a documert collection
basedon both textual and non-textual data. The left column lists the seart person. Subsequeh columns show
assciated dates, compary logos, ass@iated persons,and dollar amourts.
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