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Abstract. The shift of interest to web tables in HTML and PDF les,
coupled with the incorporation of table analysis and conversion routines
in commercial desktop document processingsoftware, are likely to turn
table recognition into more of a systemsthan an algorithmic issue. We
illustrate the transition by someactual examplesof web table conversion.
We then suggestthat the appropriate target format for table analysis,
whether performed by convertional customized programs or by o -the-
shelf software, is a represertation basedon the abstract table intro duced
by X. Wang in 1996. We show that the Wang model is adequate for
someuseful tasks that prove elusive for lessexplicit represertations, and
outline our plans to develop a semi-automated table processingsystem
to demonstrate this approach. Screen-snaphotsof a prototype tool to
allow table mark-up in the style of Wang are also preserted.

1 Intro duction

Tableshave long beenwidely usedfor presenting structured information just as
printed forms are widely usedfor collecting structured information. Few scien-
tic papers are consideredcomplete without a table or two. There are seeral
governmert agenciesvhosemain product is tables. Becausemost of us prefer to
\p oint-and-click" instead of trudging over to the library, tables available on the
web are of most useand interest.

We note parerthetically that a successfulsolution to the table recognition
problem will hasten the disappearanceof tables, which are in any casean en-
dangeredspecies.Traditional railroad and airplane scheduleshave already been
replacedby on-line Q/A forms. Five-placetrigonometric tables were supplanted
by ten-digit hand-held calculators. The fat volume of valuesof the binomial dis-
tribution for variousn's, k's, and p's is alsogone.The British Royal Commission
on Mathematical Tablesdisbandedalmost ft y yearsago.

? To be preserted at the Second IEEE International Conference on Document Image
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Old tables may appear on the web in scannedbitmap form, asin badk issues
of the Transactionsin the IEEE Digital Library. Current information, however,
is more likely to be postedas PDF or HTML les, and XML tagging is making
headway. Archival material is being gradually converted, most often by manual
data entry. Aside from the shift from raw bitmaps to coded forms, an important
dewvelopmert is the rapid incorporation of table analysisroutines into Microsoft
and Adobe software.

Earlier researders were handicapped by having to build complete low-level
table processingsoftware, including OCR, before they could even think about
putting table recognition to some use. Most of their hard work yielded only
intermediate results. Our purpose here is to initiate discussionon whether we
arenow in a position to incorporate table recognition in operational applications.

The paper is organized as follows. After describing our view of low-level
table processing,we will suggestthat this step can now be circumvented by
judicious us of common\o ce" software.* The inter-conversion betweentables
in HTML, PDF, XLM, XLS and DOC les is demonstrated. We then discuss
possibletable represertations for bridging the semartic gap that hassofar kept
table recognition from being incorporated into routine information retrieval and
data extraction applications. The foundations of a table ontology for organizing
our current understanding of table processingtechniques and tools are then
sketched. We concludeby brie y outlining our plansto developa semi-automated
table processingsystemto demonstrate the approach we are proposing, and by
describing a prototype tool we have deweloped for capturing table mark-up in
the style of Wang.

2 Low-lev el table recognition

Low level table recognition implies table represenations that allow the formal
manipulation of tables without any real understanding of their contents. The
\in telligence” comesentirely from the user, who is able to interpret the table
in the context of previously acquired knowledge. In Table 1, it is easyto tell
that the average\hepth" of \ ec k" is approximately 233\gd," but this doesnot
readily connectwith any other piece of generally known information.

Table 1.
Table 2.
gonsity hepth
eck (Id/gg) (gd) goldam 1.31d/gg 320 gd
burlam 1.2 120 falder 2.31d/gg 230gd
falder 2.3 230 elmer 2.91d/gg 350 gd
multon 2.5 350

* The functionalit y we will be illustrating is by no meanslimited to Microsoft O ce,
although we use applications from that software suite to illustrate our discussion.
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Even low-level table recognition requires someanalysis. Operations suc as
computing the averageof a row or column of valuesrequire, at the minimum, a
geometric model (i.e., a table frame, grid, array model).

Fig. 1. Array models for Tables1 and 2.

For Tables1 and 2, the model is simple, asshown in Fig. 1. Other tables, with
spanning top or side headers,may require merging cells. While all WFT (well-
formed table) layouts are topologically equivalent to an array model derived by
merging setsof adjacert cellsin a regular grid, somemodels, like the one on the
far right in Fig. 2, seemimplausible becauselarger cells are generally above or
to the left of smaller cells. We note, however, that a table author may indeed
chooseto usesud a layout to emphasizethat a set of columns sharea common
value in a given row.

Fig. 2. Array models for more complex tables.

Deriving the appropriate array model for a table with multi-line cellswithout
complete rulings has proved dicult. In the last 15 years, over 200 researt
papershave beenpublished on table recognition [1{5]. Most published algorithms
for cell alignment treat the table asa 2-D array of cells, and attempt to identify
the coordinates and contents of ead cell. Methods vary depending on whether
the table is in scannedbitmap or coded (ASCII, HTML, RTF, PDF) form, ruled,
partially ruled or unruled, and on the amount of prior information (including
both \external" knowledgebaseand training data) available. Furthermore, some
methods make useonly of the layout geometry, while others bring in font, style,
lexical and syntactic information extracted from the textual cell contents.

3 Commercial software

We will demonstrate some of the content-preserving table corversion routines
that have beenbuilt into Microsoft and Adobe desk-top software. Consider the
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table appearingin Fig. 3, Country Data Codes renderedby Microsoft Explorer.
(FIPS 10-4 codesare intended for generaluse throughout the US Governmernt.
ISO 3166 codes are activities involving exchange of data with international or-
ganizations. The Internet country code is the two-letter digraph usedby the In-
ternet AssignedNumbers Authorit y, IANA.) Recert versionsof Microsoft Word
are able to copy this table it into a .doc format le without eviden lossof infor-
mation, asseenin Fig. 4. Word is more accurate in this respect than Wordpad,
we have found.

Fig. 3. Table asrendered by Microsoft Internet Explorer 6.0.

Fig. 4. Table copied into Microsoft Word 10.2.

From MS-Word, any table canbe loadedinto MS-Excel, which is areasonable
choice for either automated or interactive cell-level manipulation (cf. Fig. 5).
Furthermore, Excel has built-in export routines for transferring the table to a
databasemanagemen system (Microsoft Access).
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Fig. 5. Table copied from Microsoft Word into Microsoft Excel 10.2.

If the table appeared originally as ASCII text, asit might in an email, it
would look like Fig. 6. This tab-separatedtext le can also be loaded into the
spreadsheetprogram without loss of any layout information.

Entity FIPS 10-4 ISO 3166 Internet Comment
Afghanistan AF AF AFG 004 .af
Albania AL AL ALB 008 .al
Algeria AG Dz DzA 012 .dz

American Samoa AQ AS ASM 016 .as

Fig. 6. ASCII version of the table.

Another popular le format is Adobe's Portable Documert Format, which
is essetially enhancedPostScript. Fig. 7 was extracted from a PDF documert
posted on the website of the Bureau of Labor Statistics. It wasthen saved using
the Adobe Acrobat \table picker" function with the XML tags added. We have
not yet beenable to automate the recovery of table structure from either PDF
or XML, however the prototype tool we shall describe later provides support to
facilitate human mark-up of the structure of tables encaded in HTML. Some
researders claim that recovering layout from PDF is done most easily from a
rendered pixel map!
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Fig. 7. Table rendered from a PDF le.

4 High-lev el table recognition

Someof the important applications of high-level table recognition are:

{ Recreatean equivalent table for human reading by changing the spacingor
the font, or by interchanging the rows and columns.

{ Enter the attribute-v alue pairs (e.g., f ( e ck, burlam), (gonsity,1.2), (hepth,
120)g) into a relational database,and re-frame queriesin SQL.

{ Combine sewral tables, or extend a selectedtable by adding information
from another table. For example, we could discover that the gonsity of eck
oltan is 2.7 Id/gg, and its hepth is 100 gd, and add this row to Table 1.

{ Compare seeral tables to determine if all or someertries are identical.

{ Create conceptual models or ontologies from a large number of tables with
interlocking entries. Having seenTable 1, clever software could derive a new
averagehepth of eck (300 gd) from Table 2, or an averagefor all v e eck
(274 gd) by combining the two tables. We will discussbelow the distant but
tantalizing possibility of machine understanding of tables.

An issuethat keepsrecurring in our on-going surveysof table recognition [1,
3,4] is what should be the output of a table interpretation program. Specic
output formats dier widely, but many are equivalent to a spreadsheetwhere
cell contents can be addresseddy coordinates. The more advancedmethods allow
addressingead cell by its row or column header.

The low-level array model is inadequate for answering some queries. The
array model is identical for Tables3 and 4 below. In order to take advantage of
the headersin Table 3, it is necessaryto rst recognizethat they are headers
and to incorporate them in a higher-level table represenation. We therefore
attempt to go beyond the current output corvertions, along the lines laid out
by X. Wang [6] (who wasinterestedin the description and manipulation of tables
as abstract data types, not in table recognition). In the caseof spanning cells,
the row and headersform multiple trees. This is captured neatly by the Wang
notation. The number of tree-paths necessaryto specify a content cell is called
the dimensionality of the table. (The number of content cells,in cortrast, is the
size of the table.) We stop short of claiming \semantic" interpretation, which is
a murky conceptin our view.
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Table 3.

Table 4.
eck gg/nsn)y h(e%t)h burlam 1.2 1d/gg 120gd
99 9 falder 2.31dlgg | 230gd
burlam 1.2 120
multon 2.51d/gg 350¢9d
falder 23 230 oldam | 2.91d/ 350 gd
multon 25 350 g 2 1499 9

Very informally, the Wang Model consistsof two componerts (C; ), where
C is a nite setof labeleddomains (or categories),and is a mapping from the
tree paths labels (or headers)to the possiblevalues.We give the avor with two
examples.

The Wang Model for Table 3 is:

C = (fleck f(bulram; ); (falder; ); (multon; )g) 1
~  (characteristic; f(gonsity; ); (hepth; )g) @

(ff leckburlam; characteristic:gonsityg) ! 1:2
(ff leckf alder; characteristic:gonsityg) ! 2:3 @
3

© (ffleckmulton; characteristic:hepthg)! 350

Note that \characteristic" does not appear in the table at all: we had to
invent it in order to provide aroot (i.e., a spanninglabel) for the column-header
tree paths to the content cell entries! We call such imputed headersimplicit
headers. The absenceof explicit headersis the major di erence between high-
level and low-level table interpretation. The experiencedreader is able to infer
them, but it is not easyto devisea robust algorithm that can infer them. The
situation is even worsein Table 4, where both implicit headersare missing.

Consider now the more complex table shown in Fig. 7. Here we needa span-
ning label for \BLS projections" and \Standards of comparison.” Let us call this
\BLS/STD." Then there are three categories:

S (Age; f(Gender_age; ); (M en_age; ); (Women_age; )g)
% (BLS projections; )
(BLS=STD (Standards of comparison (Actual population and
f(BLS participation rate; ); (1988participation rate; )g)))
% (BLS=STD (Standards of comparison (Census populations
estimate and ; f(1988participation rate; )g)))

C =

3)

Note that there are two identical column headerscalled \1988 participation

rate." Therefore we needto di erentiate the \actual population” and the \1988

participation rates" from the \census population estimates" and the \1988 par-

ticipation rates." Not an easytable to understand for human or machine! Once

the correct label structure is derived, however, the tree-path speci cations of the
content valuesare straightforward.
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If the logical structure is described completely, i.e., all the headersare presert
and have beenclearly identi ed, and the geometric structure is speci ed (say in
Excel, with mergedcellsof the fundamental grid), then it is not di cult to devise
an algorithm to obtain a Wang Model of the target table. Such a model lls most
of the needslisted at the beginning of this section. It doesnot, however, imply
any true understanding. For instance, even if we know that burlam has only
about half the gonsity and hepth of falder, we may not know which is better
suited for somepurpose,or whether oneis likely to be more expensiwe than the
other.

5 External information

Useful information can often be derived from the text, graphics, or other tables
in the same or related documerts as the target table. Currently, this is con-
sidered outside the domain of table processing,though se\eral researd papers
have beganto explore the topic [7,8]. Table captions are similar to nearby an-
cillary information. They do not directly a ect the physical or logical structure
of the table. Some of the tasks listed above can be readily performed without
considering captions.

Footnotes are also often neglected. Wang considersthis the greatest short-
coming of her model, becausenearly half of the tables shecollectedhad footnotes.
From our perspective, however, a footnote is simply cell content that exceedshe
physical size of the cell. Footnotes can refer to either headeror cortent cells.

The really important external information is that which does not appear
anywhere in the vicinity of the table, but forms part of the usersknowledge
base.lt is possible,however, that sudch a knowledgebasecan be assenbled from
studying a large collection of diversebut related tables. This, in fact, is one of
our long term researt objectives[9{11].

6 Comp onents of a table ontology

Table recognition is a fast-moving target. To keepup with current and future

developmerts, we believethat it is time to assenble the variousideasand tools so
that they canbe utilized and updated e ectiv ely. We believe that the appropriate

conceptualand organizational framework for this purposeis an ontology, because
an ontology is capable of represering a very broad classof relationships and is

essetially opento new constituents and relationships. Someof the componens

that should be included in any table ontology are listed below.

{ Table spotting, location, isolation, demarcation and classi cation
{ Recognition of within-do cumert and external references,including titles,
captions, footnotes and citations
{ Frame or border detection (box surrounding table)
Vertical rules
Horizontal rules
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Line thickness,style, color
{ Layout analysisto recover underlying array model
Ruled, partially ruled, unruled tables
White-space analysis
Horizontal text-line segmemation and alignment (single and multiple
lines)
Vertical text alignment (justi cation, indentation, certering)
{ Font analysis
Type size
Typeface(at least font family), color
Style (bold, italic, sub/superscript)
Case(capitalization)
Code translation or OCR
{ Determination of cell-cortent similarities and a nities accordingto
Geometry (alignment, size)
Typography (type sizeand face)
Lexical category (words, phrases,commensurabledecimal/in tegervalues,
abbreviations, units)
Grammatical construct (part of speed)
Semartics (to the extent possible)
{ Extraction and codi cation of cell contents
Common and proper nouns (dictionaries and directories)
Phrases
Numeric elds (cardinal, ordinal, interval, integer, decimal)
Common data types(date, time, address,telephone number, email)
Punctuation (ellipsis, parenthesis, hyphen, comma)
Special symbols ($, ditto marks, leaders)
{ Construction of logical table interpretation as a Wang Model or equivalent
data structure

7 Work in progress

In this paper we have laid the foundation for work that is still very much in
progress.Our goal | which we shall demonstrate at least in part at the DAS
workshop | is to explore an area of table understanding that has hitherto re-
mained unexamined:the transformation of table data preserted in a simple array
model to its full Wang represenation. This is perhapsbestillustrated in Fig. 8,
where we shaov the most common formats for encaling tables, transitions be-
tween formats that are adequately supported by current commercial software
solutions (solid arrows), transitions that have beenthe subject of much past re-
seard (thin dashedarrows), and the researt we are targeting (the thick dashed
arrow in the lower center of the gure).

We are currently in the processof implementing a graphical mark-up tool
to semi-automate data capture from web tables, transforming a table in cell
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Fig. 8. Existing table conversion software. Solid arrows indicate available commercial
software. Thin dashedarrows show focus of past researd systems. Thick dashedarrow
shows planned researd.

array format into its Wang Model. Our operating hypothesisis that this ap-
proach, like past experiencewith Computer Assisted Visual Interactive Recog-
nition (CAVIAR) [12,13], will be both more accurate than a fully automated
systemwhile at the sametime faster than an unaided human. This work is in-
tended, of course,to be a rst step towards the ultimate goal of autonomous
table understanding.

Figures 9 and 10 show screensnapshotsof our prototype which is written in
Tcl/Tk, a popular scripting languagefor developing userinterfaces.The table in
Figure 9 should look familiar asit is simply the table from Figure 7 re-rendered
in HTML, the input format used by our tool. The table in Figure 10 is the
canonical example of a 3-D table usedby Wang in her thesis [6].

Given an input table, the user rst annotatesthe category structure, which
consists of a set of trees specifying the row and column headers.Each logical
dimension of the table corresponds to a single tree: the table in Figures 9 is
2-D, while Figure 10 shows a 3-D table. Note that every data cell in the table
is uniquely speci ed (indexed) by a set of paths from the root of a tree to a
leaf: one such path for ead tree. After specifying the category trees, the user
then populates the nodesby rst clicking on the appropriate cell in the input
table and then on the tree node that represerts it. Once the category trees are
completely populated, the mapping from sets of paths to individual data cells
can be stepped through, one by one, with the user selecting at eat step the
appropriate cell in the input table. The tool then outputs the marked-up table
in HTML format, with additional tags encading the Wang structure.

While still just a prototype, this approadc appearsto be quite e ective:
the editing time for an expert userto create the annotation shown in Figure 9
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was lessthan 30 seconds,requiring a total of 18 mouse-cliks. The larger, more
complicated table in Figure 10, on the other hand, neededtwo minutes and 40
secondsand 116 mouse-cliks. We continue to work, of course,on re ning our
tool and plan more extensive user studies in the near future.

We closeby citing someother recert developmerts that appear promising.
The work by Pivk, et al. preseris an approacd for generatingF-Logic framesfrom
web tables which canthen be usedto populate ontologies[14]. They develop not
only the methodology, but also an unusually thorough evaluation paradigm.
Zanibbi, et al. presert a languagefor represeriing table recognition strategies
which exposespreviously hidden assumptionsburied within an implementation
and o ers to shednew light on the decision making processduring table pro-
cessing[15]. Both of thesee orts relate to our own.
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Fig. 9. Screensnapshot of a tool for supporting Wang-style table mark-up.
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Fig. 10. Another example of Wang-style mark-up created using our prototype tool.



